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A B S T R A C T   

Fake news has become a significant concern in recent times, particularly during the COVID-19 
pandemic, as spreading false information can pose significant public health risks. Although 
many models have been suggested to detect fake news, they are often limited in their ability to 
extend to new emerging domains since they are designed for a single domain. Previous studies on 
multidomain fake news detection have focused on developing models that can perform well on 
multiple domains, but they often lack the ability to generalize to new unseen domains, which 
limits their effectiveness. To overcome this limitation, in this paper, we propose the Entity-centric 
Multi-domain Transformer (EMT) model. EMT uses entities in the news as key components in 
learning domain-invariant and domain-specific news representations, which addresses the chal
lenges of domain shift and incomplete domain labeling in multidomain fake news detection. It 
incorporates entity background information from external knowledge sources to enhance fine- 
grained news domain representation. EMT consists of a Domain-Invariant (DI) encoder, a 
Domain-Specific (DS) encoder, and a Cross-Domain Transformer (CT) that facilitates investigation 
of domain relationships and knowledge interaction with input news, enabling effective general
ization. We evaluate the EMT’s performance in multi-domain fake news detection across three 
settings: supervised multi-domain, zero-shot setting on new unseen domain, and limited samples 
from new domain. EMT demonstrates greater stability than state-of-the-art models when dealing 
with domain changes and varying training data. Specifically, in the zero-shot setting on new 
unseen domains, EMT achieves a good F1 score of approximately 72 %. The results highlight the 
effectiveness of EMT’s entity-centric approach and its potential for real-world applications, as it 
demonstrates the ability to adapt to various training settings and outperform existing models in 
handling limited label data and adapting to previously unseen domains.   

1. Introduction 

In recent years, the spread of fake news has become a significant concern in society, prompting many researchers to investigate the 
problem of fake news detection. While many fake news detection models achieve impressive results within their specific domains, their 
ability to generalize to new or emerging domains is limited. This limitation arises because these models are often trained on data from a 
single domain. In practice, fake news spreads across various domains and topics. Word distribution, sentence structure and patterns do 
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vary across these domains, a phenomenon known as domain shift (Pan & Yang, 2010), which renders previously trained models 
inefficient for detecting fake news in emerging news domains. Generalizing to unseen domains is crucial for early detection of fake 
news, especially considering the often limited volume of labeled data available for training within specific domains during the initial 
stages. 

To address domain shift challenge, recent years have seen the development of multi-domain fake news detection models. Several 
multi-domain fake news detection models (Shu et al., 2022; Silva et al., 2021; Wang et al., 2018; Wu et al., 2024) aim to improve 
generalization across multiple domains by extracting Domain-Invariant (DI) features from these domains. These methods employ 
domain adversarial learning or contrastive learning (Wu et al., 2024) to extract DI features from news content and social context for 
fake news detection. However, previous studies (Tang et al., 2020; Zhu et al., 2019) have shown that it is hard to obtain shared in
formation that can be generalized to multiple domains, particularly for unseen domains. In addition, common feature space for 
multiple domains may wash out informative characteristics of individual domains i.e., domain-specific (DS) features, which are crucial 
for accurate fake news identification. 

Other studies on multi-domain fake news detection (Nan et al., 2021; Suprem & Pu, 2022; Zhu et al., 2022) mostly utilized the idea 
of Mixture-of-Expert (MoE) model (Jacobs et al., 1991; Ma et al., 2018) to extract DS features for each individual domain. The MoE 
model uses multiple expert networks, each designed to handle a specific subset (domain) or characteristics of the entire dataset, and a 
trainable gating network to select and weight a subset of these experts for each input, acting as a router that directs the data to the 
chosen expert. These models have several limitations. Firstly, these models primarily focus on achieving good performance on multiple 
known domains, requiring labeled data from each domain. They often assume that the training and testing domains are identical, 
neglecting the importance of generalizability to unseen domains. Furthermore, some of these methods (Nan et al., 2021; Suprem & Pu, 
2022) rely solely on the explicit single news domain label provided by the fake news dataset (e.g., PolitiFact, COVID, GossipCop) for 
domain adaptation, while neglecting the potential diversity of topics within each news article. For instance, in Suprem and Pu (2022), 
the data of each domain is separately used for constructing each domain expert network. However, each news article may belong to 
different domains. Fig. 1 shows some news pieces from the COVID dataset that can be classified as both COVID-related and political 
news articles. (Zhu et al., 2022) referred to this issue as incomplete domain labeling in fake news datasets. These examples demonstrate 
that data from individual domains could enhance fake news detection in other domains, i.e., generalization using correlated and 
shared information between domains. However, relying on incomplete domain labels hinders the knowledge interaction between 
different news domains. 

To address the mentioned challenges, in this paper, we focus on developing a multi-domain fake news detection model that le
verages news pieces from multiple domains to enhance its generalizability. As a result, the proposed model aims to achieve accurate 
classification not only for seen domains but also for unseen domains. Our goal is to efficiently extract domain-specific features, while 
considering the diversity of topics in each news rather than relying on explicit domain label from dataset. 

News articles often include diverse entities that play a crucial role in conveying the topic and domain of the news article (Bazmi 
et al., 2023). Notably, in the examples of Fig. 1, the named entities such as “US,” “Donald Trump,” and “Coronavirus” provide essential 
information about the domain of the news articles. Understanding the entities within the news and their relationships can help the 
model better grasp the meaning and domain relevance of the news. 

For further investigation, we extracted the word clouds of the top 200 words from three distinct domains in fake news datasets, as 
depicted in Fig. 2: the PolitiFact, GossipCop (Shu et al., 2020), and COVID (Li et al., 2020) fake news datasets. PolitiFact contains 
political news, GossipCop includes fact-checked news about celebrities, and MM-Covid contains fake news about COVID-19. It is 
evident from this figure that the most frequently used words differ across domains i.e., domain shift, with entities being a prominent 
feature in each domain. Specifically, we notice that entities in each domain (such as Coronavirus, Trump, Meghan Markle, …) are core 
building blocks of domain-specific knowledge. Therefore, by reducing the model’s reliance on these named entities, we can obtain 
domain-invariant features for fake news detection. 

According to above explanation, in this paper, we propose a novel Entity-centric Multi-domain Transformer (EMT) for domain 
generalization in fake news detection. In EMT, entities serve as the key to learn both domain-invariant and domain-specific news 
representation. We leverage entity background information obtained from external knowledge source (Wikipedia in our experiments) 
for fine-grained news domain representation, thereby addressing the issue of incomplete news domain labeling. We inspired from MoE 
model with each expert capturing discriminative features based on news entities rather than domain labels. By construction of experts 
based on the entities, the model focuses on finer-grained topics, leading to a more comprehensive understanding of data characteristics 

Fig. 1. Examples of news pieces from COVID dataset, with named entities highlighted in red. These examples can be classified as both COVID- 
related and political news articles, highlighting incomplete domain labeling in fake news datasets. The highlighted entities play a pivotal role in 
identifying the domain of the news pieces. 
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Fig. 2. The word clouds of the top 200 most frequent words in GossipCop, COVID, and PolitiFact datasets, revealing domain shift at the word level. Named entities emerge as the most repetitive words 
within each domain. 
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across domains. This finer-grained analysis improves generalizability and mitigates the effects of domain shift. additionally, we 
propose to adoptively model the relationship between domain-specific features (from each expert) and target news examples inspired 
by the works on adoptive MoE (Guo et al., 2018; Zhou et al., 2022) to improve generalization. 

