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Abstract
With the rapid development of the Internet, the existence of fake news and its rapid spread has brought many negative effects
to the society. Consequently, the fake news detection task has become increasingly important over the past few years. Existing
methods are predominantly unimodal methods or the multimodal representation of unimodal fusion for fake news detection.
However, the large number of model parameters and the interference of noisy data increase the risk of overfitting. Thus,
we construct an information enhancement and contrast learning framework by introducing Improved Low-rank Multimodal
Fusion approach for Fake News Detection (ILMF-FND), which aims to reduce the noise interference and achieve efficient
fusion of multimodal feature vectors with fewer parameters. In detail, an encoder extracts the feature vectors of text and
images, which are subsequently refined using the Multi-gate Mixture-of-Experts. The refined features are mapped into the
same space for semanteme sharing. Then, a cross-modal fusion is performed, resulting in that an efficient and highly precision
fusion of text and image features is done with fewer parameters. Besides, we design an adaptive mechanism that can adjust
the weights of the final components according to the modal fitness before inputting them into the classifier to achieve the best
detection results in the current state. We evaluate the performance of ILMF-FND and the competitive baselines on two public
datasets, i.e., Twitter and Weibo. The results indicate that our ILMF-FND greatly minimizes the number of parameters while
outperforming the best baseline in terms of accuracy by 0.2% and 1.1% on the Weibo and Twitter datasets, respectively.

Keywords Fake news detection · Multimodal fusion · Contrastive learning

Introduction

Over the span of years, the pervasive application of social
media platforms has facilitated users to easily share their
daily experiences and thoughts through posts. However, it
also creates conditions for the spread of fake news [1–3].
As a result, the fake news detection leads to a wide public
concern of many researchers. So far, most of the research
about fake news detection has paid too much attention to
unimodal text, ranging from manual detection methods [4,
5],machine learningmethods [6–8] to deep learningmethods
[9–11], which receives an over-focus on the extraction of
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semantic features from text for detecting fakenews.However,
most news in social media contains multimodal information,
and the interweaving of the information reduces the accuracy
of unimodal detection methods [12]. Therefore, there is an
urgent need for a technique that can simultaneously take into
account the information of different modalities to improve
the current situation of limited unimodal detection.

The concept about cross-modal fusion emerges as a
promising approach to address these issues by integrating the
information features from multimodal to enhance the detec-
tion performance [13]. As shown in Fig. 1a, b, juxtaposing
textual content with accompanying images can reveal the
different signal of potential fake news. This emphasizes the
importance ofmodal collaboration in enhancing the detection
accuracy. However, indiscriminate cross-modal fusion may
introduce noise and compromise detection precision [11, 13].
This requires us to achieve a refined cross-modal fusion but
does not imply an over-reliance on it. Meanwhile, a key com-
mon limitation of existing methods is that they completely
rely on the multimodal features while ignoring their intrin-
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Fig. 1 Examples of multimodal
news analysis. a The image does
not add substantial information
while the text content
mismatches with image. b The
text and image both reflect
sadness. c The text goes against
common sense so it is obviously
fake. d The doctored image
suggests that it is probably fake
news

sic connection with the unimodal features, which leads to an
increase in algorithm complexity and unsatisfactory detec-
tion results. For example, the text in Fig. 1c or the image in
Fig. 1d alone can indicate that they are fakenewsbecause they
go against the common sense. In addition, many approaches
usually involve a large number of parameters in cross-modal
fusion, which leads to high algorithmic complexity and inef-
ficient detection. For this purpose, a Low-rank Multimodal
Fusion is proposed [14], which adopts tensor decomposi-
tion to reduce the number of parameters to some extent.
Nevertheless, this approach is not effective in reducing the
large number of parameters in cross-modal fusion, and also
exposes the model to the risk of overfitting. To address these
defects, we propose an integrated approach that brings uni-
modal and multimodal features together for multimodal fake
news detection. Meanwhile, we also introduce the modal fit-
ness which is used to measure the modal correlations. This
requires not only a careful consideration of modal fitness, but
also an adaptive combination of unimodal and multimodal
features to optimize the fake news classification based on the
modal fitness.

In this paper, we first give a definition of modal fit-
ness (MF) from the perspective of information theory and
use the distribution of unimodal features to make modal

fitness quantifiable. Then, we propose an Improved Low-
rank Multimodal Fusion approach for Fake News Detection
(ILMF-FND), which is composed of three modules. 1) An
Information Extraction Alignment Module, which extracts
the features of text and images in multimodal news to form
the feature vectors by specific modal feature extractors.
Then, theMulti-gate Mixture-of-Experts (MMoE) is utilized
to achieve information enhancement and refinement of the
feature vectors of each modal. It also maps the heteroge-
neous unimodal features into the shared semantic space. 2)
A Cross-modal Fusion Module, which performs the cross-
modal feature fusion by the Improved Low-rankMultimodal
Fusion (ILMF) to obtain the correlation between modalities.
3) A Model Adaption Module, which quantifies the modal
fitness by the Kullback-Leibler(KL) divergence between the
unimodal features and realizes the redistribution of weights.
Subsequently, ILMF-FND adaptively adjusts the weight of
unimodal features according to the modal fitness. The results
of comprehensive experiments show that ILMF-FNDoutper-
forms the original baseline model in terms of accuracy on
two widely used datasets Twitter and Weibo. To sum up, our
contributions in this paper can be listed as follows:
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(1) We propose a novel concept of modal fitness, which is
mainly used to measure the difference between modali-
ties and quantify the modal fitness using the relationship
of unimodal distributions.

(2) We introduce a novel fake news detection model ILMF-
FND, which decomposes the weights into low-rank
factors by ILMF. It also realizes the effective fusion
of cross-modal features while reducing the number of
parameters, andmakes thefinal optimization of themodel
by combining with the measure of modal fitness.

