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Abstract

Information spreads quickly through social media platforms,
especially fake news with negative or even malicious inten-
tions. In recent years, psychological studies have found that
explicit reminders of fake news would diminish its conse-
quence. Therefore, it is crucial to identify their authenticity
at an early stage to avoid serious consequences. However, ex-
isting methods for fake news detection either utilize auxiliary
information including users’ profiles and related events prop-
agation networks or require sufficient and high-quality train-
ing data, which is not suitable for early fake news detection
in real. An increasing number of social media news not only
involves natural language content but also visual content such
as images and videos, which give us a new view of fake news
detection at an early stage by multi-modal data. In this pa-
per, we propose a Multi-modal Prompt Learning framework
(MPL) based on the multi-modal pre-trained model CLIP for
early detection of fake news. A learnable prompt module is
developed to adaptively and efficiently generate prompt rep-
resentations to boost the semantic context. MPL can be im-
plemented in supervised or few-shot settings. Extensive ex-
periments show that the proposed MPL obtains substantial
performance and efficiency improvement for the early-stage
fake news detection task. The results demonstrate that MPL
performs considerably well compared to both the state-of-
the-art supervised multi-modal models and the latest prompt-
based few-shot multi-modal models. Especially, the high re-
call of fake news and the high precision of real news that MPL
achieved compared to other baselines verify that it will better
approach one of the motivations that providing early notifica-
tion of “maybe real” or “maybe fake” with the release of the
news.

Introduction
Social media information is multi-modal data consisting of
short texts and visual data, which has become a popular
way for people to receive and publish news. Moreover, due
to the vivid visual perception, multi-modal information can
provide an opportunity close to an immersive experience,
which attracts readers to browse the news on social media
platforms. In these pieces of information, fake news with
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(a) A fake example (b) A real example

Figure 1: Multi-modal social message examples from Twit-
ter dataset.

negative or malicious purposes spreads rapidly using this
dramatic visual context, which may cause serious conse-
quences, especially in political situations and social disor-
der. For example, games between fake and real news dur-
ing the recent US presidential election, the disinformation
abound in the Russia-Ukraine conflict, and the intense de-
bate and fear about wearing masks and vaccination caused
by fake statements during the COVID-19 pandemic. There-
fore, more and more research attention has been drawn to
this task. There are many existing works proposing non-
trivial solutions that consider various features, including ad-
vanced textual representation(Cheng, Nazarian, and Bog-
dan 2020), multi-modal information(Khattar et al. 2019),
external knowledge(Hu et al. 2021), social structural con-
text(Lu and Li 2020), and domain-specific features(Silva
et al. 2021). They mostly require high-quality labelled data
to train well-designed detection models, which means that
computational and time consumption cannot be ignored.

Figure 1 shows some multi-modal information collected
on the real social media platform Twitter, which is related
to our health and daily life. To readers who browse a large
amount of news on these online platforms, it is difficult to
distinguish whether a piece of news is real or fake through
the brief textual content illustrated with a couple of pho-
tographs providing auxiliary context. However, the primary
task of early detection of fake news is warning in time. Re-
cent psychological studies have confirmed a situation where
alerting people to misinformation helps correct their mem-
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ory and beliefs about fake news, reducing its negative impact
in subsequent dissemination(Kemp, Loaiza, and Wahlheim
2022; Wahlheim, Alexander, and Peske 2020; Ecker, Hogan,
and Lewandowsky 2017). For example, if there is a warning
label of “maybe fake” displayed when people first receive
the news in Figure 1a, public panic and concern will be re-
duced. If there is a warning label of “maybe real” displayed
when people receive the news in Figure 1b, people affected
by flooding may get actual help.

Therefore, to detect potential fake news as early as possi-
ble, inspired by the idea of integrating multi-modal relevant
features, we propose a general framework for early detec-
tion of fake news in a multi-modal setting, typically with
visual and textual features. As we emphasize, our goal is
to alert people as soon as possible once a piece of news is
published, auxiliary information such as the profile of users,
event propagation networks and constantly changing social
trends are not suitable here, although many of them are
favoured by some latest works(Kang et al. 2021; Bian et al.
2020; He et al. 2021; Dou et al. 2021). Some multi-modal
methods have already discussed the variety of connections
between features from different modalities. Spotfake (Sing-
hal et al. 2019) and Spotfake+ (Singhal et al. 2020) ex-
tracted visual features with a VGG encoder and encoded
textual features with a text encoder, for example, BERT and
XLNET, followed by concatenating them for classification.
Other works follow a similar process but with improved im-
age and text encoders as well as complicated fusion strate-
gies (Li et al. 2022a). These methods all utilize pre-trained
models for fine-tuning training, i.e., designing training tar-
gets according to fake news detection and adjusting the pre-
trained model backbone. However, as the size of pre-trained
models increases, the requirements for hardware and data in-
crease, as well as practical costs for fine-tuning. Moreover,
these methods assume that sufficient and high-quality la-
belled training data is available, while there are a large num-
ber of incomplete, imprecise, and inaccurate data in realis-
tic scenarios, especially in early fake news detection. Fine-
tuning methods can be ineffective in this situation. There-
fore, it is necessary to explore fake news detection with only
a small amount of labelled training data, i.e., few-shot learn-
ing.