EMT comprises three modules: 1) Domain-Invariant encoder with entity abstraction strategy to improve the generalizability of 
news representation, 2) Domain-Specific encoder to learn the discriminative characteristics of each domain separately. The DS encoder 
uses multi-expert networks, with each expert capturing discriminative features based on news entities. 3) Cross-Domain Transformer 
(CT) that acts as a dynamic domain adapter for the input news. It contains a cross-domain encoder for investigation of domain re
lationships, and a cross-domain decoder that dynamically decodes domain experts’ knowledge based on the input news piece. This 
approach enables the model to pay more attention to domains that share similarities with the input news, resulting in the dynamic 
decoding of domain-specific knowledge for classifying news from unseen domains. This can improve the proposed method’s ability to 
generalize. 

We evaluate the EMT’s performance in multi-domain fake news detection through experiments in three different settings: su
pervised multi-domain, zero-shot setting on new unseen domain, and experiment with limited samples from new domain. Employing 
data from PolitiFact, GossipCop, and COVID domains, we train the model under various conditions to assess its adaptability and 
generalization capabilities. In the supervised multi-domain setting, the model is trained on all three domains and evaluated on their 
respective test sets. In the zero-shot setting, the model is trained on PolitiFact and GossipCop datasets, but tested on the unseen COVID 
dataset. Finally, in the experiment with limited samples from new domain, we train the model on a small portion of the COVID dataset, 
combined with the full PolitiFact and GossipCop datasets, simulating a real-world scenario with limited labeled data. Our goal is to 
understand the model’s ability to adapt to different training settings and generalize to new domains with varying amounts of available 
data. The model exhibits competitive performance in detecting fake news across various domains, effectively generalizes to unseen 
domains, and performs well in situations with limited labeled data from new domains. The main contributions of this paper can be 
summarized as follows:  

• We introduce entities in news as a key component in learning both domain-invariant and domain-specific news representations. We 
design entity abstraction to model domain-invariant news representation and use knowledge entity embeddings from Wikipedia to 
incorporate entity background information for fine-grained news domain representation.  

• We propose a novel architecture for extracting domain-specific features without supervision using Transformer architecture and 
knowledge entity embeddings.  

• We propose Transformer decoding scheme that enables interaction between the DI expert and the DS experts using a cross-attention 
mechanism. By leveraging this approach, domains that share similarities with the input news are given more weight in the attention 
output, resulting in the dynamic decoding of domain-specific knowledge for inferring news from unseen domains. This significantly 
improves the proposed method’s ability to generalize.  

• We conduct extensive experiments using different settings to accommodate varying amounts of available data for new domains. 
The results demonstrate the effectiveness of our method compared to state-of-the-art models on the multi-domain dataset for fake 
news detection in all settings. 

2. Related work 

In this section, we initially present an overview of prior research conducted on fake news detection, followed by an exploration of 
domain adaptation in fake news detection. 

2.1. Fake news detection 

The detection of fake news has been the subject of considerable research efforts. Methods for detecting fake news can be broadly 
classified into two categories: content-based and context-based approaches (Zhou et al., 2019). Content-based approaches rely on the 
analysis of the linguistic and visual features of news articles which include news style features (Castillo et al., 2011; Zhu et al., 2022), 
and semantic cues such as the use of emotionally charged language (Kolev et al., 2022; Luvembe et al., 2023; Zhu et al., 2022) or 
various deep language models for news text embedding (Dun et al., 2021; Koloski et al., 2022; Zhu et al., n.d.). In addition, other 
models use the combination of visual and textual features of news, which have been shown to be a crucial factor in identifying fake 
news (Hua et al., 2023; Jing et al., 2023). 

Social-context-based methods for detecting fake news utilize different social contexts related to news, such as users’ stances from 
their comments (Sengan et al., 2023; Zou et al., 2023), user features (Shu & Wang, 2019) and user interactions, which can be rep
resented using various graph types. For instance, numerous investigations have modeled news dissemination patterns by incorporating 
distinct user representations (Dou et al., 2021; Guo et al., 2023; Kapadia et al., 2022). Other graph-based models have used the 
interaction between underlying users and news sources to obtain social context-based representations of news (Bazmi et al., 2023; 
Nguyen et al., 2020; Shu et al., 2019). 

2.2. Domain adaptation in fake news detection 

Although current fake news detection models have shown impressive performance within a single domain, they struggle to handle 
multiple domains or generalize to unseen domains due to the domain shift problem. This challenge has led to growing interest in 

P. Bazmi et al.                                                                                                                                                                                                          



InformationProcessingandManagement61(2024)103807

5

Fig. 3. The overall structure of the EMT model contains three components: 1- Domain-invariant encoder, 2-Domain-specific encoder, 3-Cross-domain Transformer.  
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domain adaptation techniques for fake news detection in recent years. Two lines of research dominate this field: multi-domain models 
and cross-domain models. Multi-domain models attempt to build a single, comprehensive model trained on data from multiple do
mains simultaneously. Conversely, cross-domain models focus on transferring generalizable knowledge from a source domain (where 
labeled data is abundant) to a target domain (where data might be scarce) to enhance performance in the target domain (Huang et al., 
2021; Nan et al., 2022; Ng et al., 2023; Zeng et al., 2024). Unlike multi-domain models that build a single model for multiple domains 
at once, these techniques aim for knowledge transfer specifically to the target domain. Consequently, they require further training or 
fine-tuning on target domain samples. Additionally, these methods often train on just two domains (source and target) and might lack 
generalizability across multiple domains, potentially limiting their effectiveness even for handling both source and target domains 
simultaneously. Our model focuses on multi-domain fake news detection to enhance domain generalization. 

Several multi-domain fake news detection models utilized the idea of MoE model. Multi-expert approach can help in capturing 
diverse characteristics of the data, making the model more robust to domain shifts. MoE models have proven to be a valuable tool for 
domain adaptation in various fields, including natural language processing (Guo et al., 2018), and computer vision (Zhou et al., 2021; 
Zhou et al., 2022). 