(3) We conduct series of experiments on two widely used
datasets Twitter and Weibo to evaluate our model. The
consequences indicate that ILMF-FND performs better
with fewer parameters for the task of fake news detection
than the original baseline model.

We organize the rest of the paper as follows. “Related
work” section describes some important work about fake
news detection. “Preparatory concept” section describes the
preparatory knowledge required in the framework of the
detection method. “Approach” section introduces our pro-
posed multimodal fake news detection method in detail.
“Experiments” section describes the experimental procedure
and discusses the results from different perspectives. Finally,
“Conclusion” section is the conclusion of our work.

Related work

We discuss the related work from two perspectives, i.e.,
initial unimodal approaches (“Unimodal approach” section)
and presentmultimodal approaches (“Multimodal approach”
section).

Unimodal approach

A large number of works so far have paid much attention
to unimodal. This situation is inextricably associated with
the fact that early social media tended to be presented to the
public in a single form [15]. Specifically, unimodal feature
information is used to achieve fake news detection: analyze
research using textual content [16, 17] or identify fake news
by parsing images [18]. Most of the previous methods start
from the shallow syntactic analysis of the text, such as the
encoding method based on word class labels [19]. In detail,
inspired by Generative Adversarial Networks (GANs), Ma
et al. [20] propose a GAN-style approach that aims to make
classifiers learn stronge rumor representations by generators
creating the rumors in the training set.

This is actually a passive learningmodel that utilizesmore
challenging fake news tomake the classifier focus on learning
the low-frequency yet discriminative patterns.

However, various natural language processing tasks are
gradually replaced by large-scale pre-trained models with
the appearance of transformer models.

For instance, Sun andChen [21] combine lite bidirectional
encoder representations from transformers (ALBERT) and
long short-term memory (LSTM) to dig into the deeper fea-
tures of the text.

Moreover, Mayank et al. [22] obtain entity and rela-
tional features by performing named entity recognition on
news headlines and encode them in combination with tensor
decomposition models.

However, these methods ignore the cross-modal features,
which may pull down the overall performance of multimodal
news. Only considering unimodal can lead to inadequate
utilization of information and limited accuracy [23]. Fur-
thermore, it is challenging to acquire a model that exhibits
a strong generalization capabilities because of the limited
dataset size.

Multimodal approach

In addition to the above unimodal approach, scholars have
also proposed many multimodal fake news detection meth-
ods to improve accuracy in recent years [11, 24–26]. They
attempt to take advantage of the information mentioned in
news more effectively through a multimodal approach [24].
Earlier work simply fuse modalities [18] and jointly consider
text and images to accomplish the task of fake news detection
[27]. To further explore the advantages of multimodal meth-
ods, Jin et al. [28] investigate and illustrate the application of
multimodal machine learning in fake news detection, point-
ing out possible future research directions. Based on this,
Zhang et al. [27] propose a novel Multimodal Knowledge-
aware Event Memory Network (MKEMN) approach to
improve rumor detection by using external knowledge to
supplement the semantic representation of news text. Mean-
while, some of scholars argue that characteristics of different
topics or events and information within certain specific
domains should also be taken into account [29, 30].

However, numerous studies have focused on the refine-
ment of modal features [25] and the innovation of cross-
modal fusion methods [24, 26] in recent years. In particular,
Chen et al. [24] propose an ambiguity-awaremultimodal fake
news detection method CAFE, which well captures the cor-
relation between modalities and solve the misclassification
problem caused by the inconsistency of different modali-
ties. Inspired by Chen [24], Wang et al. [26] then introduce a
cross-modal contrastive learning framework, which achieves
an accurate text-image alignment using an attention mecha-
nism with an attention-guided module. Besides, they give an
explainability for cross-modal correlation. All in all, these
ideas and models enable a certain degree of improvement in
accuracy [31]. Nevertheless, Qi et al. [25] feel that refining
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the feature vectors before cross-modal fusion would lead to
better fusion and higher accuracy. They then use the refined
feature representations to roughly predict the reality of the
news and reweigh the representation of each modal by the
prediction score to achieve better prediction.

Previous studies in the realm of multimodal fake news
detection achieve significant advancements, yet the integra-
tion of refined unimodal featureswith consistent cross-modal
representations remains a formidable challenge. Further-
more, a large number of parameters are involved in these
researches, which may lead to poor utilization of informa-
tion and thus reduce the model efficiency. On the contrary,
our work well integrates unimodal features with cross-modal
features and achieves a reduction in the number of param-
eters while improving detection efficiency, which decreases
the complexity of our algorithm to some extent.

Preparatory concept

In this section, in order to facilitate the subsequent descrip-
tion, we elaborate on the key issue that needs to be used in
our paper, i.e., cross-modal correlations. Given a dataset D,
which is composed of multimodal information and can be
represented asD = {X ,Y}, where X is the set of modalities
in posts andY is the set of labels inX . For example, a sample
A will be denoted as {x, y} = {{

xi
}
n, y

} ∈ D ,where xi is
the i-th modality inA. The modality can be text, image, etc.
in a multimodal problem, and y is the label of A.

Multimodal fake news detection is essentially a simple
binary classification task to identify whether the posts are
true or false. Specifically, it aims to map posts to the most
likely labels by learning their rich feature inputs xi , including
unimodal features, multimodal features and modal fitness.
Compared with the previous text classification problems, its
uniqueness is the modal correlation, i.e., the modal fitness. It
is a non-negligible factor affecting the classification effect.
In order to understand this problemmore deeply, we give the
definition of modal fitness and the related description in our
paper.

Definition 1 (modal fitness). For a givennews sample {x, y} ∈
D, the modal fitness εi, j between the i-th modality and the
j-th modality is defined as a distance between two unimodal
modalities, i.e., dis(i , j).

In this paper, only the modal fitness between text and
image modalities is considered, and the distance between
these two modalities is represented quantitatively by trans-
forming the fitness into a unimodal feature with the KL
divergence [24] as dis(text, image).