In recent years, prompt learning has become a new
paradigm for pre-trained models, exhibiting good perfor-
mance in many NLP and multi-modal tasks, especially for
few-shot training. Prompt learning only needs some tem-
plates to reconstruct the task into the same task as the pre-
training, requiring very little parameter and training time.
Inspired by this, in order to improve multi-modal fake news
detection at an early stage, here we propose a Multi-modal
Prompt Learning (MPL) framework for fake news detec-
tion based on the multi-modal pre-trained model CLIP (Rad-
ford et al. 2021). To evaluate the performance of the pro-
posed MPL framework, we use three publicly available real
datasets: Twitter(Jin et al. 2017), Politifact(Shu et al. 2020),
and GossipCop(Shu et al. 2020). The main contributions of
this article can be summarized as follows:

• We propose a Multi-modal Prompt Learning framework

(MPL) for fake news detection based on the multi-modal
pre-trained model CLIP. MPL uses a multi-modal feature
fusion module to fully integrate the semantic context of
different modalities and classifies by calculating the sim-
ilarity distance between multi-modal features and cate-
gory features.

• In order to leverage pre-trained knowledge as much as
possible to assist multi-modal fake news detection, we
design an adaptive prompt learning module generating
continuous prompt representations to automate prompt
engineering.

• Our model is evaluated on three publicly available multi-
modal fake news detection benchmarks. MPL obtains
substantial performance and efficiency improvement for
the early-stage fake news detection task in both few-shot
and supervised settings.

Related Work
Fake news detection on social media has been studied for
many years. According to previous research, we define fake
news as fake information spread under the guise of real news
through news media or social media platforms such as the
Internet, usually for political or economic gain. In the past,
fake information was easily confused with other similar con-
cepts, but recent research has sought to differentiate them,
such as misinformation (Song et al. 2021; Jiang et al. 2021)
and disinformation (Li et al. 2022c) these two different con-
cepts. Misinformation refers to information with incorrect
content caused by cognitive errors or biases, while disinfor-
mation is intentionally fabricated, and both are not limited
to the fields of news media and social platforms (Meel and
Vishwakarma 2020). The MPL proposed in this article fo-
cuses on fake news detection, but can also be extended to
misinformation and disinformation detection.

Based on the availability of sufficient labelled training
data, existing methods for fake news detection can be di-
vided into two kinds: supervised methods in the case of suf-
ficient data and weakly supervised methods in the case of
few-shot learning. As this article focuses on the early detec-
tion of fake news, methods that rely on rich and complex
social context and user information are not considered. In
this section, we briefly review existing methods for detect-
ing fake news, namely supervised multi-modal fake news
detection methods that utilize both text and visual modali-
ties of news and heavily rely on high-quality labelled data,
as well as weakly supervised fake news detection methods
that can make predictions in few-shot settings.

Multi-modal Fake News Detection
Previous research on fake news detection has shown that
both text and image information are effective in fake news
detection. Many methods combine textual and visual infor-
mation for fake news detection. With the rise of deep neu-
ral networks and pre-trained models, there have been many
powerful feature extractors, such as the text feature extrac-
tor Bert (Devlin et al. 2018), Transformers (Vaswani et al.
2017), and the visual feature extractors VGG (Simonyan and
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Zisserman 2014) and Res-Net (He et al. 2016). Many stud-
ies have utilized visual feature extractors to extract visual
information and text feature extractors to extract text fea-
tures, and then combine and fuse the visual and text informa-
tion to detect fake news (Singhal et al. 2019, 2020). EANN
(Wang et al. 2018) designed an auxiliary task, event discrim-
ination, to measure the differences between different events
and further learn the invariant features of news events. This
helps fake news detection by better understanding multi-
modal information through the auxiliary task. MVAE (Khat-
tar et al. 2019) proposed an end-to-end multi-modal varia-
tional autoencoder, using a bimodal variational autoencoder
and binary classifier for fake news detection. HMCAN (Qian
et al. 2021) sent the obtained text and image representa-
tions into a multi-modal contextual attention network to fuse
intra-modality and inter-modality relationships and designed
a hierarchical encoding network to capture rich semantic
information in fake news. MCAN (Wu et al. 2021) ex-
tracted spatial-domain and frequency-domain features from
images and textual features from the text, stacked multiple
co-attention layers together to fuse multi-modal features and
learned inter-dependencies between multiple modalities.

A large number of scholars believe that if the image con-
tent of news does not match the text content, it indicates that
the news is fake. Based on this hypothesis, the image in-
formation and text information of the news is encoded and
then the similarity between the two is calculated. If the sim-
ilarity is high, it indicates that the textual information and
visual information of the news match, and it is real news;
if the similarity is low, it indicates that the textual informa-
tion and visual information of the news do not match, and it
is fake news. SAFE (Zhou, Wu, and Zafarani 2020) utilized
image2text model to convert visual information into textual
information, then mapped the textual and visual information
into the same vector space through a fully connected layer.
They then compared the similarity between the visual and
textual information to detect fake news. MCNN (Xue et al.
2021) used BERT to encode textual information and Res-
Net to encode visual information, calculating the similarity
between the two to determine if the text and image are con-
sistent.