For fake news detection, MDFND (Nan et al., 2021) proposed a MoE model that uses a set of expert networks with a weighted linear 
gating function. M3FEND (Zhu et al., 2022) is also inspired by MoE and defines three expert networks, each responsible for extracting 
different views of news articles and their comments, including semantic, emotional, and stylistic perspectives. The model utilizes a 
domain memory to capture domain characteristics based on previously seen news domain. This memory helps select appropriate 
features from each expert network for a specific domain. Notably, this model extracted complicated style and emotion features from 
not only the news content but also its comments. Consequently, the model’s performance may suffer when there are limited comments 
available for each domain. Both of MDFEND and M3FEND need data from all domains during training for domain representation. This 
hinders their ability to generalize to unseen domains. MiDAS (Suprem & Pu, 2022) utilizes a domain-invariant encoder with multiple 
domain-specific decoders, each trained on individual domain data. An adaptive model selector estimates decoder relevance for new 
samples. While this model considers adaptive domain expert selection for new samples, aiding generalization, it does not take into 
account the diversity of topics within each domain, as it treats each domain with a single decoder as the domain expert. Consequently, 
this model does not exploit the correlation between different news domains. 

Several other domain adaptation methods focus on learning DI features from news content or social context to detect fake news 
across multiple domains and improve generalization. EANN (Wang et al., 2018) achieves DI features through joint supervision of a fake 
news detector and a domain discriminator. However, it neglects the discriminative characteristics specific to individual source do
mains (DS features). Both EDDFN (Silva et al., 2021) and LIMFA (Wu et al., 2024) address this by using adversarial feature disen
tanglement to separate DI and DS features for fake news detection. EDDFN employs domain adversarial feature alignment learning to 
obtain DI features. LIMFA, inspired by contrastive learning, proposes a center-based feature alignment across multiple domains to 
obtain DI features from a larger number of domains. However, a limitation of these two models is their use of a single vector to 
represent all DS features. This restricts the model’s ability to consider the wide range of DS features within each domain. 

RDGT-GAN (Varshini et al., 2023) is proposed to improve generalization by generating different adversarial representations of real 
data. However, these models struggle with domain shift. They cannot generate adversarial examples relevant to unseen data distri
butions, nor can they effectively handle entirely different domains present even during training. Knowledge graph-based multi-domain 
model KG-MFEND (Fu Et Al., 2023) integrates knowledge graph triples into BERT embeddings to enrich news representations using 
domain background knowledge. However, the model is not well-structured to fully address the domain shift problem. 

3. Problem definition 

The problem addressed in this paper is the development of a multi-domain fake news detection model that can accurately classify 
news articles as real or fake, even when presented with new, previously unseen domains. Consider a news piece denoted as P, which is 
classified into an explicit domain with a domain label D, where D is an element of the domain set DS = {D1,D2,…,DN}. Here, N is the 
total number of domains obtained from fake news dataset. Each news article is assigned a ground-truth label y, where y ∈{0, 1}, with 1 
indicating that the news article is fake, while 0 denotes that it is real. Given a news article P, the objective of multi-domain fake news 
detection is to identify the veracity of the news, i.e., whether it is fake or real. The model is trained on news pieces from various source 
domains, and subsequently, it is deployed on news pieces from different target domains, which may not necessarily align with the 
source domains. This approach aims to ensure that the model can effectively adapt and perform accurately on diverse domains. 

4. Method 

In this section, we provide a detailed explanation of the Entity-centric Multi-domain Transformer (EMT) model for domain 
generalization in fake news detection. Fig. 3 illustrates the entire structure of the model. First, we present an overview of the model. 
Then, we detail the components of EMT, which include a Domain-Invariant (DI) encoder, a Domain-Specific (DS) encoder, a Cross- 
domain Transformer (CT) for investigating domain relationships, and dynamic extraction of domain-specific knowledge based on 
the input news piece. The useful representations extracted from CT are then fed into the fake news predictor. 

4.1. Model overview 

Our proposed classification model, illustrated in Fig. 3, takes a news piece P as input. P is a sequence of words represented as P =
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{w1,w2,…,wn}. The model employs two distinct encoders, the DI and DS encoders, to process this sequence and extract multiple 
representations of the news P. The DI encoder, FDI, focuses on capturing the general domain-invariant knowledge present in the news 
piece P for fake news detection. FDI : P→hDI, transforms the sequence P into a domain-invariant news representation vector hDI ∈ Ro, 
where o is the dimension of the DI embedding subspace. The DS encoder, FDS, aims to capture domain-specific knowledge relevant to 
fake news detection within the news piece P. It leverages K expert networks, each specializing in identifying discriminative features 
associated with a particular implicit domain. These expert networks map the input sequence P to a set of vectors: FDS : P→{h1

DS,h2
DS,…,

hK
DS}, where hi

DS ∈ Rdi and di represents the dimensionality of the embedding subspace for the ith implicit domain obtained from expert 
network i. FDS enables the representation of domain-specific knowledge for each domain, allowing P to be effectively adapted to 
various contexts. Finally, as shown in Fig. 3, the outputs from both encoders – the domain-invariant representation hDI and the set of 
domain-specific representations {h1

DS,h2
DS,…,hK

DS} – are fed into the Cross-domain Transformer (FCT). By analyzing the relationships 
between these representations, FCT can identify the distinguishing characteristics across all relevant domains that are most informative 
for classifying the input news piece P as real or fake. 

4.2. Domain-invariant encoder 

The encoder FDI is responsible for learning domain-invariant features that are shared across all domains through a two-step process: 
entity abstraction and adversarial feature learning. 

4.2.1. Entity abstraction 
The entity abstraction aims to generalize news representation by substituting specific entity tokens with their corresponding entity 

types, resulting in a domain-invariant news representation. The entity types are defined based on the entity’s semantic meaning, such 
as a person, organization, location, and so on. For example, the news piece “US President Donald Trump did not announce a coronavirus 
vaccine was ready” is converted to “GPE President PERSON did not announce a PRODUCT was ready”. 

By abstracting entities to their types, the model focuses on broader semantic categories rather than specific entities, reducing its 
reliance on domain-specific information. This is particularly beneficial for robustness against domain shifts, as entities often differ 
significantly across domains as shown in Fig. 2. In addition, entity abstraction can help address the issue of entity bias in model 
generalization, as determined by (Zhu et al., n.d.), for future data by reducing the model’s reliance on specific entities for prediction. 

For each news piece P, represented by a sequence of words {w1,w2,…,wn}, we can define the entity abstraction process as follows: 
For each wi in P:  

• If wi is an entity token, replace wi with its corresponding entity type E(wi).  
• Otherwise, retain wi, so E(wi) is equal to wi. 

The resulting transformed news piece P’ can be represented as P’= {(E(w1), E(w2), …, E(wn)}. We use the SpaCy library in Python 
(Honnibal et al., 2020) to extract entities from the news content and map them to their corresponding entity types in SpaCy. In this 
process, entities of type Cardinal, Ordinal, and Date in SpaCy are not taken into consideration. 