With respect to the examples given in the first section, the
existence of modal fitness is a key factor in the ability of
our method to adaptively adjust the relationship between the

unimodal and cross-modal fusion features. In other words,
the modal fitness is a measure that quantifies the correlation
between modalities. If the fitness between two modalities is
low, it means that the information difference between them is
large, and it is necessary to make a comprehensive judgment
through modal information fusion. On the contrary, if the
modal fitness between twomodalities is high, it is possible to
realize the accurate classification through the information of
a single modality. Therefore, the proposal and quantification
of modal fitness provide a better measure of the difference
in information between two modalities and compensates for
the lack of unimodal information.

In our work, we tackle and utilize the cross-modal corre-
lations to achieve better fake news detection results.

Briefly speaking, two general modalities are included in a
given dataset, which are text and image.

And our purpose is to compute the modal fitness between
the above two modalities to reflect the cross-modal correla-
tions.

Specifically, modal fitness can be measured by KL diver-
gence, which is a quantitative measure of the distance
between unimodal distributions.

Approach

In this section, the ILMF-FND framework proposed is com-
posed of three key components:

1) Information extraction alignment (“Information extrac-
tion alignment module” section), including a unimodal
feature information extractor and cross-modal informa-
tion alignment.

2) Cross-modal fusion (“Cross-modal fusion module” sec-
tion), which is obtained by converting the aligned vector
compression into a low-rank tensor.

3) Modal adaptation (“Model adaption module” section),
the weight allocation of unimodal features and cross-
modal fusion features is re-realized according to the
modal adaptation between text and image, so as to
improve the accuracy of subsequent classification.

Finally, to better understand our model, we show the flow of
ILMF-FND in “ILMF-FND algorithm” section by an algo-
rithm. We detail the framework of ILMF-FND in Fig. 2.

Information extraction alignment module

Drawing on previous ideas, we transform the data into vector
representations, i.e., the text and image information in each
posts is transformed into its corresponding feature vector by
the means of a specific modal encoder [32] to improve the
machine’s readability andmanipulability of the data. Consid-

123



Complex & Intelligent Systems (2025) 11 :303 Page 5 of 15 303

Fig. 2 Architecture diagram of the proposed ILMF-FNDmethod. Uni-
modal features are first extracted from the multimodal news. Next,
Multi-gate Mixture-of-Expert network refines these features, which are
then fused in the cross-modal fusion module. The model adaption mod-
ule can adaptively realize the allocation of weights to each modality
according to the modal fitness, where each unimodal weight is εi and

εt respectively. The multimodal weight is εh . When the modal fitness
is high, the unimodal weights will adaptively become larger, making it
better to reflect the role of unimodal features in fake news detection and
thus improve detection efficiency. On the contrary, cross-modal fusion
features take the dominant role. Finally, the⊕ and⊗ symbols represent
the addition and multiplication operation, respectively

ering the advanced capabilities of BERT [33] and ResNet-34
[34] in understanding both text and image features, they are
adopted as the primary tools for feature extraction in this
module.

For encoding the text, given a text xT , which is a collection
of words. It is fed into a pre-trained BERTmodel [33], which
is then passed through a fully connected layer to obtain the
corresponding text embeddingvector eT ∈R

d1 . For the image
encoder, given an image x I , we apply ResNet-34 [34] to
extract the meaningful parts of the image and characterize
them. The results obtained from the characterization are also
sent through a fully connected layer to capture the image
embedding vector eI ∈ R

d2 .
After extracting the modal features in the first step, the

embedding vectors eT and eI of text and image may have a
large semantic gap. So it is necessary to map the respective
unimodal embedding vectors into the shared semantic space
to facilitate the subsequent cross-modal feature fusion. We
thus introduce an auxiliary task about correlation learning
to better realize the cross-modal alignment work. In other
words, we use a simple encoder to build different visual
and linguistic semantic levels to form a cross-modal contrast
learning framework.

This auxiliary correlation learning task is just a simple
binary classification task, i.e., given the features of text and

images of a particular news report to predict whether the
text and image pair is positively correlated (Real) or nega-
tively correlated (Fake). First, we construct a new dataset
D1 = [Dpos,Dneg

]
based on the original dataset D =

[Dtrain,Dtest ], where Dpos represents the positive set and
Dneg represents the negative set while Dtr ian represents the
training set and Dtest represents the test set. If the text and
image embeddings are from the same real news, then they
belong to Dpos and are labeled y1 = 1. Conversely, apart
from the situation above, they are classified as Dneg and
labeled y1 = 0.

To enhance the alignment of multimodal features, we
develop a contrastive learning model. The model consists
of Multi-gate Mixture-of-Experts (MMoE) [35], modality-
specific Multi-Layer Perceptron and modality sharing layer.
Initially, we useMMoE to extract meaningful text and image
feature parts. We then feed the resulting meaningful features
into two parallel Multi-Layer Perceptrons (MLPs) to obtain
the modality features. Subsequently, the resulting shared
semantic embeddings are input to the average pooling layer
and processed through a binary classifier constructed with a
fully connected layer.

We introduce the cosine loss with margin m to train the
positive and negative pairwise sets, the mathematical repre-
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Fig. 3 Refined figure of the cross-modal fusion module, which is a
continuous link graph, only one of them is shown here. The inputs are
feature vectors of text and images after sharing semantics, and σ rep-
resents the sigmoid function. Only the eTs is shown here as an example

sentation of which is shown below:

L1 =
{
1 − cos(eTs , eIs ), i f y1 = 1

max(0, cos(eTs , eIs ) − m), i f y1 = 0
, (1)

where cos (·) is the cosine similarity after normalization,
and m is the margin value, which is set to 0.2 based on
the experience of previous studies [26]. The purpose of this
section is to make positive text-image pairs close to each
other and negative text-image pairs far away from each other.
Meanwhile, semantic regularization can automatically map
heterogeneous multimodal embeddings into a shared seman-
tic space by back-propagated gradients.