Knowledge graphs contain a wealth of external knowl-
edge which includes rich semantic information that can help
us better understand news content. External knowledge also
includes objective facts which can be compared to news con-
tent to detect fake news. KMGCN (Wang et al. 2020) con-
structed a multi-modal graph structure containing textual in-
formation, visual information, and knowledge concept. They
then fused information from each modality to achieve great
discrimination performance.

Few-shot Fake News Detection
Due to the high cost of data annotation in terms of man-
power and resources, there are often incomplete, imprecise,
and inaccurate annotations in real-world situations. There-
fore, models need to be able to detect fake news in few-
shot settings. Many models rely on graph structures (Gua-
cho et al. 2018; Benamira et al. 2019) or pseudo-labelling
(Helwe et al. 2019; Mansouri, Naderan-Tahan, and Rashti

2020; Konkobo et al. 2020; Meel and Vishwakarma 2021;
Li et al. 2022b) to utilize incomplete labelled data for fake
news detection. KPL (Jiang et al. 2022) proposed an innova-
tive method of guiding fake news detection through prompt
learning using a pre-trained language model. However, this
model only relied on single-modal text for fake news de-
tection and did not integrate visual information and textual
information for multi-modal fake news detection. Building
on existing work, SAMPLE (Jiang et al. 2023) recently pro-
posed a multi-modal model for few-shot fake news detec-
tion, which combined the multi-modal features generated
by the CLIP model with the text representation of the pre-
trained language model to aid prompt learning. However,
this method mainly aimed at the pre-trained language model
Roberta for prompt learning, and CLIP, a pre-trained multi-
modal model, was mainly used to supplement multi-modal
semantic information. This limits the effectiveness of CLIP
and does not make full use of the multi-modal knowledge
it has learned during the multi-modal pre-training. Consid-
ering the progress and limitations of existing work, this arti-
cle proposes the MPL framework for multi-modal fake news
detection at an early stage, based on the multi-modal pre-
trained model CLIP and designed with continuous prompts
for prompt learning.

Preliminary
Prompt Learning
Fine-tuning and prompt learning are two typical paradigms
for pre-trained models. Fine-tuning trains pre-trained mod-
els to adapt to downstream tasks, while prompt learning
processes input information according to specific templates,
which can reconstruct tasks into a form that can be better
utilized by the pre-trained model. For example, we’re going
to use BERT to detect fake news in text, that is, outputting
whether the information is “real” or “fake”. The traditional
fine-tuning paradigm trains the model parameters with a
large amount of data with labels, uses the fine-tuned model
to extract information features, and then inputs them into
the classifier for classification. The prompt learning does
not train the pre-trained model, that is, freezing model pa-
rameters. Prompt learning processes the input by adding a
prompt sentence before or after the text, such as “This in-
formation is [MASK]”, then allows BERT to fill in [MASK]
with “real” or “fake” to classify the information. This kind
of fill-in-the-blank prompt makes the task more closely re-
lated to BERT’s pre-training method, that is, Masked Lan-
guage Model (MLM). Prompt learning can fully utilize the
knowledge learned by the model during pre-training, signif-
icantly reducing training costs, and performing well even in
few-shot settings.

Prompt learning can be divided into manually designed
prompts and automatically learned prompts (Liu et al. 2023).
The former manually develops prompts for different tasks
and datasets, but requires extra manpower and knowledge,
and the results are not stable as a slight difference in a word
can cause significant fluctuations in the results. The latter
allows the model to automatically learn suitable prompts
and can be divided into discrete prompts and continuous
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Figure 2: Overview of Multi-modal Prompt Learning for fake news detection.

prompts. Discrete prompts refer to prompts generated by
natural language, so the search space is discrete. Continuous
prompts remove the constraints of natural language and di-
rectly search in a continuous embedding space, which makes
learning prompts a sequence of vectors rather than a sen-
tence. These learned prompts are more flexible, but because
they cannot be mapped to specific natural text, they lack
intuitive interpretability. Nevertheless, continuous prompts
have achieved great results in many natural text classifica-
tion and image classification tasks, proving the effectiveness
of this method in classification tasks.

CLIP: A Multi-modal Pre-trained Model
CLIP (Radford et al. 2021) is a large-scale multi-modal pre-
trained vision-language model based on contrastive learn-
ing. Here, we briefly introduce CLIP to better explain our
work. Unlike the commonly used label-based representa-
tion learning methods in CV, CLIP’s training data consists
of image-text pairs, i.e., an image and its corresponding text
description. In order to learn different concepts and make
the model more applicable to downstream tasks, the CLIP
team collected a large training dataset consisting of 400 mil-
lion image-text pairs. CLIP consists of two encoders, Image
Encoder and Text Encoder. The Image Encoder is used to
extract features from the image, including different sizes of
ResNet or Vision Transformer models. The Text Encoder is
used to extract features from the text, using the Text Trans-
former model commonly used in NLP. CLIP learns by com-
paring the extracted text and image features. For a training
batch containing N image-text pairs, the N text features and
N image features are combined and the CLIP model pre-

