
From Blind Transfer to Wise Selection: Prototype-Driven Neighbor-Domain
Adaptation for Fake News Detection

Wayne Lu1*, Yiheng Li2†*

1Independent Researcher
2University of International Business and Economics, Beijing, China

lu.wayne0603@gmail.com, 23349096@suibe.edu.cn

Abstract
Multimodal fake news detection across different domains
is hampered by the critical challenge of negative transfer,
which arises from the indiscriminate fusion of knowledge
from all available source domains. Existing methods at-
tempt to learn domain-invariant features or leverage exter-
nal knowledge but often aggregate information from all do-
mains equally. However, these approaches largely ignore the
asymmetric relationships between domains, leading to per-
formance degradation when irrelevant or conflicting knowl-
edge is introduced. To address this, we propose a novel
PANDA (Prototype-driven Asymmetric Neighbor-Domain
Adaptation) framework that dynamically selects and inte-
grates knowledge from only the most beneficial domains.
Initially, PANDA employs a Domain-aware Modal Prompt
Generation (DMPG) module to learn transferable knowledge
representations for each domain. We then introduce a novel
Prototype-based Asymmetric Distance (PAD) to quantify di-
rectional domain transferability, which guides a Gumbel-
based Neighbor Selector (GNS) to identify the most relevant
neighbor domains. Subsequently, a Domain-Collaborative
Attention (DCA) module adaptively fuses the selected knowl-
edge to enhance the target domain’s representation. Extensive
experiments on three benchmarks demonstrate PANDA’s su-
periority, outperforming state-of-the-art baselines with an F1-
score improvement of 1.5% on the Weibo-21 dataset.

Code — https://github.com/lu-wayne/panda

Introduction
The rampant spread of fake news poses a profound threat to
social stability and public trust, making its automatic detec-
tion a critical area of research with widespread applications
(Segura-Bedmar and Alonso-Bartolome 2022; Zeng et al.
2024; Li et al. 2025h). In the contemporary media land-
scape, news is predominantly multimodal, composed of both
textual articles and associated imagery. This characteristic
renders traditional unimodal detection methods inadequate,
as they fail to capture the subtle yet crucial cross-modal
inconsistencies often exploited in sophisticated disinforma-
tion campaigns. Consequently, multimodal fake news detec-
tion, which jointly analyzes textual and visual content, has
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Figure 1: The performence of MMDFND(Tong et al. 2024)
and DAMMFND(Lu, Tong, and Ye 2025) with selected dif-
ferent domains on Weibo21 Datasets.

emerged as a more effective and necessary paradigm (Jing
et al. 2023). Furthermore, news span a multitude of domains,
such as politics, technology, and health. These domains ex-
hibit distinct characteristics and patterns of falsehood. The
significant domain shift between them often cripples models
trained on one domain when applied to another, which has
spurred the development of multi-domain multimodal fake
news detection to enhance model generalization and robust-
ness (Wang et al. 2023; Li et al. 2025e; Cui et al. 2025a).