Given the transformed news piece P’, we can encode its sequence of tokens as HDI =
{

hDI
1 , hDI

2 , …, hDI
N

}
, where hDI

i ∈ Ro, and o 

denotes the embedding dimension. We use RoBERTa (Liu et al., 2019), an enhanced BERT-based pre-trained model, for encoding the 
news content P’. Two Transformer layers are added on top of RoBERTa (without fine-tuning) to obtain the domain-invariant news 
sequence representation. In line with other classification tasks using BERT-based models, we just use the hidden feature vector from 
[CLS] token, denoted as hDI, for sequence representation. The CLS token embedding vector is considered to represent the overall 
sequence and is often used for classification tasks. Therefore, we utilize hDI as the domain-invariant news representation. hDI is the 
output of FDI as shown in Eq. (1): 

FDI(P) = hDI (1)  

4.2.2. Adversarial feature learning 
To ensure that the sequence representations obtained from the prior entity abstraction process are domain-invariant, we incor

porate adversarial domain classification in this component. To achieve this, we utilize a Gradient Reversal Layer (GRL) (Ganin et al., 
2016) to process the feature outputs, hDI, for domain classification. Specifically, the GRL is applied to the feature outputs to obtain a 
domain-invariant representation, which is then fed into a Multilayer Perceptron (MLP) for classification. The GRL is used to encourage 
the learning of domain-invariant representations by reversing the gradient during backpropagation. This reversal of gradients creates a 
domain confusion mechanism, making it difficult for the model to differentiate between different domains. We use cross-entropy loss 
as the objective function for domain classification. The process is described in Eqs. (2)-(4): 

hgrl = GRL(hDI), (2)  

Pd = Softmax
(
MLP

(
hgrl

))
, (3)  

Ld = CrossEntropy(Pd, yd), (4) 
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where yd is a news domain label obtained from the news category in our dataset i.e., COVID, GossipCop, or PolitiFact. Ultimately, hDI 
from this component serves as a domain-invariant news representation and is then used for extracting relevant features for news piece 
P from various domains in a cross-domain transformer (Section 4.4). 

4.3. Domain-specific encoder 

The DS encoder, FDS, is designed to model the discriminative characteristics of individual domains in fake news detection, drawing 
inspiration from MoE models. Typically, MoE models consist of a shared backbone network used across all expert networks and 
multiple expert networks, each responsible for a specific domain. However, training a separate model for each source domain leads to a 
significant increase in the number of model parameters. Furthermore, due to incomplete domain labeling of news, it is not possible to 
assign each input news piece to a single expert network. Therefore, our goal is to efficiently extract domain-specific features without 
supervision (without explicit single domain labels from dataset). 

As previously mentioned, entities provide crucial information about the domain of a news article. Hence, we utilize them to create 
an implicit representation of the news domain, rather than relying on explicit single domain labels from the dataset. The core idea of 
the DS encoder is to divide the embedding space, which represents the news content, into multiple subspaces using expert networks. 
Each expert network focuses on capturing discriminative features based on entities within the news content. By constructing experts 
based on entities, the model focuses on finer-grained topics, leading to a more comprehensive understanding of data characteristics 
across domains and capturing more diverse domain-specific features. This finer-grained analysis improves generalizability and mit
igates the effects of domain shift. 

4.3.1. Knowledge entity extraction and embedding 
We use the SpaCy library to extract entities for each news piece. In this paper, we utilize Luke (Yamada et al., 2020) for knowledge 

entity embedding. LUKE is a pre-trained language model based on the Transformer (Vaswani et al., 2017) architecture, specifically 
designed for the purpose of entity embedding. Luke leverages a large entity-annotated corpus from Wikipedia as its primary training 
source to generate contextualized representations of entities. Since LUKE utilizes the knowledge of entities from the Wikipedia 
knowledge-base to obtain entity representations, we refer to them as knowledge entities. 

Consider a news piece P containing m entities with representation vectors EP = {e1, e2,…, em} obtained from LUKE model. To 
obtain a fixed-length entity vector for each news piece that represents the implicit domain of the news, we average the entity vectors of 
P to form eP ∈ Rde , which serves as the entity vector for news piece P. de is the dimension of the entity embedding space. 

4.3.2. Entity projection 
The DS encoder aims to divide the embedding space, representing the news content, into several latent subspaces using expert 

networks, with each expert capturing discriminative features based on news entities. To achieve this, we define multiple projection 
heads in the entity embedding space, with each head implicitly covering a subset of entities (e.g., political entities, COVID-related 
entities) within the latent space. These projected heads act as guides for the individual experts. In this model, each expert is 
designed as a lightweight, knowledge-guided attention head (inspired from multi-head attention in Transformers) to efficiently model 
domain-specific features. 

Our goal is to project the entity vector, eP, into multiple subspaces, as illustrated in Fig. 3. Each subspace corresponds to a set of 
related entities. To achieve this, we use a set of K (number of expert networks) projection matrices W = {W1, W2, ..., WK} to generate 
K entity projection heads to guide the K expert network, where Wi ∈ R(de×Ei), de is the dimension of the entity embedding, and Ei is the 
dimension of the ith entity head’s subspace. The projection of the news entity vector, ep, into the ith entity head subspace is computed 
as Eq. (5): 

zi = ePWi, (5)  

where zi ∈ REi is the ith entity head (top part of domain-specific encoder in Fig. 3). 
Nesxt, we calculate the domain-specific expert features for P using the attention mechanism in Transformer (Vaswani et al., 2017). 

Before describing each expert network in DS architecture in detail, we first describe the multi-head attention in Transformer 
architecture. 

4.3.3. Multi-head attention in transformer 
The multi-head attention module in Transformer (Vaswani et al., 2017) enables different attention heads to focus on distinct 

representation subspaces, allowing the model to learn the input from multiple perspectives. In a multi-head attention mechanism with 
n heads, the Q, K, and V matrices are linearly projected n times using distinct learned linear projections for each subspace. Attention 
scores are computed for each projected Q and K pair using Eq. (6). The resulting values from the different heads are then aggregated 
using Eq. (8). 

Attention(Q, K, V) = Softmax
(

QKT
̅̅̅̅̅
dk

√

)

) V, (6)  

headi = Attention
(
QWq

i ,KWk
i ,VWV

i
)
, (7) 
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MultiHeadAttention(Q, K, V) = Concat(head1, head2,…, headn)Wo, (8)  

where Wq
i , Wk

i , and WV
i are the learned linear projections for the ith head, and Wo is the learned linear projection for the output. dk is 

the dimension of the key vectors. 

4.3.4. Multi-head attention with domain-aware head aggregation in EMT 
As shown by previous works, each head in multi-head attention in BERT-like language models is responsible for attending to a 

different aspect of the input, such as semantic, positional, or syntactic dependency modeling (Clark et al., 2019; Htut et al., 2019; Voita 
et al., 2019; Zhang et al., 2022). The discriminability of these aspects varies across different news domains when it comes to fake news 
detection. For instance, the stylistic and syntactic viewpoint serves as a discriminative feature for identifying the veracity of news in 
the Science Domain, but it does not hold the same discriminative power in the Entertainment Domain, as demonstrated in (Zhu et al., 
2022). Hence, we exploit the heads in multi-head attention of BERT-based embedding for modeling discriminative characteristics of 
each domain to tackle the problem of domain shift. In the EMT model, the aggregation of heads for each token is performed based on 
the knowledge of news domain (instead of Eq. (8)). In fact, EMT exploits the multi-head attention mechanism with domain-aware 
aggregation to capture domain-specific features. This allows the model to effectively capture the specific features unique to each 
domain, mitigating the impact of domain shift on veracity detection. The process is described in detail in the subsequent sections. 