dicts the cosine similarity between each of the N2 possi-
ble image-text pairs. There are N positive samples, which
are the real image-text pairs, and the remaining N2 − N
image-text pairs are negative samples. The training objec-
tive of CLIP is to maximize the similarity of the positive
samples and minimize the similarity of the negative sam-
ples. The pre-trained encoders can only extract the features
of image-text pairs, so CLIP uses prompts to transfer the
pre-trained model to different downstream tasks. The com-
mon practice is to pre-train and then fine-tune, but CLIP can
directly achieve zero-shot image classification without any
training data. First, a prompt is constructed, i.e., a descrip-
tive text for each category is constructed based on the classi-
fication label: “A photo of [CLASS]”, and the text is sent to
the Text Encoder to extract the corresponding text features.
If there are N categories, N text features will be obtained.
Then, the image to be predicted is sent to the Image En-
coder to extract image features, and the cosine similarity is
calculated with the N text features so that the image can
be classified based on the highest similarity. CLIP has be-
come a promising method for visual representation learning
and image classification recognition. In this article, multi-
modal news is classified based on CLIP. To align with the
pre-trained method of CLIP’s contrastive learning and im-
prove the prompts, we design contrastive learning with con-
tinuous prompts and multi-modal representation to achieve
multi-modal fake news detection.

Problem Formulation and Notation
Fake news detection task is regarded as a classification prob-
lem, binary classification specifically in our work. We con-
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sider two modalities, text and image which is the most preva-
lent information carrier across online social media plat-
forms. A piece of multi-modal news is notated as a pair
x = (T, I), where T is the main text of the news that illus-
trated a point with an impressive image I . The goal of multi-
modal fake news detection is to assign a label y ∈ {0, 1} for
the input news, where 0 stands for real news and 1 stands for
fake news.

Methods
We propose the Multi-modal Prompt Learning framework
(MPL) for fake news detection based on CLIP. The proposed
framework is illustrated in Figure 2. MPL uses a co-attention
layer to fuse multiple modalities and employs a learnable
prompt to automate prompt engineering, thereby fully uti-
lizing both multi-modal information and the knowledge of
the pre-trained model. Specifically, for a multi-modal news
article x, consisting of image I and text T , we keep the pa-
rameters of CLIP frozen. As Eq. (1) shows, we use the pre-
trained CLIP Image Encoder f (•) to extract visual features
HI from the image, and the pre-trained CLIP Text Encoder
g (•) to extract textual features HT from the text.

HI = f (I) , HT = g (T ) (1)

The multi-modal features of x, HM , are obtained by fus-
ing the two features using a multi-modal feature fusion mod-
ule. Meanwhile, a set of learnable vectors is used to replace
the conventional manually designed prompts and is input to
the pre-trained CLIP Text Encoder to obtain category fea-
tures, HC . The similarity distance between the multi-modal
features HM and category features HC is used to classify
the multi-modal news x.

Multi-modal Feature Fusion Module
We design a multi-modal fusion module based on the co-
attention block (Lu et al. 2019). In traditional self-attention,
as shown in Figure 3a, the queries, keys, and values for
self-attention all come from the same input. However, in co-
attention, as shown in Figure 3b, the queries come from one
input, while the keys and values come from another input.
And the residual connection is only applied to the queries.

As shown in Figure 3b, each co-attention module consists
of successively connected Multi-Heads Attention layer, Add
& Norm layer, fully connected Feed Forward Network layer
and Add & Norm layer. The d × 1 dimension V , Q, and K
from different inputs are input into the Multi-Heads Atten-
tion layer. The attention matrix is calculated based on K and
Q, and V is then applied to the attention matrix to generate
the output. The entire process is as Eq. (2) shows.

MA (Q,K, V ) = hWO

h = h1 ⊕ h2 ⊕ . . .⊕ hm

hi = A (Qi,Ki, Vi) = softmax

(
QiK

T
i√

dh

)
Vi

Qi = QWQ
i ,Ki = KWK

i , Vi = VWV
i

(2)

where WO ∈ Rmdh×1, ⊕ denotes the concatenation of
vectors,WQ

i ,WK
i ,WV

i ∈ R1×dhare the projection matrices

for the i-th head, dh = d/m is the dimension of the output
feature of each head.

(a) Self-attention block (b) Co-attention block

Figure 3: Illustration of the self-attention block and the co-
attention block.

The fully connected Feed Forward Network consists of
two linear transformations with a ReLU activation function
in between. The calculation process is as Eq. ( 3 ) shows.

FFN (X) = max (0, xW1)W2 (3)

where the dimension of input and output is d × 1, and the
inner-layer dimensionality is dff , W1 and W2 are linear
transformation matrixs.

In order to better fuse visual feature HI and textual fea-
ture HT , we designs two parallel co-attention layers.

First, as Eq. (4) shows, the visual feature HI is used as
Q, the textual feature HT is used as K and V , and a visual
feature with textual information HT

I is generated.