To tackle the challenge of domain shift, existing multi-
domain fake news detection research has largely progressed
along two main avenues (Zhang, Zhang, and Yuan 2024;
Zeng et al. 2025a). The first category consists of domain
adaptation-aware methods (Wang et al. 2025; Li et al.
2023a; Chen et al. 2024). These approaches typically focus
on learning domain-invariant features by aligning the fea-
ture distributions of different domains (Zeng et al. 2025b; Li
et al. 2023b, 2024), often using techniques like adversarial
training or moment matching. The goal is to create a unified
representation that is robust across domains. The second cat-
egory involves leveraging domain-specific external knowl-
edge (Hu et al. 2021; Li et al. 2025b). These methods enrich
the model’s understanding by injecting external information,
such as knowledge graphs tailored to specific domains (e.g.,
a medical knowledge base for health news), to provide con-
textual cues for veracity checking (Li et al. 2025d). While
both lines of work have advanced the field, they implicitly
assume that knowledge transfer from all available source do-
mains is beneficial, an assumption that does not always hold
true (Li et al. 2025c; Xu et al. 2025; Li et al. 2025a,g).
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Despite significant progress, existing multi-domain meth-
ods face a core and persistent challenge: the negative trans-
fer problem (Li et al. 2025f, 2023c; Lu and Yin 2025; Mo
et al. 2024, 2025). This issue arises because current models
do not effectively model the complex and often asymmet-
ric relationships between domains (Cui et al. 2025b; Tong
et al. 2025; Li et al. 2025c, 2023d). When knowledge con-
flicts exist or when a domain is of low quality or rele-
vance, the undifferentiated use of information from all
available domains can introduce noise and bias, severely
degrading detection performance on the target domain.
For instance, consider the task of detecting fake news in the
“Science” domain (target domain). A model that indiscrim-
inately incorporates knowledge from the “Society” domain
(source domain) may suffer from negative transfer. The “So-
ciety” domain’s fake news patterns, such as sensational lan-
guage and digitally altered social photos, are largely irrele-
vant for identifying falsified scientific data or misinterpreted
clinical trials in a “Science” article. As illustrated in Figure
1, this relationship is often asymmetric: while knowledge
from the “Science” domain (e.g., identifying statistical falla-
cies) might help debunk a person’s pseudoscientific science
claims, the reverse is rarely true. Blindly transferring knowl-
edge from “Society” would thus confuse the model and harm
its performance in the “Science” domain.

To overcome the aforementioned limitation, we propose
a novel framework: PANDA (Prototype-driven Asymmetric
Neighbor-Domain Adaptation for Fake News Detection).
PANDA is designed to explicitly combat negative transfer
by dynamically selecting and integrating knowledge from
only the most beneficial domains. First, to capture the unique
essence of each domain, we introduce a Domain-aware
Modal Prompt Generation (DMPG) mechanism, which gen-
erates learnable prompts to represent the core modal-level
knowledge for each specific domain. These prompts inform
the learning of representative domain prototypes, which
serve as the foundation for our Prototype-based Asymmetric
Distance (PAD) metric, a novel measure designed to effec-
tively quantify the directional transferability from a source
domain to a target domain. Second, guided by the PAD met-
ric, we develop a Gumbel-based Neighbor Selector (GNS),
which performs a differentiable top-k selection to iden-
tify the most relevant source domains for a given news in-
stance. Finally, we design a Domain-Collaborative Attention
(DCA) module. This module uses a cross-attention mecha-
nism where the target domain’s prompts act as the query,
and the prompts from the selected neighbor domains serve
as keys and values, enabling an adaptive and nuanced fusion
of beneficial knowledge.

The main contributions of this paper are as follows:

• We identify and formulate the negative transfer prob-
lem in multi-domain fake news detection as a failure to
model asymmetric domain relationships, and propose a
new paradigm, PANDA, to explicitly address this issue.
To the best of our knowledge, this is the first work to
tackle this problem through prototype-driven asymmet-
ric knowledge transfer.

• We design a novel Prototype-based Asymmetric Distance

(PAD) metric. By learning compact domain prototypes
from domain-specialized features and calculating a di-
rectional distance, PAD provides a more accurate and in-
terpretable measure of domain relevance for knowledge
transfer compared to conventional symmetric metrics.

• We propose a dynamic knowledge transfer architec-
ture consisting of a Gumbel-based Neighbor Selector
(GNS) and a Domain-Collaborative Attention (DCA)
module. This architecture, powered by domain-aware
modal prompts, enables the model to adaptively select
the most beneficial source domains and integrate their
knowledge, effectively mitigating negative transfer.

• We conduct extensive experiments on several pub-
lic benchmark datasets. The results demonstrate that
PANDA achieves new state-of-the-art performance and
significantly outperforms existing methods, confirming
the effectiveness and robustness of our proposed ap-
proach.

Methodology
To address the challenge of negative transfer, we propose
PANDA, a novel framework designed for wise domain
selection and adaptive knowledge fusion. The overall ar-
chitecture of PANDA is illustrated in Figure 2. It con-
sists of four main components: (1) a Domain-aware Multi-
view Feature Extractor that generates domain-specialized
representations; (2) a Domain-aware Modal Prompt Gen-
erator that learns domain-specific knowledge cues; (3) a
Prototype-based Asymmetric Distance (PAD) metric calcu-
lator that measures directional domain similarity; (4) a Dy-
namic Neighbor Selector and Collaborator that identifies and
fuses knowledge from the most relevant domains.