4.3.5. Domain-specific shared encoder 
The DS encoder comprises a shared backbone Transformer model with multiple attention heads per token. The shared backbone, 

denoted by Fshared, includes two Transformer layers on top of RoBERTa (without fine-tuning) to obtain the sequence representation of 
tokens for the news piece P, as shown in Eq. (9), 

Fshared(P) =
{

hj
i

}j=1,2,⋯,H

i=1,2,⋯,t
(9)  

where hj
i ∈ RC, and C denotes the head embedding dimension from multi-head attention in the Transformer layer, H is the number of 

heads, and t is the number of tokens. Therefore, for a news piece P, the output of the shared backbone is a set of H head embedding 
vectors for each token, before aggregating the heads according to Eq. (8). 

4.3.6. Knowledge-guided attention experts 
For a news piece P, we utilize each entity head zk (k ∈ 1,2,…,K) as a query and all H heads of each token as keys and values, and 

compute the attention score using Eq. (6) to weigh the contribution of the entity head zk to each head for each token. This process 
creates K separate expert networks, denoted by F1

DS, F2
DS,…,FK

DS. Each of these networks processes each token hj=1,2,...,H
i (considering all 

H heads for each token) as shown in Eq. (10): 

Fk
DS

(
hj=1,2,...,H

i

)
= Attention

(
zk, hj=1,2,...,H

i , hj=1,2,...,H
i

)
,

k ∈ 1, 2,⋯,K
(10)  

where Attention is computed according to Eq. (6). 
For all tokens in the news piece P, the function Fk

DS is applied, resulting in the following output: 

Fk
DS(P) =

{
Fk

DS

(
hj=1,2,...,H

1

)
, Fk

DS

(
hj=1,2,...,H

2

)
, ..., Fk

DS

(
hj=1,2,...,H

t

)}
, (11) 

The output of each expert network Fk
DS, which consists of the knowledge-modulated token representation vectors, is averaged to 

obtain a single vector as the domain-specific news features of domain k, denoted by hk
DS . Thus, the output of the DS encoder, containing 

the outputs of all K domain experts, can be represented as: 

FDS(P) =
{
h1

DS, h
2
DS, ..., h

K
DS
}

(12) 

By incorporating knowledge entities and expert networks in the DS Encoder, we can effectively model the discriminative char
acteristics of individual source domains in fake news detection, overcoming the limitations of traditional MoE models. 

4.4. Cross-domain transformer 

As mentioned previously, each news piece may be associated with multiple domains. For this reason, it is critical to identify a subset 
of relevant features for news veracity detection from each domain expert (created in the DS encoder) and combine them. For this goal, 
a Cross-domain Transformer (CT) is designed, which contains an encoder and decoder modules. The CT encoder aims to model the 
relationships and connections among various domains. The encoder contains a multi-head self-attention (the queries, keys, and values 
are identical) block to model interaction among different domains and learns their dependency relationships. It takes the K domain- 
specific features {h1

DS, h2
DS, …, hK

DS} generated by the DS encoder, as input and outputs a set of domain relationship features 
R={r1, r2,…, rK} using Eqs. (6)–(8), where ri ∈ Rdr and dr is the dimension of the feature space. 
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The CT decoder is designed to identify the relevant knowledge available in each domain expert and dynamically decode the domain 
experts’ knowledge for inference of a news piece’s veracity. Indeed, the CT decoder acts as a dynamic domain adapter for input news. 
The decoder utilizes multi-head cross-attention (queries are different from keys, and values). Specifically, the decoder utilizes the 
domain relationship feature vectors, R, as both keys and values and the domain-invariant news representation, hDI, as the query. This 
approach allows the decoder to establish links among domain experts and the target news domains. According to the description, the 
cross-domain decoder computes the dynamic expert aggregation as follows: 

βi = Softmax
(

hDIri
T

̅̅̅̅̅
dr

√

)

(13)  

hR =
∑K

i=1
(βiri) (14) 

βi is attention score for ri, which reflects the importance of the ith domain expert’s knowledge based on its relevance to the domain- 
invariant news representation (hDI). The resulting representation vector hR, captures the most relevant features across all pertinent 
domains for the specific news piece. Finally, hR is passed through an MLP layer for news classification. This representation can be 
expected to encompass the distinguishing characteristics across all relevant domains for the classification of the input news piece P. 

4.5. Fake news classification 

With the resulting representation vector hR, we employ the cross-entropy loss to predict whether the news piece is fake or real, as 
follows: 

Pf = sigmoid(MLP(hR)), (15)  

Lf = − ylog
(
Pf
)
− (1 − y)log

(
1 − Pf

)
, (16)  

where y ∈ {0,1} is the ground-truth news veracity label i.e., real or fake. 
Final Loss: The overall loss of the model is the combination of domain-classification loss Ld from domain-invariant module and fake 

news classification loss Lf as follows: 

L(θ) = λf Lf + λdLd (17) 

Here λf and λd are coefficients that control the weight given to the fake news classification loss and domain classification loss, 
receptively. θ determines all the model parameters. 

5. Experiment 

In this section, we will initially introduce the datasets employed in our experiments. Subsequently, we will outline the experiments 
conducted to address the following research questions: 

RQ1: What is the performance of EMT in comparison to other multi and single-domain models in detecting fake news on a multi- 
domain dataset? 
RQ2: How does the EMT model compare to other models in terms of generalization to detect fake news in new domains? 
RQ3: What is the performance of EMT in comparison to other state-of-the-art multi-domain models when a low amount of data 
from one domain exists at an early stage for early fake news detection? 
RQ4: What impacts do various elements of EMT have on fake news detection? 

To answer the above questions, we explore the performance of EMT when trained on varying amounts of data from one domain. We 
conduct three types of experiments to evaluate the model’s performance under different settings: supervised multi-domain, zero-shot 
setting on new domain, and limited samples on new domain to answer RQ1, RQ2, and RQ3, receptively. 

5.1. Dataset 

We evaluate EMT with baselines using the multi-domain fake news detection dataset which is used in (Zhu et al., 2022). The dataset 
is a combination of FakeNewsNet (Shu et al., 2020) and MM-COVID (Li et al., 2020) datasets. FakeNewsNet contains news gathered 
from two fact-checking platforms: PolitiFact,1 which contains political news; and GossipCop,2 which verifies news related to celeb
rities. MM-COVID contains fake news about COVID-19. The dataset statistics are presented in Table 1. 