Finally the obtained unimodal representations eTs , e
I
s of

the semantically aligned text and image are used as inputs
to Cross-modal Fusion Module for feature fusion andModal
Adaption Module for computing the modal fitness.

Cross-modal fusionmodule

In order to facilitate an effective modality-specific fusion, we
utilize LSTM [36] and ILMF [14] to implement the feature
fusion. Inspired by Liu et al. [37] in the field of sentiment
analysis, a low-rank tensor is used to realize multimodal fea-
ture fusion in this paper while discarding the triple Cartesian
product previously embedded from a specific modality [38].

In detail, to avoid the long dependency problem, we first
use LSTM to compress the time series information of each
modality and extract the hidden state context vectors for
modality-specific fusion. Figure 3 gives a refinement of the
cross-modal fusion process and finally gets the cross-modal
fusion features h.

First, the sigmoid layer of the forget gate decides what
information we want to discard from the input features. It
outputs a number value between 0 and 1 for the previous cell
state Ct−1 according to ht−1 (previous link output) and et
(current input), with 1 retaining the information in its entirety
and 0 deleting it completely.

We then calculate it and C̃t by the activation functions
sigmoid and tanh, respectively, where the sigmoid func-
tion determines the output information and the tanh function
processes the state of the memory cell to prepare the output.

Next, wemultiply the previous state value by ft to express
the part expected to be forgotten, after that we add it ∗ C̃t to
get the new cell stateCt . Finally, we then use a sigmoid layer
to determine the final input vector and normalize it between
–1 and 1 to get the output ht .

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

ft = σ
(
W1 ·

[
ht−1, e

T
s

]
+ b1

)

it = σ
(
W2 ·

[
ht−1, e

T
s

]
+ b2

)

C̃t = tanh
(
W3 ·

[
ht−1, e

T
s

]
+ b3

)

Ct = ft ∗ Ct−1 + it ∗ C̃t

ot = σ
(
W4

[
ht−1, e

T
s

]
+ b4

)

ht = ZT
e = ot ∗ tanh (Ct )

, (2)

where W1, W2, W3 and W4 are all learnable weight matrices
and b1, b2, b3 and b4 are bias vectors. Similarly, the com-
putation for the eIs in question is conducted using the same
methodology as before.

Before performing the outer product, the unimodal tensor
sequence is added by 1. This corresponds to the represen-
tation of tensor, which can capture the interaction between
unimodal and multimodal

Z =
[
ZT
e
1

]
⊗

[
Z I
e
1

]
. (3)

Finally, the compressed representation h is generated
through the batch matrix multiplications of the low-rank
modality-specific elements and the appended modality por-
trayals:

h =
(

r∑

i=1

J⊗
j=1

W (i)
j

)

· Z = J
�
j=1

[
r∑

i=1

W (i)
j · z j

]

, (4)

where W (i)
j is the low-rank factor of modal j and �

J
j=1 is

denoted as the elemental product of a series of tensors. Here,
J indicates the number of modalities, i.e., J = 2 in this
paper.

Model adaptionmodule

Based on the definition of modal fitness, we give a way of
learning modal fitness through evaluating the KL divergence
between unimodal distributions in text and imagemodal vari-
ational auto-encoders. Due to the distinct features obtained
from different unimodal samples, we utilize a variational
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encoder to capture the distribution of unimodal features. We
sample the unimodal features, including eTs and eIs , in a poten-
tial space with an isotropic Gaussian prior. The variational
posterior probability of text or image modal observation can
be expressed as follows:

q (z| j) = N (z|μ ( j) , σ ( j)) , (5)

where the mean μ and the variance σ can be obtained from
modality-specific encoder of text or image modal. More gen-
erally, given each data sample xs which contains aligned text
feature vector eTs and image feature vector eIs . And the vari-
ational posterior for both modalities is defined as follows:

⎧
⎪⎨

⎪⎩

q
(
zTe | eTs

)
= N

(
zTe | μ

(
eTs

)
, σ

(
eTs

))

q
(
z Ie | eIs

)
= N

(
z Ie | μ

(
eIs

)
, σ

(
eIs

)) . (6)

We obtain the final distribution based on all samples as
follows:

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

q
(
zT

)
= 1

N

N∑

s=1

q
(
zTs | eTs

)

q
(
z I

)
= 1

N

N∑

s=1

q
(
z Is | eIs

)
. (7)

The alignment of distributions for two modalities can be
quantified by the following two KL divergences as follows:

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

εT I
s = DKL

(
q

(
zTe ‖eTs

) ‖q (
z Ie‖eIs

))

DKL
(
q

(
zT

) ‖q (
z I

))

ε I Ts = DKL
(
q

(
z Ie‖eIs

) ‖q (
zTe ‖eTs

))

DKL
(
q

(
z I

) ‖q (
zT

))

, (8)

where DKL denotes the KL divergence between text and
image, and the fitness score εs is the symmetrized KL
divergence based on averaging over the normalized val-
ues of DKL

(
q

(
zTs ‖eTs

) ‖q (
z Is ‖eIs

))
and DKL(q

(
z Is ‖eIs

) ‖q(
zTs ‖eTs

)
).

We use the modal fitness score εt and εt as the weight to
adaptively adjust the relationship between unimodal features
and cross-modal fusion features. Thefinalmodal fitness score
for the two modalities is obtained by these KL divergence
values as follows.

⎧
⎪⎨

⎪⎩

εt = sigmoid
(
εT I
s

)

εi = sigmoid
(
ε I Ts

), (9)

where sigmoid is the activation function that aims to map
the fitness score between 0 and 1. The final representation

x̃ consists of unimodal representations and multimodal fea-
tures.

x̃ =
(
εt × eTs

)
⊕

(
εh × h

′) ⊕
(
εi × eIs

)
, (10)

where⊕ represents the concatenation operation and εt+εh+
εi = 1. Then we put x̃ into the fully-connected networks to
prediction label.