Domain-aware Multi-view Feature Extraction
Given a news article Ni = (Ti, Vi) with domain label di, we
first extract its multimodal features.

Multi-view Feature Extraction We employ a suite of
pre-trained encoders to capture features from three distinct
views: textual, visual, and fused multimodal. A text en-
coder (e.g., BERT (Devlin et al. 2019)) processes the text
Ti to obtain a textual feature vector et,i ∈ Rdt . A vi-
sion encoder (e.g., ViT (Dosovitskiy et al. 2020)) processes
the image Vi to yield a visual feature vector ev,i ∈ Rdv .
Additionally, a multimodal encoder (e.g., CLIP (Radford
et al. 2021)) takes both Ti and Vi as input to produce
a fused cross-modal feature emm,i ∈ Rdmm . These fea-
tures are projected into a common latent space and con-
catenated to form an initial comprehensive representation:
em,i = [Projt(et,i); Projv(ev,i); Projmm(emm,i)] ∈ Rdm .

Domain-aware Mixture-of-Experts To capture domain-
specific nuances, we utilize a Mixture-of-Experts (MoE) ar-
chitecture, which we term the Domain-gated Expert Net-
work (DExNet). DExNet consists of a set of Lexp shared
expert networks {El}

Lexp

l=1 and a domain-specific gating net-
work G. Each expert El is a small feed-forward network.
The gating network G takes the comprehensive representa-
tion em,i and a learnable domain embedding di ∈ Rddom
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Figure 2: The architecture of PANDA framework. Domain-aware Multi-view Feature Extraction extracts and fuses features
across modalities and domains. Then, the “Prototype” mechanism is employed to quantify domain differences. Finally, neighbor
domains are dynamically selected by similarity, and combined with domain prompts, to achieve positive information transfer.

for the domain di as input, and produces a set of weights for
the experts:

αi,1, . . . , αi,Lexp
= Softmax(G([em,i;di])). (1)

The final domain-specialized feature representation hdi
is

the weighted sum of the outputs from all experts:

hdi
=

Lexp∑
l=1

αi,l · El(em,i). (2)

This allows the model to learn a customized feature repre-
sentation for each news article that is sensitive to its domain
context.

Domain-aware Modal Prompt Generation
To explicitly model the transferable knowledge of each do-
main, inspired by (Wen et al. 2025), we introduce a set of
learnable domain-aware modal prompts. For each domain
d ∈ D and each modality view m ∈ {t, v,mm}, we initial-
ize a set of Lp prompt vectors:

Πd,m = {πd,m,l ∈ RDp}Lp

l=1 (3)
where Πd,m is the collection of prompts for domain d and
modality view m, and Dp is the dimension of each prompt
vector. These prompts are learnable parameters, designed to
distill the core characteristics of each modality view within
a specific domain. They serve as condensed representations
of domain-specific knowledge and will later be used as
queries to seek collaborative information. For each domain
d, we form a unified domain prompt set by concatenating the
prompts from all three views, Πd = [Πd,t;Πd,v;Πd,mm] ∈
R3Lp×Dp .

Prototype-based Asymmetric Distance

To quantify the transferability between domains, we first
learn a set of representative prototypes for each domain and
then compute an asymmetric distance metric based on them.

Domain Prototype Learning For each domain d ∈ D,
we aim to learn a set of M prototypes Cd = {cd,j}Mj=1,
where each cd,j ∈ Rdh encapsulates a salient characteristic
of that domain. These prototypes are learned from the set of
all domain-specialized features {hdi

|di = d} belonging to
domain d. We employ a vector quantization approach within
an autoencoder framework (Cao et al. 2023). An encoder
maps hdi

to a latent representation, which is then quantized
by finding the nearest prototype in the codebook Cd. A de-
coder then reconstructs the original feature from the quan-
tized representation. The prototypes (the codebook vectors)
are updated via the reconstruction loss Lrec:

Lrec = Ei:di=d

[
||Dec(Quantize(Enc(hdi

)))− hdi
||22

]
.
(4)

This process ensures that the prototypes Cd become compact
and representative summaries of domain d.