1 https://www.politifact.com/  
2 https://www.gossipcop.com/ 
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5.2. Baselines 

In the experiments, we have employed a variety of baseline models for comparison. Following (Zhu et al., 2022), these baselines fall 
into three main categories:  

A. Single-domain methods 
These methods train separate models for each domain. The baselines employed in this category include: 
BiGRU (Ma et al., 2016): A common text encoding baseline for fake news detection based on Recurrent Neural Networks (RNN). 
One BiGRU layer with a hidden size of 300 is used in this paper. 
TextCNN (Kim, 2014): A common Convolutional Neural Networks (CNNs) based text encoder. TextCNN with 5 kernels of 
varying strides (1, 2, 3, 5, and 10), each with 64 channels is used in this paper. 
RoBERTa (Liu et al., 2019): An enhanced BERT pretraining model that encodes news content tokens and uses average em
beddings for final predictions.  

B. Mixed-domain methods 
These methods combine the data of all domains and treat them as a single domain. Following (Zhu et al., 2022) the single-domain 

models BiGRU, TextCNN, and RoBERTa are also used in this category, along with: 
StyleLSTM (Przybyła, 2020): This model uses a BiLSTM to extract news representations from content and combines them with 
news style features (such as news readability, formality, credibility, interactivity, integrity, etc.) for final predictions. 
DualEmo (Zhang et al., 2021): This model employs a BiGRU for news representation and combines it with emotion features 
(such as emotional category, sentiment score, emotional intensity, emotion score, number of pronouns, etc.) from news content 
and its comments to predict the veracity of news article.  

C. Multi-domain methods 
These methods are designed especially for multi-domain fake news detection: 
EANN (Wang et al., 2018): This model uses adversarial training to learn domain-invariant news representations for fake news 
detection. 
MMoE (Ma et al., 2018): A widely used multi-domain model that utilizes multi-gate MoE, where each domain is associated with 
a gate. In this model, both the experts and the gates are implemented as MLPs. 
MoSE (Qin et al., 2020): This model utilizes multi-gate MoE like MMoE, however in this model experts are LSTM rather than 
MLP. 
EDDFN (Silva et al., 2021): This model uses two distinct domain-specific and domain-invariant encoders for news represen
tation through adversarial training. All encoders are MLPs. 
MDFEND (Nan et al., 2021): A multi-domain fake news detection model incorporating MoE with a domain gate to assign 
weights to experts for individual news items. Each expert in the model is a CNN layer. 
M3FEND (Zhu et al., 2022): The latest state-of-the-art multi-domain fake news detection model that incorporates multi-view 
feature extraction from news text and its comments, including semantic, style, and emotion views. The model utilizes adap
tive cross-view interactions between these different views by using memory to store and retrieve relevant information from 
various domains. 

The dataset and baseline implementation and settings are obtained from the paper by Zhu et al. (2022) and the corresponding 
GitHub3 repository. RoBERTa is utilized for news content embedding in all baselines except for BiGRU and TextCNN, which use 
word2vec (Mikolov et al., 2013) embeddings. 

5.3. Experimental settings 

Following (Zhu et al., 2022), We use accuracy, F1 scores, and Area Under the Curve (AUC) as performance evaluation metrics. As 
the class distribution is imbalanced, we report macro F1. We conduct 5-fold cross-validation and present the averaged outcomes. All 
models are trained for a maximum of 50 epochs, utilizing Adam optimization with early stopping. An Adam learning rate is set by grid 
search, ranging from 1e− 2 to 1e− 6. Apart from employing early stopping based on validation sets, no additional dataset-specific 
adjustments are made. The number of domain expert networks for EMT is set to 10, which is obtained by grid search in {5, 10, 
15}. The RoBERTa base model is used for EMT news content embedding. The maximum length for sequences in all models is defined as 
300. After performing a grid search, λf and λd are set to 1 and 5, receptively. 

5.4. Supervised multi-domain setting 

In this setting, we train the EMT using a supervised learning approach for all domains. The dataset for each domain is split into 
training, validation, and testing subsets separately and then combined to preserve the distribution of domains within each subset. The 
model is trained on the combination of all three domains and evaluated on their respective test sets to measure its multi-domain 

3 https://github.com/ICTMCG/M3FEND 
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performance. In this setting for EMT, similar to multi-domain baselines, three different MLP heads are defined on hR for the classi
fication of data from each of the three domains. Table 2 presents the results, including F1 scores for each domain as well as the F1, 
accuracy, and AUC for overall performance. The best and second-best results are indicated by bold and underlined formatting, 
respectively. Based on these findings, we can draw several conclusions:  

• Comparing EMT to single-domain baselines, EMT consistently demonstrates superior performance across all metrics. This indicates 
that EMT effectively exploits correlations and shared information across domains. 

• Furthermore, since each domain contains multiple subdomains, the proposed EMT algorithm can capture the distinct character
istics of each subdomain, leading to improved model performance for each domain. 

• EMT also demonstrates better performance compared to mixed-domain baselines. Notably, it surpasses the StyleLSTM and Dual
Emo models, both of which incorporate additional features such as news style and emotion. However, the mixed-domain methods 
are still limited by their treatment of all domains as a single domain, which may not fully capture the domain-specific 
characteristics. 

• When compared to multi-domain baselines, the results of a paired t-test on EMT versus the best baselines exhibit the best per
formance among all models for the PolitiFact dataset in terms of F1 score and overall accuracy across all datasets. However, for the 
GossipCop dataset, M3FEND performs better in terms of F1 score. This indicates that style and emotion features from user feedback 
in their comments could be more important parameters than entities in detecting fake news for the GossipCop domain, which can 
be utilized for multi-domain news representation. For the COVID dataset, EMT performs comparably to the best baselines. 

Despite the state-of-the-art multi-domain model, M3FEND, including additional features such as news style and the emotion of news 
and social comments, EMT, which only utilizes news content, demonstrates effective performance in handling multi-domain data. 
Specifically, for the PolitiFact dataset where entities play an important role, the performance of EMT is particularly impressive. 
However, since we use a pre-trained Luke model that was trained on the December 2018 version of Wikipedia, the context of some 
entities, particularly for the COVID datasets, may not be fully available in that version. Consequently, the performance of EMT could 
potentially be enhanced by incorporating more up-to-date entity knowledge. This is an area that we plan to explore in future research. 

5.5. Zero-shot setting on new domain 

The second experiment investigates the model’s performance on an unseen domain. The results of the zero-shot setting demonstrate 
each model’s efficacy in addressing the domain shift problem and their ability to generalize to unseen domains. In this case, we exclude 
the COVID dataset during the training phase. The model is trained only on the PolitiFact and GossipCop datasets and then evaluated on 
the COVID dataset, which is left out entirely until the testing phase. This experiment tests the model’s ability to generalize to an unseen 
domain, commonly known as the zero-shot setting. Since the COVID dataset is newer than the others, we consider the model to be 
trained on older datasets for predicting the new domain which is COVID. As single-domain and mixed-domain models do not perform 

Table 1 
The statistics of the datasets.   