ỹ = so f tmax (MLP (̃x)) . (11)

Considering that fake news detection is a typical binary
classification task, we introduce the cross-entropy function
as a loss function for classification.

L2 = ylog (ỹ) + (1 − ỹ) log (1 − y) , (12)

where y represents the ground-truth label. We control the
effect of semantic alignment on the classification task by
setting γ ∈ (0, 1) on the loss function, and the final loss
function of ILMF-FND can be expressed as:

L = γL1 + L2. (13)

Algorithm 1 The procedure of ILMF-FND
Require: The original dataset D. The model set X ={

xi 1, xi 2, · · · , xi N
}

and the ground-truth label set Y =
{y1, y2, · · · , yN }.

Ensure: The predicted news label ỹn ∈ Ỹ of datasetD on both Twitter
and Weibo.

1: for {x, y} = {{
xi

}
n, y

}
in D do

2: Unimodal embedding: eT ←− xT .
3: Get aligned vectorseTs and eIs .
4: ZT

e = σ(W4[ht−1, eTs ] + b4) ∗
tanh(σ (

(
W1 · [

ht−1, eTs
] + b1

)
) ∗ Ct−1 +

σ
(
W2 · [

ht−1, eTs
] + b2

) ∗ tanh
(
W3 · [

ht−1, eTs
] + b3

)
). � Eq.

(2)

5: Z =
[

.ZT
e
1

]
⊗

[
Z I
e
1

]
. � Eq. (3)

6: h =
(∑r

i=1 ⊗2
j=1 W

(i)
j

)
· Z . � Eq. (4)

7: Generate assigned weights: εt , εi , εh ←− KL divergence.
8: x̃n = (

εt × eTs
) ⊕ (εh × h) ⊕ (

εi × eIs
)
. � Eq. (10)

9: for n in [1, N ] do
10: ỹn = so f tmax (MLP (̃xn)) . � Eq. (11)
11: end for
12: Ỹ = {ỹ1, ỹ2, · · · , ỹN } .

13: return Ỹ .
14: end for

ILMF-FND algorithm

We clearly list the important steps of ILMF-FND in Algo-
rithm 1. Given a dataset D: {x, y} = {{

xi
}
n, y

}
N
, where N
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Table 1 Statistics of the datasets used in our experiments

Statistics Twitter Weibo

# fake news on the training set 5007 3749

# real news on the training set 6840 3783

# news on the test set 1406 1996

is sample size. We first obtain the unimodal embedding eT

and eI via BERT and ResNet-34 in top two step. Then we get
the aligned vectors eTs and eIs in step 3. Next, both vectors
are fed into Cross-modal Fusion Module to obtain the final
compressed representation h, as shown in steps 4–6. Note
that, the steps above take the text modal as an example, and
similar steps are performed on the image modal. After that,
we quantify modal fitness via KL divergence and adaptively
obtain final assigned weights in step 7. Therefore, the n-th
representation x̃n is composed of unimodal and multimodal
embedding. Specifically, we multiply the unimodal and mul-
timodal embedding with their weights respectively, and then
perform a concatenation operation. Then, we input the n-th
representation x̃n into the fully-connected networks to pre-
dict the n-th label ỹn . Finally, we repeat these steps above to
get all of their labels and return the prediction label set Ỹ .

Experiments

In this section, we present the experimental configurations in
“Experimental configurations” sectionfirst. Then,we discuss
the overall performance in “Results and analysis” section.
Next, the ablation studies are done in “Ablation studies”
section, including the effectiveness of each component and
quantitative analysis. Besides, we perform the convergence
analysis to verify the overfitting risk of ourmodel in “Conver-
gence analysis” section and conduct model parameter trials
in “Model parameter trials” section. Finally, we organize effi-
ciency analysis experiments and case studies in “Efficiency
analysis” and “Case studies” sections.

Experimental configurations

Datasets

There are two widely used datasets from social media, as
shown in Table 1.

1) The Twitter Dataset.1 Twitter was released for Medi-
aEval Verifying Multimedia Use task [39]. Due to the fact
that only text and image are considered in this paper, we filter
posts which include videos based on existing works. In our

1 https://www.dropbox.com/s/7ewzdrbelpmrnxu/rumdetect2017.zip?
dl=0.

experiments, wemaintain the same data split scheme accord-
ing to the benchmark [39], i.e., there are 6840 real news and
5007 fake news in training set, and the test set totally contains
1406 posts.

2) The Weibo Dataset.2 Weibo was published by [28]. In
our experiments, the same data split scheme [28] is main-
tained as in previous work, i.e., there are 3749 fake news and
3783 real news in training set, and the test set totally contains
1996 posts.

Both datasets we discuss above have been data pre-
processed so that each text has at least a corresponding image.
Besides, as previous researches do [24, 40], we delete those
news which have just text or images because our model is
focused on multimodal news.

Baselines

The baselines listed here include both unimodal and multi-
modal methods. where the top two are unimodal methods,
and the ones after these are both multimodal methods.

• CAR [15]: A plain text detectionmethod that synthesizes
RNN and attention mechanisms.

• VS [18]: A detection method combining image content
and statistical features.

• RA [28]: A detection approach for fake news consists of
LSTM network and attention mechanism.

• EANN [41]: EANN utilizes a multimodal feature extrac-
tor and a fake posts detector to support fake news
detection.

• MVAE [42]: MVAE uses variational auto-encoders to
model images and text and achieve classification.

• MKEMN [27]:MKEMNfuses text, images and retrieved
knowledge embeddings through convolutional opera-
tions.

• MCAN [40]: MCAN stacks multiple layers of common
concern to fuse multimodal features.

• CAFE [24]: CAFE can adaptively aggregate unimodal
and multimodal features with the help of cross-modal
ambiguity.

• CSFND [31]: CSFND introduces contextual information
into the representation learning to aid in fake news detec-
tion.