Asymmetric Distance Calculation With the learned
prototypes, we define the Prototype-based Asymmetric
Distance (PAD) from a source domain s to a target domain
t, denoted as dist(s → t). It measures how well the knowl-
edge from domain s can be applied to domain t. This is cal-
culated as the average minimum distance from each proto-
type of the source domain to the set of prototypes in the
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target domain:

dist(s → t) =
1

M

M∑
j=1

min
ct,l∈Ct

||cs,j − ct,l||2. (5)

This distance is inherently asymmetric, i.e., dist(s → t) ̸=
dist(t → s), reflecting the directional nature of knowledge
transfer. A lower dist(s → t) indicates higher relevance of
domain s to domain t.

Dynamic Neighbor-Domain Selection and Fusion
Guided by the PAD metric, we dynamically select the most
beneficial neighbor domains and fuse their knowledge using
an attention mechanism.

Gumbel-based Neighbor Selector (GNS) For a news
item from a target domain t, we first compute its transfer-
ability score with respect to all other potential source do-
mains s ∈ D. The similarity is the inverse of the distance,
sim(s → t) = 1/(dist(s → t) + ϵ), where ϵ is a small
constant for stability. To select the top-S most beneficial do-
mains in a differentiable manner, we employ the Gumbel-
Softmax trick (Jang, Gu, and Poole 2016). We generate a
selection vector st ∈ RK :

st = Gumbel-Softmax(log(sim(· → t))), (6)
where sim(· → t) is the vector of similarity scores from all
domains to domain t. The Gumbel-Softmax outputs a sparse
probability distribution, effectively performing a soft selec-
tion of the top domains, which becomes a hard one-hot se-
lection at test time.

Domain-Collaborative Attention (DCA) To fuse knowl-
edge from the selected domains, we use the domain prompt
sets in a cross-attention mechanism. For a target domain
t, its prompt set Πt serves as the Query. The prompt sets
of all domains, concatenated into a global prompt bank
Πall = [Π1;Π2; . . . ;ΠK ] ∈ R(K·3Lp)×Dp , serve as the
source for Keys and Values. The attention is modulated by
the GNS selection vector st.

Q = ΠtWQ, K = ΠallWK , V = ΠallWV , (7)

scores =
QK⊤
√
dk

+Mmask, (8)

Hcollab = Softmax(scores)V, (9)
where WQ,WK ,WV are learnable projection matrices.
Mmask ∈ R3Lp×(K·3Lp) is a mask matrix derived from the
GNS selection vector st. The mask adds a large negative
value to the attention scores corresponding to non-selected
domains, effectively removing their contribution. The result-
ing matrix Hcollab ∈ R3Lp×Dp contains the contextually
enriched prompts for the target domain. We aggregate this
information via mean pooling to get the final collaborated
knowledge vector: hcollab = Mean(Hcollab).

Prediction and Loss Function
Finally, the collaborated knowledge is combined with the
instance-specific feature to make the final veracity predic-
tion.

Final Classification The domain-collaborated knowledge
hcollab is fused with the domain-specialized feature hdi for
the given news item. This is achieved through a simple con-
catenation followed by a multi-layer perceptron (MLP):

hfinal = MLP([hdi
;hcollab]). (10)

The final representation hfinal is then passed through a fi-
nal classification layer with a sigmoid activation function
to produce the probability of the news being fake, ŷi =
σ(Linear(hfinal)).