H ′
I = HI +MA (HI , HT , HT )

HT
I = H ′

I + FFN (H ′
I)

(4)

Then, as Eq. (5) shows, the textual feature HT is used as
Q, the visual feature HI is used as K and V , and a textual
feature with visual information HI

T is generated.

H ′
T = HT +MA (HT , HI , HI)

HI
T = H ′

T + FFN (H ′
T )

(5)

Finally, as Eq. (6) shows, HT
I and HI

T are input into the
fully connected layer to generate the multi-modal represen-
tation HM that fully fuses textual and visual information for
subsequent calculations.

HM =
(
HT

I ⊕HI
T

)
W (6)

where W ∈ R2d×d is the projection matrice.

Prompt Design Module
CLIP can be used for few-shot learning with manually-
designed prompts, but manually-designed prompts require
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extra knowledge and manpower, and performance is of-
ten limited by the quality of the prompts, resulting in
limited success. The accuracy result may be very sensi-
tive to certain words in manually-designed prompts, for
example, “A photo of a [CLASS] .” is better than
“A photo of [CLASS] .” in most cases.

In order to reduce the impact of manually-designed
prompts on the results and better utilize the knowledge in
the pre-trained model CLIP, we refer to CoOP (Zhou et al.
2022) and design a learnable prompt. Specifically, we use
a set of learnable vectors to replace the originally manually-
designed prompts. The number of learnable vectors will also
affect the experimental results. We test in the experiment,
and finally choose 16 learnable vectors to achieve better and
more stable performance. As Eq. (7) shows, the learnable
vectors are concatenated with the class token, i.e., “real” or
“fake”.

p = [V1] [V2] . . . [V16] [CLASS] (7)
where each [Vi] (i ∈ {1, 2, . . . , 16}) is a vector with the
same dimension as word embeddings, i.e., 768 for CLIP, and
these vectors are automatically updated during training.

The learnable prompts p is then passed through the pre-
trained CLIP Text Encoder g (•) to obtain the category em-
bedding HC for classification.

Hi
C = g (pi) (8)

where the [CLASS] within each prompt pi is replaced by
the corresponding word-embedding vector of the i-th class
name, i ∈ {0, 1}.

We calculate the distance between HM and HC , and the
probability of news x belonging to category i is computed
as Eq. (9) shows.

p (y = i|x) =
exp

(
cos

(
HM , Hi

C

)
/τ

)∑K
j=1 exp

(
cos

(
HM , Hj

C

)
/τ

) (9)

where τ is a temperature parameter learned by CLIP and
cos(•, •) denotes cosine similarity.

As Eq. (10) shows, we use the binary cross entropy loss
as the loss function to update the parameters of multi-modal
feature fusion module and the learnable vector.

L=− (l · log p (y = 1|x)+(1− l) · log p (y = 0|x)) (10)

where l is the ground truth.
Finally, we predict the label y ∈ {0, 1} based on the prob-

ability p (y = i|x), where 0 stands for real news and 1 stands
for fake news.

y = argmax
i

p (y = i|x) (11)

Experiments
To validate the effectiveness of our method, we conduct ex-
periments on three benchmark datasets and compare the re-
sults with supervised fully-trained multi-modal fake news
detection methods and the latest prompt-based few-shot
multi-modal fake news detection method in both supervised
and few-shot settings. In this section, we first introduce the
specific implementation details of the experiments. We also

introduce the benchmark datasets and baselines used in ex-
periment. Then we show the experimental results compared
with the supervised and few-shot multi-modal fake news
detection methods, respectively. Finally, we provide a de-
tailed analysis and discussion to further explain our pro-
posed method.

Experimental Setup
We use the pre-trained CLIP (ViT-L/14@336px) model as
both the Text Encoder and Image Encoder and keep all
its parameters frozen. The learnable vectors of continuous
prompt is randomly initialized by sampling from a zero-
mean Gaussian distribution with a standard deviation of
0.02. In the multi-modal feature fusion module, we set d =
256,m = 4, and dff = 512. We use an SGD optimizer
with a learning rate of 0.001 to optimize the model param-
eters during training. Our model is trained for 20 epochs,
and we select the checkpoint with the best validation per-
formance for testing. To fully demonstrate the effectiveness
of our method, we conduct two sets of comparative experi-
ments with supervised fully-trained and prompt-based few-
shot multi-modal fake news detection methods in both su-
pervised and few-shot settings.

Supervised Settings For comparison with supervised
multi-modal fake news detection methods, we follow the ex-
isting methods(Jin et al. 2017; Shu et al. 2020) and divide
the datasets into training and testing sets in an 8:2 ratio. In
the case of sufficient data, we train our model and baselines
using all the training data, whereas, in the case of few-shot,
we train our model on a small amount of data sampled from
the training set. Specifically, we sample 16 instances from
each category for training. As the few-shot training set has
a significant impact on the performance of the model, we
repeat data sampling with different random seeds five times
and take the average score of the five experiments, excluding
the highest and lowest scores, as the result of the few-shot
experiment.