• COOLANT [26]: COOLANT first adds auxiliary tasks
for the purpose of softening the negative sample loss in
contrast learning.

2 https://drive.google.com/file/d/14VQ7EWPiFeGzxp3XC2DeEHi-
BEisDINn/view?usp=sharing.
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Research questions

In order to further analyze the performance of our proposed
model ILMF-FND, we pay attention to each of the following
research question.

• RQ1Does our proposed model ILMF-FND significantly
improve the performance for the task of fake news detec-
tion compared to baselines on both Twitter and Weibo
datasets?

• RQ2 which module of our model plays an vital role in
overall performance?

• RQ3 Can the contribution of each module to the ILMF-
FND be made more visible through visualization?

• RQ4Does ILMF-FND face the risk of overfitting during
operation?

• RQ5 How is the relationship between the number of
parameters and the performance of ILMF-FND com-
pared to baselines?

• RQ6Does ourmodel outperformother baselines in terms
of memory size and the runtime?

• RQ7 Can some cases be given to show how ILMF-FND
specifically identifies fake news?

Implementation details

We specify that the text encoder input should not exceed 200
words in length. We then encode the text by a pre-trained
BERT [33] model with a dimension of 256, i.e, d1 = 256.
Similarly, we convert 224× 224 images into feature vectors
by pre-trained ResNet-34 [34] and the dimension of feature
vectors is 512, i.e, d2 = 256. The obtained feature vectors are
fed into three fully connected layers which have 64 hidden
units in each layer to realize the MLP for each modality. In
the cross-modal fusion module, the ILMF [14] mechanism
is introduced. And the modal-aligned feature vectors are first
fed into the LSTM [36] to compress the time series infor-
mation and extract the hidden states, whereas the low-rank
tensor is used to realize the cross-modal fusion. The weights
are redistributed according to the modal fitness to complete
the fake news classification finally.

In all experiments in this paper, the parameter marginm is
0.2 in Eq. (1), the hyperparameter γ is set to 0.6 in Eq. (13),
and the initial learning rate is set to 10−4. Besides, the same
data split scheme is maintained for all method comparisons,
following the principle of the control variable method. Only
the corresponding module is deleted and retrained to obtain
the comparison results when performing ablation experi-
ments. The ReLU mentioned in the paper defaults to the
activation function if not specified and the epoch is always
100. In addition, we generally use Accuracy (Acc), Precision
(P), Recall (R) and F1 as evaluation indicators.

Results and analysis

In Tables 2 and 3, we compare ILMF-FND (ours) with other
methods on Twitter and Weibo. The outcomes indicate that
ILMF-FND outperforms almost all other methods in terms
of Acc and F1. Specifically, ILMF-FND achieves the highest
accuracy of 90.2 and 93.4% on the two widely used datasets
respectively. Besides, its Precision, Recall, and F1-score also
exceed most of the compared methods. However, one flaw
we can see on the Twitter dataset is that the P-indicator is
significantly lower than that of the optimal baseline.

This is mainly due to that our proposed method mainly
utilizes the contrastive learning and adaptive processing of
the relations between unimodal and multimodal features for
fake news detection, which makes us to pay more attention
to “Rumor” relative to “Non Rumor”.

Since most news in twitter is related to some specific
events, it leads to difficulty to identify the real news.

In this case, we focus our breakthroughs on the detection
of fake news, that iswhy there is a gapbetween the p-indicator
in “Rumor” and “Non Rumor” and an increase in the overall
accuracy.

Both Tables 2 and 3 shows that unimodal detection meth-
ods achieve good accuracy additionally.Multimodalmethods
fuse modalities, compress time series features and capture
hidden information to achieve even better accuracy. How-
ever, it is important to note that unimodal methods still play
a significant role in multimodal conditions.

In addition, since many posts on Twitter are only related
to a specific event and there is not much correlation between
them, it is easy for overfitting to occur. In contrast, our
model performs better on both datasets. Aligning the modal
feature vectors to closely link the two modalities can signifi-
cantly improve the recognition of a single event and enhance
detection performance. The subsequent cross-modal fusion
further improves the fusion fitness of the feature vectors,
while simultaneously reducing parameters. This approach
combines themodal fitness quantitativemeasure of the differ-
ence between unimodalwith adaptive assignment ofweights,
resulting in a more efficient model.

Ablation studies

To validate the components of the ILMF-FND model, we
develop two distinct groups of experiments.

Effectiveness of each component

Weaim to evaluate the influence of each component of ILMF-
FND on fake news detection in the initial experiment. The
control variable method is used to sequentially input the
variants formed by deleting a certain part of the proposed
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Table 2 Performance
comparison between
ILMF-FND and other methods
on Twitter dataset

Method Acc Rumor Non rumor

P R F1 P R F1

CAR 0.637 0.574 0.690 0.682 0.724 0.602 0.617

VS 0.617 0.635 0.644 0.639 0.639 0.630 0.634

RA 0.664 0.749 0.615 0.676 0.589 0.728 0.651

EANN 0.648 0.810 0.498 0.617 0.584 0.759 0.660

MVAE 0.745 0.801 0.719 0.758 0.689 0.777 0.730

MKEMN 0.715 0.814 0.756 0.708 0.634 0.774 0.660

MCAN 0.809 0.889 0.765 0.822 0.732 0.871 0.795

CAFE 0.806 0.807 0.799 0.803 0.805 0.813 0.809

CSFND 0.833 0.899 0.799 0.846 0.763 0.878 0.817

COOLANT 0.900 0.879 0.922 0.900 0.923 0.880 0.901

ILMF-FND 0.902 0.950 0.852 0.898 0.861 0.954 0.905

We underline the optimal baseline and bold the optimal result

Table 3 Performance
comparison between
ILMF-FND and other methods
on Weibo dataset