Optimization Objective The overall model is trained by
minimizing a composite loss function Ltotal, which includes
the primary classification loss and the auxiliary prototype
reconstruction loss:

Ltotal = Lcls + λLrec, (11)

where λ is a hyperparameter to balance the two terms. The
classification loss Lcls is the standard binary cross-entropy
(BCE) loss:

Lcls = − 1

N

N∑
i=1

[yi log(ŷi) + (1− yi) log(1− ŷi)] . (12)

The reconstruction loss Lrec is the sum of the prototype
learning losses across all domains, ensuring the quality of
the learned prototypes. By optimizing this joint objective,
PANDA learns to not only classify news but also to under-
stand the intricate relationships between domains for effec-
tive knowledge transfer. Furthermore, we provide detailed
theoretical proofs to demonstrate that our scheme can effec-
tively alleviate the problem of negative transfer between do-
mains, which can be found in the supplementary materials.

Experiments
In this section, we conduct extensive experiments on three
public datasets to answer the following research questions:

• (Effectiveness) RQ1: Does our proposed PANDA out-
perform state-of-the-art multi-domain and multimodal
fake news detection baselines?

• (Ablation) RQ2: How do the key components within
PANDA contribute to its overall performance?

• (Sensitivity) RQ3: How sensitive is PANDA to its key
hyperparameters?

• (Analysis) RQ4: Can PANDA effectively mitigate nega-
tive transfer from irrelevant domains?

• (Efficiency) RQ5: What is the computational efficiency
of PANDA in terms of parameters and inference time?

• (Visualization) RQ6: Can PANDA learn discriminative
and domain-adaptive representations for detection?

Experimental Settings
Datasets Following previous work (Tong et al. 2024), our
model is evaluated on three real-world datasets: two Chi-
nese multi-domain datasets, Weibo (Wang et al. 2018) and
Weibo-21 (Nan et al. 2021), and one English multi-domain
dataset, FineFake (Zhou et al. 2024). The Weibo and Weibo-
21 datasets are divided into nine domains, while FineFake
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contains six domains and one uncategorized domain. We
use the same data partitioning method as MMDFND (Tong
et al. 2024) and KEAN (Zhou et al. 2024), and more de-
tailed dataset descriptions can be found in the appendix of
the supplementary materials.

Baselines To comprehensively assess the performance of
our proposed model, we compare it against baseline meth-
ods organized into three categories: (1) single-modal multi-
domain methods, including: MMoE (Ma et al. 2018), MoSE
(Qin et al. 2020), MDFEND (Nan et al. 2021), M3DFEND
(Zhu et al. 2022) and PLDFEND (Peng et al. 2023); (2)
multi-modal multi-domain methods, including: KATMF
(Song et al. 2021), MMDFND (Tong et al. 2024) and
DAMMFND (Lu, Tong, and Ye 2025); Descriptions of
baseline methods and more relate works can be found in the
appendix of the supplementary materials.

Implementation Details We implement our model using
PyTorch (Paszke et al. 2019) and conduct all experiments
on NVIDIA RTX 4090 GPUs. For text processing, we use
a pre-trained BERT (Devlin et al. 2019) model, setting the
maximum sequence length to 197. For image processing,
we use a pre-trained ViT (Dosovitskiy et al. 2020) model
with input images resized to 224×224 pixels. For the ini-
tial multimodal representations, we utilize CN-CLIP (Yang
et al. 2022) for the Chinese datasets and CLIP (Radford et al.
2021) for the English dataset. In our Domain-gated Expert
Network (DExNet), the number of experts Lexp is set to 8.
For the Domain-aware Modal Prompt Generator (DMPG),
we use Lp = 4 prompts per modality view. The number of
domain prototypes M for the PAD metric is set to 16. The
Gumbel-based Neighbor Selector (GNS) is configured to se-
lect the top-S = 2 neighbor domains. We train the model
using the AdamW optimizer with a learning rate of 1e-4 and
a batch size of 32. The balancing hyperparameter λ for the
reconstruction loss is set to 0.1. Performance is evaluated
using Accuracy, F1-score, and AUC.

Overall Performance (RQ1)
Table 1 presents the overall performance comparison be-
tween PANDA and various baseline methods. The results
clearly demonstrate the superiority of our proposed ap-
proach across all three benchmark datasets.