Few-shot Settings To further demonstrate the advantages
of our method in the few-shot settings, we compare it with
the state-of-the-art prompt-based few-shot fake news detec-
tion method. We randomly sample a small number of in-
stances from the dataset for training, i.e., we sample k in-
stances from each category, where k ∈ [2, 4, 8, 16], and use
the remaining instances for testing. In addition, we create a
validation set with the same size as the training set for model
selection. To reduce the influence of the training and valida-
tion sets on the model performance, we repeat data sampling
with five random seeds and take the average score by exclud-
ing the highest and lowest scores as the experimental result.

Datasets
We use three benchmark fake news detection datasets with
multiple modalities to evaluate the performance of our
method, namely, Twitter, GossipCop, and PolitiFact. These
three datasets are real datasets collected from multiple so-
cial platforms. The Twitter dataset (Boididou et al. 2015,
2018) consists of tweets that include text information, vi-
sual information, and social context information. The Poli-
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tiFact and GossipCop datasets are two English datasets col-
lected from the politics and entertainment domains, respec-
tively, in the FakeNewsNet repository(Shu, Wang, and Liu
2017; Shu et al. 2017, 2020). The PolitiFact dataset is a
dataset about political news, which experts identify as real or
fake news. Meanwhile, GossipCop tells entertainment sto-
ries with scores ranging from 0 to 10, and the authors of the
FakeNewsNet consider scores below 5 to be fake news. To
reduce redundancy, we only keep the most relevant image
for news with multiple images, which is calculated by the
pre-trained CLIP model based on cosine similarity between
text and image. We also exclude news without images or
with invalid image URLs. Specific statistics for each dataset
are shown in Table 1.

Twitter PolitiFact GossipCop
# of fake news 9795 164 2,540
# of real news 4482 319 10,150
# of images 477 483 12,690

Table 1: Statistics of three datasets.

Baselines
As mentioned above, we conduct two sets of comparative
experiments. In order to ensure fairness, we use the origi-
nal indicators of these methods for comparison. In compari-
son with supervised fully-trained multi-modal fake news de-
tection methods, we select seven classic fully-trained multi-
modal models as baselines:

• The EANN (Wang et al. 2018) uses event recognizers to
capture news event information and extract news features
unrelated to events to aid in detecting fake news.

• The MVAE (Khattar et al. 2019) uses a variational au-
toencoder coupled with a binary classifier to learn shared
representations of text and images.

• The SpotFake (Singhal et al. 2019)utilizes VGG and
BERT to extract image and text features respectively and
concatenate them for classification.

• The SAFE (Zhou, Wu, and Zafarani 2020) extracts multi-
modal (text and visual) features of news content and their
relationships using a similarity-aware multi-modal ap-
proach to detect fake news.

• The MCAN (Wu et al. 2021)uses frequency-domain and
spatial-domain features, stacking multiple co-attention
layers to fuse multi-modal features.

• The LIIMR (Singhal et al. 2022) recognizes and sup-
presses information from weaker modalities, extracting
relevant information from stronger modalities for each
sample.

• The CAFE (Chen et al. 2022)proposes an ambiguity-
aware multi-modal fake news detection method to adap-
tively aggregate unimodal features and cross-modal cor-
relations.

Since there is a few number research on few-shot fake
news detection, and most of them are basically unimodal,

we compare our model with a state-of-the-art prompt-based
few-shot multi-modal fake news detection method:

• The SAMPLE (Jiang et al. 2023)leverages the multi-
modal features generated by the CLIP model, fus-
ing text representations from the pre-trained language
model RoBERTa, and utilizes the soft verbalizer to as-
sist prompt learning for detecting fake news. In addition,
this method combines the manually-designed prompts
and the learnable continuous prompts, and achieves good
performance in the case of few-shot.

To evaluate the performance of our model and baselines,
we select Accuracy, Precision, Recall, and F1 as evalua-
tion metrics. Accuracy is the proportion of correct predic-
tions in the whole prediction, which can visually show the
performance of the model. The fake-Precision is the prob-
ability that the sample predicted to be fake news is actu-
ally fake news, representing the ability to correctly clas-
sify fake news. The fake-Recall represents how much fake
news we can find, and the higher fake-Recall, the more fake
news we find, which is important for early detection. It’s the
same for the real-Precision and real-Recall. The F1 balances
Precision and Recall to maximize both. Since the SAM-
PLE method only provides Accuracy and macro-F1 metrics,
we also adopt these two metrics when comparing with the
SAMPLE method in few-shot settings, where macro-F1 is
the average of fake-F1 and real-F1.

Main Results
Comparison with Supervised Methods In comparison
with supervised fully-trained multi-modal fake news detec-
tion methods, Table 2 shows the results of our model un-
der supervised and few-shot settings. MPL-Full refers to us-
ing all training set data for training, while MPL-16 refers to
training using only 16 instances per category.

Compared to other models, MPL-Full performs best when
data is sufficient, achieves the best Accuracy on all three
datasets, and F1 is in the top-3 for both real and fake news.
The improvement is particularly pronounced in the Politi-
Fact dataset, where almost all indicators rise by about 5
percent. More importantly, the CLIP Encoder used in MPL
keeps the parameters frozen, only the parameters of the
Multi-modal Feature Fusion Module and the Prompt Design
Module will be updated during the training. And training pa-
rameters of MPL are much smaller than those of other mod-
els, the required training costs and time are also lower. Under
the training with less parameters and less time, MPL-Full
still achieve much better results than other models, which
fully proved the effectiveness of MPL.