Method Acc Rumor Non rumor

P R F1 P R F1

CAR 0.745 0.705 0.765 0.750 0.756 0.725 0.740

VS 0.726 0.732 0.712 0.722 0.720 0.740 0.730

RA 0.772 0.854 0.656 0.742 0.720 0.889 0.795

EANN 0.795 0.806 0.795 0.800 0.752 0.793 0.804

MVAE 0.824 0.854 0.769 0.809 0.802 0.875 0.837

MKEMN 0.814 0.823 0.799 0.812 0.723 0.819 0.798

MCAN 0.899 0.913 0.889 0.901 0.884 0.909 0.897

CAFE 0.840 0.855 0.830 0.842 0.825 0.851 0.837

CSFND 0.895 0.899 0.895 0.897 0.892 0.896 0.894

COOLANT 0.923 0.927 0.923 0.925 0.919 0.922 0.920

ILMF-FND 0.934 0.944 0.934 0.929 0.942 0.924 0.933

We underline the optimal baseline and bold the optimal result

ILMF-FND model into the same training and test sets, and
compare the final results.

Specifically, the various types of variants are listed below:
1) ILMF-FND w/o IFA, which removes the modal infor-

mation feature alignment module and directly utilizes the
unimodal feature vectors as subsequent inputs.2) ILMF-FND
w/oCMF, which removes the cross-modal fusionmodule and
uses a simple sum of the text and image feature vectors as
a substitute. And 3) ILMF-FND w/o MAM, which removes
the modal adaption module, does not use an adaptive adjust-
ment of the weighting methods that simply assumes that
multimodal features are equally important as each unimodal
feature.

Table 4 illustrates the results of the ablation studies.
Overall, the variants with a particular module removed all
performed lower than the original ILMF-FND, which illus-
trates the validity of each component in the model. In
particular, we find and summarise the following points:

Table 4 Ablation studys and efficacy analysis are conducted on mod-
ules in ILMF-FND on two datasets

Method Acc F1

Rumor Non rumor

Twitter ILMF-FND 0.902 0.898 0.905

-w/o IFA 0.885 0.874 0.894

-w/o CMF 0.890 0.882 0.897

-w/o MAM 0.888 0.876 0.885

Weibo ILMF-FND 0.934 0.929 0.933

-w/o IFA 0.921 0.920 0.922

-w/o CMF 0.928 0.927 0.930

-w/o MAM 0.928 0.927 0.929

We bold the optimal result

• The poor performance of ILMF-FNDw/o IFA compared
to the other variants on both datasets suggests that it is
particularly important to use the eigenvectors obtained
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Fig. 4 T-SNE visualization of
features learned by ILMF-FND
and three variants on the Weibo
test dataset. Dots of the same
color belong to the same label

by aligning the information features of each modality as
inputs to subsequentmodules. Information alignment can
map the feature vectors of each modality into a shared
semantic space, refining the features and reducing the
interference of noise on later cross-modal fusion.

• ILMF-FND w/o CMF and ILMF-FND w/o MAM have
a more significant impact on performance in the Twitter
dataset compared to the Weibo dataset. The data pro-
cessing produces different noises due to the fact that they
come from different social platforms, which interferes
with the performance of model. Additionally, Twitter
has a word limit for texts, resulting in a fragmented
dataset that mostly focuses on a specific event and topic.
Our experiments confirm the importance of cross-modal
fusion and modal adaption in processing posts related to
a single event.

Quantitative analysis

To make the experimental results clearer and more observ-
able, we analyze them further after visualizing them with
T-SNE [43]. Taking theWeibo dataset as an example, ILMF-
FND can extract these features and its variants with visual
representation, as shown in Fig. 4.

Figure 4 suggests that the boundaries of the different
coloured points are more distinct in Fig. 4a compared to the

remaining three variations, which means that our model can
extract sharper featureswith greater accuracy. Figure 4b lacks
the information alignment module and does not map the fea-
ture vectors of text and image into a same semantic space,
which results in the inability to effectively learn multimodal
features in depth. In detail, the sense of secession of dots with
the same label ismore obvious so that the effect of the present
model is more reduced in comparison to the original model.
The borders of the red and blue dots in Fig. 4c, d seem to be
ambiguous, which also show that the efficient and accurate
multimodal method can obviously enhance the representa-
tion of the fusion features. Thus, we find that the adaptive
weight assignment scheme further improves the model per-
formance. Overall, through the intuitive visualization results
we can conclude that each part of the model is contributory
and irreplaceable.

Convergence analysis

Convergence is crucial for a model, which determines
whether it will suffer from gradient vanishing, gradient
exploding or overfitting. To explore and analyze whether the
ILMF-FND model faces overfitting during training, we gen-
erate average loss curves of the ILMF-FND across Twitter
and Weibo datasets, as shown in Fig. 5.
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Fig. 5 Average loss curves for Twitter and Weibo datasets. Only the
loss values of the top 80 epochs are shown here because the difference
in the loss value of the subsequent epochs is negligible

It is suggested that both the Twitter and Weibo loss val-
ues decline at the outset progressively and gradually stabilize
later in the experiments. Specifically, our model actually sta-
bilizes after the top 80 epochs although we set the epoch as
100, which means that our model reaches a certain equilib-
rium. We introduce a contrastive learning task and adopt an
early stop policy to prevent the problem of overfitting. In
detail, for reducing the impact on the test object, the con-
trastive learning task is capable of extracting event-invariant
features. Therefore, our model makes a certain improvement
in the effectiveness of fake news detection for new posts.

Additionally, we minimize the number of parameters to
help control the complexity of our model via themodal adap-
tion module. Finally, we divide the loss function into two
parts and design an adaptive mechanism. This mechanism
not only optimizes our model but also manages the issue of
overfitting, which allows our model to converge relatively
rapidly.