(1) PANDA achieves new state-of-the-art performance.
As shown, PANDA consistently outperforms all baselines in
terms of overall F1, Accuracy, and AUC. For instance, on
Weibo-21, PANDA achieves an F1-score of 0.958, surpass-
ing the previous best method, DAMMFND, by 1.5%. This
significant improvement is attributed to PANDA’s ability to
mitigate negative transfer by wisely selecting and integrat-
ing knowledge from the most beneficial neighbor domains,
leading to more robust and generalized representations.

(2) Multimodal multi-domain methods demonstrate
superior performance. The results also indicate that mul-
timodal methods (e.g., MMDFND, DAMMFND, PANDA)
significantly outperform single-modal methods (e.g., MD-
FEND, M3DFEND). This highlights the critical importance
of leveraging cross-modal information for detecting fake
news. PANDA further advances this by not only exploiting

multimodal cues but also explicitly modeling the asymmet-
ric relationships between domains, which allows for more
effective knowledge transfer and ultimately leads to its su-
perior performance.

Ablation Study (RQ2)
We conduct a series of ablation experiments to validate the
effectiveness of each key component in PANDA. The re-
sults, summarized in Table 2.

Effect of Neighbor-Domain Selection. We design two
variants to analyze core selection mechanism. (1) -
GNS/PAD (Blind Transfer) removes both the GNS and the
PAD metric, forcing model to aggregate information from all
domains indiscriminately. (2) -PAD (Symm. Dist.) replaces
our Prototype-based Asymmetric Distance with a symmet-
ric one (e.g., Euclidean distance between domain prototype
centroids). The significant performance drop in the “Blind
Transfer” variant confirms our central hypothesis that indis-
criminate knowledge fusion leads to negative transfer. The
lesser, yet still notable, decline in the “-PAD (Symm. Dist.)”
variant validates the importance of modeling asymmetric na-
ture of domain relationships for valid knowledge transfer.

Effect of Knowledge Representation and Fusion. We
analyze the prompt generator and the fusion module with
two variants. (1) -DMPG removes the Domain-aware Modal
Prompt Generator and uses simple learnable domain embed-
dings as queries for attention. (2) -DCA (Avg. Fusion) re-
places the Domain-Collaborative Attention with a simple av-
eraging of the selected neighbor domains’ prompt features.
The performance degradation in both cases underscores the
benefits of our designs. The results for -DMPG show that
learning rich, modal-specific prompts is superior to a sin-
gle domain vector. Similarly, the results for -DCA (Avg. Fu-
sion) demonstrate that the attention mechanism provides a
more nuanced and effective fusion of knowledge compared
to simple averaging.

Parameter Sensitivity Analysis (RQ3)
We analyzed the sensitivity of PANDA to four key hyper-
parameters on the Weibo-21 dataset: the number of domain
prototypes M , the number of selected neighbor domains S,
the dimension of domain prompts Dp, and the loss balancing
coefficient λ. As shown in Figure 3, PANDA demonstrates
robust performance across a reasonable range for all tested
hyperparameters. For instance, performance peaks when the
number of prototypes M is 16 and the number of selected
neighbors S is 3, indicating that a moderate number of pro-
totypes can effectively capture domain characteristics and
that fusing knowledge from a few highly relevant domains
is more effective than including too many. The model is rel-
atively stable with prompt dimensions between 64 and 256.
This overall robustness reduces the burden of extensive hy-
perparameter tuning and demonstrates the stability of our
proposed framework.

Negative Transfer Mitigation Effect (RQ4)
To explicitly verify that PANDA can mitigate negative trans-
fer, we designed a targeted experiment on the Weibo-21

822



Method Sci. Mil.
Con.

Edu.
Unc. Soc. Pol. Hlth. Fin. Ent. Dis.