In addition, MPL-16 uses only 16 instances per category
and achieves good results. It is not much worse than SOTA
on Twitter and PolitiFact datasets, and even surpasses sev-
eral classical models that used all training data, and its per-
formance on the Twitter dataset is second only to the most
advanced LIIMR model. This proves that MPL is advanced
in the case of few-shot, and only needs to learn from a small
amount of annotated data to achieve a good classification ef-
fect. On the GossipCop dataset, while the Accuracy of MPL-
16 is not satisfactory, both fake-Recall and real-Precision are

657



Dataset Method Acc fake-P fake-R fake-F1 real-P real-R real-F1

Twitter

EANN 0.715 0.822 0.638 0.719 - - -
MVAE 0.745 0.801 0.719 0.785 0.689 0.777 0.730
SAFE 0.766 0.777 0.795 0.786 0.752 0.431 0.742
MCAN 0.809 0.889 0.765 0.822† 0.732 0.871† 0.795
LIIMR 0.831† 0.836† 0.832† 0.830 - - -
MPL-16 0.829 0.778 0.753 0.761 0.863† 0.875 0.867
MPL-Full 0.841 0.729 0.906 0.808 0.936 0.804 0.865†

PolitiFact

MVAE 0.726 0.761 0.678 0.717 - - -
SpotFake 0.770 0.753 0.795 0.770 - - -
SAFE 0.874† 0.851 0.830† 0.840† 0.889 0.903 0.896
CAFE 0.864 0.724 0.778 0.750 0.895 0.919† 0.907†
MPL-16 0.856 0.746 0.736 0.740 0.898† 0.902 0.900
MPL-Full 0.923 0.839† 0.897 0.867 0.959 0.933 0.946

GossipCop

MVAE 0.782 0.802 0.751 0.776 - - -
SpotFake 0.856 - - - - - -
SAFE 0.838 0.758† 0.558 0.643† 0.857 0.937 0.895
CAFE 0.867† 0.732 0.490 0.587 0.887 0.957 0.921†
MPL-16 0.620 0.294 0.688† 0.411 0.891† 0.603 0.718
MPL-Full 0.869 0.698 0.565 0.625 0.901 0.942† 0.921

Table 2: The results of supervised methods in supervised settings. The best score is in bold and the second best score is marked
with †.

Dataset Model Few-shot (ACC/macro-F1)
k=2 k=4 k=8 k=16

PolitiFact SAMPLE 0.56 0.47 0.61 0.56 0.66 0.62 0.70 0.67
MPL 0.69 0.67 0.71 0.68 0.73 0.71 0.82 0.80

GossipCop SAMPLE 0.53 0.44 0.56 0.47 0.54 0.52 0.60 0.54
MPL 0.52 0.46 0.57 0.48 0.64 0.55 0.65 0.55

Table 3: The results of few-shot methods in few-shot settings.

high, indicating that more fake news can be found and that
the real news found are mostly credible, which is very mean-
ingful for early few-shot fake news detection.

Comparison with Few-shot Methods To further demon-
strate the advantage of our model in few-shot settings, we
compare it with latest prompt-based few-shot multi-modal
fake news detection method SAMPLE on PolitiFact and
GossipCop datasets. We train the model using k samples per
category (k ∈ [2, 4, 8, 16]) and use the same amount of data
as validation, with the rest used as the test set. The results of
the experiment are shown in Table 3.

On the PolitiFact dataset, all the results of MPL are opti-
mal in all experiments at k settings, and the Accuracy and
macro-F1 are greatly improved compared with SAMPLE,
which proves the superiority of the method in the few-shot
settings. On the GossipCop dataset, MPL achieves better re-
sults at the settings of k = 4, k = 8, and k = 16. At the
setting of k = 2, the Accuracy of MPL does not exceed
SAMPLE, but macro-F1 has a slight improvement.

Overall, compared with SAMPLE, MPL achieves better
results on both datasets, and the improvement on the Politi-
Fact dataset is more obvious and stable, with all indicators
improving by about 10%. At the setting of k = 2, the macro-
F1 on the PolitiFact dataset is even improved by 20%, while

the improvement on the GossipCop dataset is not significant,
with only about 1% performance improvement. This result
may be attributed to the fact that GossipCop presents a more
complex semantic context than PolitiFact, which consists of
celebrity gossip stories and is also larger in size. In scenar-
ios where there is extreme lack of data, such as the setting of
k = 2, SAMPLE used two pre-trained models to provide
more semantic information and knowledge, and achieved
better results. This also shows that there is still room for
improvement in the MPL, that is, to use more knowledge
information, whether it is from the pre-trained model or ex-
ternal knowledge bases or knowledge graphs.