Model parameter trials

A model takes less time to run and requires less memory for
the same amount of time when there are fewer parameters.
However, we must ensure the quality of the model before
reducing the number of parameters. To verify the impact of
parameter size onmodel performance in ILMF-FND,we still
use Twitter and Weibo to compare ILMF-FND with three
other recent baselines. Figure 6 exhibits our experimental
results. We reflect the relationship between model perfor-
mance and the number of parametersmore clearly by keeping
the evaluation indicator values and the number of parameters
on the same graph.

We find that ILMF-FND uses fewer parameters to achieve
optimal performance on both Twitter and Weibo in Fig. 6.
COOLANT performs similarly to ILMF-FND on the Twitter

dataset while its number of parameters increases geometri-
cally on the Weibo dataset to achieve better performance.
Its performance seems instable. Similarly, CAFE has fewer
parameters but poorer performance. CSFNDhas average per-
formance but a large number of parameters. It can be seen that
ILMF-FND is able to improve detection results while signif-
icantly reducing the number of parameters, which effectively
saves costs.

Efficiency analysis

Simultaneously, we also compare ILMF-FNDwith the base-
lines in terms of thememory size and the runtime, as shown in
Table 5. It can be seen that both the time cost and thememory
cost, ourmodel outperforms the baselines on bothTwitter and
Weibo.Only from the data,CAFEseems to have less time and
memory, but its performance is somewhat lower than ours.
By comparing the results with those of “Model parameter
trials” section, we can see that the results of the efficiency
analysis are generally consistent with the results of themodel
parameter trials. This is due to the introduction of ILMF in
cross-modal fusion, which can effectively reduce the number
of parameters and improve the fusion efficiency. Specifically,
the decrease in the number of parameters directly leads to a
reduction in the memory and time of our model. Overall,
our proposed model ILMF-FND performs better than other
models in three aspects: the performance, the memory size
and the runtime.

Case studies

We compare our model with others in the test set of Twit-
ter and Weibo to validate the capability of the approach
employed in fake news detection. As shown in the Fig. 7,
there are three fake cases that can be captured by ILMF-
FND but are not fully and accurately recognized by existing
methods.

To show the detection performance of our model clearly,
we list the recognition results of ILMF-FND and baselines
in the Table 6. These cases are correctly identified mainly
due to the adaptive weight assignment and the processing of
unimodal and cross-modal feature relationships in ourmodel.
For Fig. 7a, we can hardly determine whether it is a fake case
just from the textual contents. Similarly, the image in Fig. 7b
shows no signs of forgery while the text seems unbelievable.
However, our model can find the attached image in Fig. 7a is
a forged picture because of the higher weight assigned to the
imagemodal and also can identify the textual contents in Fig.
7b as a fake case via the higher weight of the text modal. In
contrast, if our model considers only multimodal fusion fea-
tures and ignores unimodal features, then the both two cases
are likely to be considered true.We consider that such advan-
tages are due to the adaptive weight assignment mechanism,
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Fig. 6 Results of multimodal detection methods on Twitter and Weibo datasets, where bar graphs indicate accuracy, rumor F1 and non rumor F1
respectively; line graphs indicate the number of parameters

Table 5 Efficiency comparison
between ILMF-FND and the
baselines

Dataset Metric CAFE CSFND COOLANT ILMF-FND

Twitter Time (s/epoch) 9.70 13.25 23.45 13.00

Memory (GB) 1.74 6.67 7.04 1.59

Weibo Time (s/epoch) 16.14 18.04 17.19 15.15

Memory (GB) 1.49 5.60 1.70 1.53

Fig. 7 Three fake cases correctly detected by ILMF-FND. The fake types can be summarised from left to right as Tampered Image, Fake Text and
False Connection

which can optimize the model by dynamically adjusting the
weights of themultimodal and unimodal features. Unlike our
model, the CAFE and the COOLANT focus on cross-modal
features so that they are difficult to detect anomalies in uni-
modal.

In addition, it is hard to judge Fig. 7c whether it is
a fake case just from its text and image. But our model
assumes that it is fake because there is no authenticity asso-
ciation built between text and image. Therefore, the adaptive
weight assignment mechanism assigns higher weights to
cross-modal features than to unimodal features. The judge-
ment made by our model is reasonable. We can notice that
the image describes a happy emotion that has nothing to do
with the war atmosphere rendered by the text, which is a false
case due to false connection. For the CSFND, we believe that

Table 6 A comparison of the recognition results between ILMF-FND
and other baselines for these fake cases in Fig. 7, where ✓ stands for
the method can recognize the case and ✗ means that it cannot

Methods Figure 7a Figure 7b Figure 7c

CAFE ✗ ✗ ✓

CSFND ✓ ✓ ✗

COOLANT ✗ ✗ ✓

ILMF-FND(ours) ✓ ✓ ✓

its inability to recognize this case is due to an excessive focus
on unimodal content at the expense of inter-modal connec-
tions. To summarize, our model ILMF-FND is effective in
identifying different categories of multimodal fake news.
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Conclusion

In this paper, we propose a novel cross-modal fusion method
ILMF-FND based on information enhancement for multi-
modal fake news detection. Unlike previous methods, we do
information enhancement for text and images before seman-
tic alignment to extract hidden information and complete
denoising. We also achieve the best performance by improv-
ing the LMF while minimizing the number of parameters.
Finally, an adaptive mechanism is designed to optimize the
model by dynamically adjusting the weights of the multi-
modal and unimodal features according to the current modal
fitness. ILMF-FND demonstrates superior performance over
existingmodels in terms of both accuracy and parameter size,
as evidenced by results from the Twitter and Weibo datasets.
Besides, the source code of our paper can be found in https://
github.com/asufdahu/ILMF-FND.

For subsequent endeavors, to begin with, we intend to add
a knowledge graph into our model, as the knowledge graph
[44] that includes more real-world knowledge can make test
results more in line with reality. In addition, we would like to
optimize the acquisition of unimodal embedding from news
to further improve the quality of fake news detection. Alter-
natively, we aim to examine our proposal on other datasets
where the labels are available.
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