Int
Overall

F1 Acc AUC

W
ei

bo
MMoE* 0.576 0.913 0.849 0.887 0.733 0.829 0.811 0.832 0.881 0.875 0.875 0.949
MoSE* 0.795 0.736 0.837 0.910 0.766 0.857 0.793 0.842 0.885 0.889 0.889 0.955

MDFEND* 0.772 0.914 0.895 0.905 0.761 0.876 0.810 0.879 0.876 0.903 0.903 0.966
M3DFEND* 0.794 0.901 0.925 0.910 0.768 0.861 0.901 0.897 0.878 0.927 0.927 0.970
PLDFEND 0.840 0.915 0.882 0.927 0.921 0.920 0.926 0.898 0.447 0.926 0.929 0.975

KATMF 0.833 0.906 0.921 0.897 0.825 0.895 0.901 0.906 0.892 0.931 0.931 0.968
MMDFND* 0.826 0.909 0.939 0.941 0.732 0.915 0.914 0.919 0.886 0.933 0.933 0.973
DAMMFND* 0.853 0.911 0.956 0.943 0.822 0.939 0.937 0.956 0.928 0.941 0.944 0.979

PANDA 0.935 0.947 0.941 0.919 0.942 0.976 0.932 0.954 0.923 0.951 0.953 0.987

W
ei

bo
-2

1

MMoE* 0.877 0.909 0.872 0.873 0.865 0.934 0.858 0.886 0.879 0.893 0.893 0.955
MoSE* 0.848 0.887 0.879 0.875 0.878 0.919 0.865 0.893 0.869 0.895 0.895 0.953

MDFEND* 0.832 0.936 0.893 0.895 0.888 0.938 0.897 0.904 0.902 0.914 0.914 0.969
M3DFEND* 0.831 0.948 0.901 0.906 0.885 0.943 0.903 0.929 0.891 0.920 0.920 0.976
PLDFEND 0.910 0.959 0.901 0.911 0.888 0.940 0.885 0.936 0.887 0.925 - -

KATMF 0.912 0.930 0.911 0.898 0.899 0.917 0.873 0.935 0.900 0.925 0.929 0.974
MMDFND* 0.935 0.955 0.854 0.942 0.963 0.923 0.881 0.961 0.917 0.940 0.940 0.976
DAMMFND* 0.932 0.953 0.932 0.917 0.982 0.919 0.941 0.990 0.945 0.943 0.946 0.979

PANDA 0.962 0.946 0.927 0.961 0.913 0.979 0.984 0.942 0.923 0.958 0.959 0.988

Fi
ne

Fa
ke

MMoE* - 0.713 0.623 0.781 0.754 0.769 0.808 0.842 - 0.778 0.789 0.871
MoSE* - 0.692 0.598 0.785 0.767 0.810 0.820 0.799 - 0.781 0.786 0.874

MDFEND* - - - - - - - - - 0.781 0.788 -
M3DFEND* - - - - - - - - - 0.772 0.781 -
PLDFEND - 0.724 0.638 0.785 0.766 0.777 0.829 0.835 - 0.789 0.790 0.873

KATMF - 0.727 0.701 0.758 0.756 0.805 0.839 0.846 - 0.782 0.786 0.869
MMDFND* - 0.747 0.740 0.760 0.768 0.767 0.831 0.839 - 0.786 0.789 0.868
DAMMFND* - 0.741 0.746 0.787 0.776 0.803 0.838 0.853 - 0.792 0.794 0.878

PANDA - 0.734 0.757 0.799 0.792 0.793 0.843 0.861 - 0.803 0.805 0.884

Table 1: Comparison between PANDA and the latest multi-domain fake news detection methods on Weibo, Weibo-21 and
FineFake. *: open-source. The best results are in bold, and the second-best results are underlined. The t-tests validate the
significance of performance improvements with p-value ≤ 0.05.

Variant Weibo Weibo-21 FineFake

PANDA (Full Model) 0.951 0.958 0.803

On Neighbor-Domain Selection:
-GNS/PAD (Blind Transfer) 0.928 0.931 0.778
-PAD (Symm. Dist.) 0.941 0.946 0.791

On Knowledge Representation and Fusion:
-DMPG 0.944 0.949 0.794
-DCA (Avg. Fusion) 0.947 0.952 0.798

Table 2: Ablation study of PANDA on three datasets. We
report the F1-score. “-GNS/PAD” denotes blind transfer, “-
PAD (Symm. Dist)” uses a symmetric distance, “-DMPG”
removes domain prompts, and “-DCA (Avg. Fusion)” re-
places attention with averaging.

dataset. We hypothesize that the broad and noisy “Society”
domain could negatively impact the more technical “Sci-
ence” domain for a standard model.We compare the perfor-
mance of a strong baseline, MMDFND, with an enhanced
version, MMDFND+Ours, which integrates our three pro-
posed modules: Domain-aware Modal Prompt Genera-
tion, Prototype-based Asymmetric Distance, and Dynamic
Neighbor-Domain Selection and Fusion. We evaluate their
F1-score on the “Science” domain under two conditions: (1)

training on the full dataset, and (2) training on a dataset
where the “Society” domain has been removed.