PolitiFact GossipCop MM-COVID All 

#Real 377 16,804 4750 21,931 
#Fake 363 5067 1317 6747 
Total 740 21,871 6067 28,678  

Table 2 
Results of supervised setting on the multi-domain dataset. * (p ≤ 0.05) indicates paired t-test of EMT vs. the best baseline.  

Methods GossipCop PolitiFact COVID Overall 

F1 ACC AUC 

Single-domain BiGRU 0.7690 0.7782 0.8845 0.7936 0.8668 0.8834 
TextCNN 0.7884 0.8002 0.9040 0.8131 0.8790 0.8982 
RoBERTa 0.7810 0.8860 0.9288 0.8154 0.8802 0.9108 

Mixed-domain BiGRU 0.7485 0.7380 0.7481 0.7574 0.8381 0.8506 
TextCNN 0.7539 0.7041 0.8328 0.7639 0.8342 0.8678 
RoBERTa 0.8022 0.7664 0.9159 0.8239 0.8823 0.9179 
StyleLSTM 0.8011 0.7626 0.9012 0.8193 0.8775 0.9120 
DualEmo 0.8049 0.7577 0.8854 0.8202 0.8786 0.9143 

Multi-domain EANN 0.7877 0.7125 0.8735 0.8025 0.8708 0.9023 
MMoE 0.8058 0.8573 0.9473 0.8373 0.8918 0.9270 
MoSE 0.7999 0.8385 0.9352 0.8292 0.8859 0.9185 
EDDFN 0.8002 0.8887 0.9431 0.8337 0.8920 0.9240 
MDFEND 0.7964 0.8784 0.9440 0.8323 0.8916 0.9264 
M3FEND *0.8223 0.8813 0.9469 0.8501 0.8986 0.9318 
EMT 0.8145 *0.8910 0.9404 0.8432 *0.9087 0.9309  
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well on unseen data, we only compare the model’s performance with multi-domain baselines. For MMoE and MoSE models, which 
consider different gates for each domain, the mean output of the PolitiFact and GossipCop gates is used for the COVID dataset. For 
M3FEND and MDFEND, the mean of domain embeddings for the PolitiFact and GossipCop datasets is used for the COVID domain 
embedding. 

The results of the zero-shot setting for the COVID dataset are shown in Table 3. The experiments were performed three times, and a 
paired t-test was computed to check the significance of the difference. The mean of experiments is reported in Table 3. From the results, 
it is observed that:  

• With the results of the t-test, we find that EMT outperforms the best baseline i.e., M3FEND significantly in terms of F1 (EMT: 0.7164, 
M3FEND:0.6939). Both EMT and M3FEND consider subdomains and subtopics and dynamically weight experts based on the input 
data, allowing them to generalize better than other baselines for unseen domains. M3FEND obtains news domain representation by 
considering the similarity of news pieces with others in memory, acting as an implicit domain representation alongside an explicit 
one. However, EMT benefits from background knowledge of entities for domain representation. Entities can provide context to 
news content. Understanding the types of entities and their relationships can help the model better grasp the meaning and domain 
relevance of the news. Instead of relying solely on word-level features, entity knowledge can provide a richer representation by 
including the relationships and characteristics associated with those entities. These can be more generalizable across domains 
compared to individual word features. Therefore, EMT can potentially create a more robust and nuanced domain representation, 
enabling it to capture a wider range of domain-specific features and perform better across different unseen domains (less sus
ceptible to domain shift). 

The other reason for EMT’s superiority lies in its novel architecture that utilizes entity-based expert networks. These networks 
enable the model to focus on finer-grained domain-specific features by analyzing entities within the news content. This leads to a 
more comprehensive understanding of the data across domains and mitigates the effects of domain shift in EMT, as demonstrated 
by the results of the zero-shot setting.  

• Other MoE models, such as MMoE, MoSE, and MDFEND, perform well in supervised settings. However, they struggle in zero-shot 
settings for unseen domains. This limitation can be attributed to their reliance on weighted linear gating functions to control expert 
contributions. These functions don’t consider domain-specific features from each expert based on the input news article. The results 
demonstrate the effectiveness of using cross-attention in the CT decoder instead of the linear layer for domain generalization to 
unseen domains in fake news detection. The main reason is that the CT decoder acts as a dynamic domain adapter for input news. It 
aggregates useful features from different domain experts based on the specific news article, enabling better adaptation to unseen 
domains.  

• In conclusion, the EMT model significantly outperformed baseline models in the zero-shot setting on the COVID dataset. This 
demonstrates its superior ability to generalize to unseen domains and effectively tackle the domain shift problem, a crucial 
challenge in real-world fake news detection. 

5.6. Experiment with limited samples on new domain 

The third experiment evaluates the model’s performance on the COVID dataset when only a small amount of labeled data is 
available. We use approximately 20 % of the COVID dataset for training, combined with the full PolitiFact and GossipCop training sets. 
The remaining 80 % of the COVID dataset is reserved for testing. This experiment simulates a real-world scenario where limited labeled 
data is available for a specific domain and assesses the model’s ability to learn effectively from limited examples. The results of this 
setting are shown in Table 4. 

In the limited samples on new domain setting, the EMT model outperforms all other models in terms of AUC score, and it achieves 
comparable F1 scores with the best-performing models (EDDFN and MMoE). It shows the EMT model’s effectiveness in learning from 
limited labeled data and its ability to generalize well to new domains with few examples. This highlights the model’s potential for real- 
world applications where acquiring labeled data is limited or expensive. In addition, the results show that the cross-domain Trans
former in EMT is effective in capturing the underlying relationships between different domains and using them to improve the model’s 
generalization performance. 

Both EDDFN and MMoE are effective in capturing domain-specific features and improving the model’s generalization performance. 
EDDFN uses a combination of domain-invariant and domain-specific encoders, while MMoE employs a gating mechanism to control 
the contribution of each domain expert. However, their performance is not good when dealing with unseen domains in the zero-shot 

Table 3 
Results of zero-shot setting on the COVID dataset. * (p ≤ 0.05) indicates paired t-test of EMT vs. the best baseline.  

Models F1 Accuracy AUC 

EANN 0.5665 0.8095 0.6802 
MMoE 0.6660 0.8164 0.8299 
MoSE 0.6522 0.7890 0.7236 
EDDFN 0.5725 0.8209 0.7125 
MDFEND 0.6210 0.7729 0.6939 
M3FEND 0.6939 0.8367 0.8042 
EMT *0.7164 0.8317 0.8355  
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setting. 

5.7. Ablation study 

In this section, we address RQ4 by conducting ablation studies to examine the role and design of each component in unseen domain 
classification. Additionally, we explore the impact of various expert aggregation strategies on classifying data from an unseen domain. 
All ablation studies are performed in the zero-shot setting. We define seven variants of EMT by removing certain components from the 
original EMT model:  

• EMT\DI: This variant excludes the DI encoder. The DS encoder’s output is passed to the Transformer encoder, and the resulting 
output is averaged for classification.  