Ablation Study
We conduct ablation experiments to verify the effectiveness
of the components we proposed. We conduct multiple abla-
tion experiments on three datasets in the 16-shot setting. For
w/o image, we remove the visual feature HI and only use
text feature HT and category feature HC to calculate simi-
larity. For w/o text, we remove text feature HT and only use
visual feature HI and category feature HC to calculate sim-
ilarity. For w/o fusion, we remove the multi-modal feature
fusion module and directly concatenate visual feature HI

and text feature HT . For w/o learnable prompt, we remove
the learnable prompt vectors and use a manually-designed
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Model Dataset(ACC/fake-F1)
Twitter PolitiFact GossipCop

w/o image 0.584 0.578 0.631 0.538 0.469 0.371
w/o text 0.646 0.702 0.753 0.632 0.464 0.369

w/o fusion 0.798 0.759 0.612 0.536 0.485 0.371
w/o learnable prompt 0.793 0.780 0.689 0.530 0.580 0.397

w/o similarity 0.797 0.693 0.596 0.562 0.464 0.385
w/o frozen 0.668 0.778 0.420 0.455 0.525 0.387
MPL-16 0.830 0.789 0.801 0.668 0.581 0.402

Table 4: The results of ablation study on three datasets.

prompt vector “According to the image and text, this news is
[CLASS]”. For w/o similarity, we choose not to use sim-
ilarity calculation for classification prediction but instead
concatenate the multi-modal feature HM and the category
feature HC to obtain feature HF , which is input to the lin-
ear regression classifier for classification prediction. For w/o
frozen, we did not freeze CLIP’s parameters and fine-tuned
the entire model during training. The results are shown in
Table 4.

From the experimental results, as shown in Table 4 we
can see that each of our modules is effective, and the ab-
sence of any module will lead to performance degradation.
W/o image and w/o text demonstrate that our model fully
utilizes the information from both modalities and using ei-
ther modality alone will lead to performance degradation.
W/o fusion shows that simply concatenating the features of
the two modalities cannot fully utilize the multi-modal con-
text. Our method of multi-modal feature fusion allows the
semantic information of different modalities to learn from
each other and then fuse them together, which can fully inte-
grate the semantic information of different modalities. W/o
a learnable prompt shows the improvement brought by us-
ing a learnable prompt. Compared with manually-designed
prompts, allowing the model to learn prompt vectors can bet-
ter capture the semantic information of categories and multi-
modal features and better apply them to downstream tasks.
W/o similarity demonstrates the significance of our model
being consistent with the CLIP pre-training method, i.e.,
contrastive learning. Compared with only using the CLIP
encoder to extract features and then using an extra classifi-
cation network for classification, our method can more fully
utilize the knowledge learned in the CLIP pre-training phase
and achieve better classification results. W/o frozen shows
the improvement brought by prompt learning compared to
fine-tuning methods in few-shot settings, demonstrating the
effectiveness of our method in few-shot settings.

Conclusion
In this article, we design a multi-modal prompt learning
(MPL) framework based on the multi-modal pre-trained
model CLIP for the multi-modal fake news detection task
at an early stage. Since fake news usually spread more
widely and faster, it is crucial to identify their authenticity
at an early stage to avoid serious consequences. MPL de-
signs a multi-modal feature fusion module based on the co-
attention layer fully integrate the semantic context of differ-

ent modalities. MPL also designs learnable prompts to au-
tomate prompt engineering and generate prompt represen-
tations adaptively and efficiently to boost the semantic con-
text. After comparison testing on three public datasets, MPL
obtains substantial performance and efficiency improvement
for the early-stage fake news detection task in both few-
shot and supervised settings. Experimental results show that
MPL outperforms both the state-of-the-art supervised multi-
modal models and the latest prompt-based few-shot models.
We also conduct ablation experiments to verify the effective-
ness of the components we proposed, which demonstrates
the absence of any module will lead to performance degra-
dation.

Overall, MPL is a concise but effective framework, and
there is still room for improvement. For example, we cur-
rently do not utilize any knowledge from external knowl-
edge bases or knowledge graphs, which will further improve
the performance of the model in few-shot settings. In fu-
ture work, we’ll continue to explore how to integrate ex-
ternal knowledge. Meanwhile, we will continue to improve
prompt learning methods, such as using Prefix tuning to tune
the prompt token embedding of each layer, not just the input
layer.
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(f) Do you discuss what is “the cost“ of misclassification
and fault (in)tolerance? No, but the cost of misclassifi-
cation in the early stage of fake news detection is small
because we are just giving a warning.

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes.

(b) Did you mention the license of the assets? No, we
didn’t find these.

(c) Did you include any new assets in the supplemental
material or as a URL? No.

(d) Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
No, but the data is collected from social platforms.

(e) Did you discuss whether the data you are using/curat-
ing contains personally identifiable information or of-
fensive content? No, but social engagements and user
information are not disclosed because of Twitter Pol-
icy, so it dosn’t contain personally identifiable infor-
mation, and few of news in datasets contain offensive
content.

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR
(see FORCE11 (2020))? NA

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset (see Gebru et al.
(2021))? NA

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? NA

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? NA

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? NA

(d) Did you discuss how data is stored, shared, and dei-
dentified? NA

662