• EMT\EA: In this variant, we remove the entity abstraction part from the DI encoder.  
• EMT\ADV: The adversarial loss is removed from EMT in this variant.  
• EMT\DS-CT: This version excludes the DS encoder and, since the CT input is the DS encoder output, also removes the CT. The 

output of the DI encoder is used for classification.  
• EMT\CT: This variant excludes the CT component. The outputs of the DI encoder and DS encoder are concatenated for 

classification.  
• EMT\CTE: In this version, we remove the encoder part of CT and use only the cross-attention between the DI encoder output and 

the DS encoder output (decoder part) for classification.  
• EMT\CTD: This variant removes the decoder part of CT, using the average of the encoder output for classification. 

Additionally, we introduce two other variants:  

• ELL: In this variant, the Experts are Linear Layers (ELL), similar to expert networks in the MMoE and MDFEND models. The average 
embedding of news tokens encoded by RoBERTa is used as input to the experts. 

• MGLA: To investigate the impact of expert aggregation strategies on unseen domain classification, we use Multi-Gate Linear Ag
gregation (MGLA) from Ma et al. (2018) instead of the CT component. MGLA includes different gates for various domains, each 
with its own classification head. Each gate consists of two linear layers with SoftMax to select and weight the experts’ output for 
each domain. In this variant, the DI news representation hDI is used as input to different gates to weight each expert’s contribution 
for classifying data from each domain. 

Table 5 shows the results of the ablation study in zero-shot setting on the COVID dataset. Based on the ablation study of DI, DS 
encoders, and CT, we find that all components are crucial for classifying data from an unseen domain. 

Table 4 
Results of experiments with limited samples from the COVID dataset. * (p ≤ 0.05) indicates paired t-test of EMT vs. 
the best baseline.  

Models F1 Accuracy AUC 

EANN 0.6913 0.8531 0.9313 
MMoE 0.9166 0.9475 0.9772 
MoSE 0.9096 0.9427 0.9703 
EDDFN 0.9207 0.9444 0.9757 
MDFEND 0.755 0.8748 0.9301 
M3FEND 0.8816 0.9233 0.9668 
EMT 0.9163 0.9479 *0.9805  

Table 5 
Results of ablation study in zero-shot setting on the COVID dataset.  

Models F1 Accuracy AUC 

EMT 0.7164 0.8317 0.8355 
EMT\CTE 0.686 0.827 0.789 
EMT\ADV 0.642 0.821 0.764 
EMT\CTD 0.656 0.811 0.789 
EMT\DI 0.625 0.808 0.690 
EMT\CT 0.6233 0.798 0.7498 
EMT\EA 0.588 0.808 0.776 
EMT\DS-CT 0.496 0.742 0.486 
ELL 0.617 0.779 0.784 
MGLA 0.592 0.804 0.810  
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5.7.1. Effectiveness of domain-invariant encoder and its design 
The EMT\DI results highlight the importance of the DI encoder in news classification. However, when the DI encoder is used alone 

in EMT\DS-CT for classification, the model’s performance decreases significantly, indicating that the DI encoder must work in 
conjunction with the DS encoder. These results imply the difficulty of obtaining domain-independent information that generalizes well 
to unseen domains. This reinforces the significance of incorporating domain-specific features and modeling domain discrepancy for 
effective fake news classification. 

To investigate DI encoder’s design, we use the average embedding of news tokens encoded by Roberta with domain classification 
adversarial loss for DI encoding of news in EMT\EA. This change dramatically reduces the model’s performance across all metrics, 
emphasizing the significance of entity abstraction in this architecture. Removing adversarial loss also decreases the model’s perfor
mance, showing that the combination of entity abstraction and adversarial loss is well-designed for domain-invariant news 
representation. 

5.7.2. Effectiveness of domain-specific encoder and its design 
The EMT\DS-CT results reveal that removing the domain experts makes the model inefficient. To investigate the effectiveness of the 

expert network design, we implement the ELL model using linear expert networks rather than entity-based experts. Comparing ELL’s 
performance with EMT demonstrates the importance of entity knowledge and the effectiveness of domain-aware head aggregation in 
DS encoder for domain generalization. 

5.7.3. Impact of CT and expert aggregation strategies 
The significance of CT in classifying news is demonstrated by using the concatenation of both DI and DS news representation 

without CT in EMT\CT. The CT encoder, which models the correlation between different domains, is effective based on the EMT\CTE 
results. In the CT decoder, the experts are dynamically decoded according to DI, which is important considering the EMT\CTD results. 
The results indicate that the CT decoder is more critical than the CT encoder. We investigate the effectiveness of CT by using a simpler 
aggregation method in MGLA, where a linear layer is employed on DI news representation instead of cross-attention to control each 
domain expert’s contribution. The MGLA results emphasize the effectiveness of the dynamic mechanism using cross-attention for 
domain generalization, as the model’s performance declines significantly. 

6. Discussion and conclusion 

In this paper, we have presented the Entity-centric Multi-domain Transformer (EMT), a novel approach for domain generalization 
in fake news detection. EMT leverages entities for learning domain-invariant and domain-specific news representations, addressing 
challenges such as domain shift and incomplete domain labeling. Our experiments under supervised multi-domain setting, zero-shot 
and limited samples on new domain settings demonstrate the effectiveness of EMT compared to state-of-the-art models on a multi- 
domain dataset for fake news detection. The performance of EMT demonstrates greater stability when faced with changes in 
domain and varying amounts of available training data, whereas other models exhibit fluctuating performance across different training 
settings. 

The supervised multi-domain results show that the EMT model exhibits competitive performance in fake news detection across all 
three categories of baseline models, i.e., single-domain, mixed-domain, and multi-domain baselines. This can be attributed to its novel 
architecture, which takes into account the individual characteristics of domains and sub-domains, explores domain relationships, and 
adaptively decodes domain experts’ knowledge based on the input news article. As a result, EMT effectively addresses the challenges 
associated with domain shift and incomplete domain labeling, leading to a robust and generalizable fake news detection model. The 
EMT model outperforms the baseline models in the zero-shot setting on the COVID dataset, demonstrating its ability to generalize 
effectively to an unseen domain. In the experiment with limited samples on new domain, the model is required to predict the veracity 
of news from a new domain, having only seen a few relevant samples during training. The results highlight the EMT model’s effec
tiveness in learning from limited labeled data and its ability to generalize well to new domains with limited examples. 

In conclusion, the experimental results show that the EMT model adeptly exploits correlations and shared information across 
domains, which with its entity abstraction strategy enhances the generalizability of news representation. The model’s capacity to adapt 
to different training settings and generalize to new domains with varying amounts of available data reveals its potential for real-world 
applications. 

For future work, we aim to enhance our model by focusing on explainable multi-domain fake news detection using auxiliary social 
knowledge sources and exploring reinforcement learning techniques to provide evidence for fake news detection. 
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