The results are illustrated in Figure 4. For the standard
MMDFND model, removing the “Society” domain improves
its performance on the “Science” domain (from 0.935 to
0.942), which is a clear indicator of negative transfer. In con-
trast, MMDFND+Ours not only achieves a higher absolute
performance but also benefits from the inclusion of the “So-
ciety” domain (its performance slightly decreases when the
domain is removed), demonstrating that our selective mech-
anism successfully filters out the noisy signals while extract-
ing useful information. This experiment provides direct and
compelling evidence for PANDA’s ability to turn a potential
source of negative transfer into a beneficial contributor.

Efficiency Analysis (RQ5)
We assess PANDA’s practical applicability by analyzing its
training and inference efficiency against several baselines
on the Weibo-21 dataset. As detailed in Table 3, PANDA
demonstrates a highly competitive performance profile. Its
training time of 65.3 seconds per epoch is on par with other
advanced multimodal models, indicating that its sophisti-
cated domain selection mechanisms do not introduce pro-
hibitive computational overhead.

More notably, PANDA excels in inference efficiency, pro-
cessing a single sample in just 12.6 ms. This is signifi-
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Figure 3: Parameter sensitivity analysis of four key hyper-
parameters on the Weibo-21 dataset, evaluated by F1-score
and Accuracy.
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Figure 4: Analysis of negative transfer mitigation on the
Weibo-21 dataset. Removing the ‘Society’ domain helps the
baseline MMDFND on ‘Science’ news (negative transfer),
while PANDA’s performance remains stable and high.

cantly faster than other top-performing multimodal base-
lines such as DAMMFND (15.2 ms/sample) and KATMF
(15.8 ms/sample). This speed advantage is a direct result
of our Gumbel-based Neighbor Selector, which prunes the
computational graph by focusing only on the most rele-
vant domains during knowledge fusion. This high through-
put confirms that PANDA’s accuracy gains do not sacrifice
deployability, making it well-suited for the rapid detection
required by high-volume social media platforms like Twitter
and Weibo.

Model Modality Train
(s/epoch)

Inference
(ms/sample)

MDFEND Text ∼55.8 ∼9.5
M3FEND Text ∼58.1 ∼10.2

KATMF Multimodal ∼75.5 ∼15.8
MMDFND Multimodal ∼70.4 ∼14.1
DAMMFND Multimodal ∼73.2 ∼15.2

PANDA (Ours) Multimodal 65.3 12.6

Table 3: Efficiency comparison on the Weibo-21 dataset.

Figure 5: T-SNE showcase PANDA’s classification across
various domains in the Weibo’s test dataset, where identi-
cally colored dots denote the same category labels.

Visualization Analysis (RQ6)
To verify whether PANDA can effectively alleviate the Im-
balanced Domain Distribution and extract domain-adaptive
representations from raw news, we visualized the represen-
tations before the output layer of the model using t-SNE
(Maaten and Hinton 2008). As shown in Figure 5, despite the
data sparsity issues in some domains (such as International
and Science), PANDA still manages to obtain effective rep-
resentations for these domains, which can be utilized by sub-
sequent classifiers. This is because PANDA not only effec-
tively captures the coarse-grained and fine-grained feature
extraction processes across different domains but also trans-
fers sufficient and effective information from data-rich do-
mains (such as Health and Society) to data-sparse domains,
thereby enhancing the performance of the latter.

Conclusion
In this paper, we tackled the negative transfer problem in
multi-domain multimodal fake news detection, which arises
from the unprincipled fusion of knowledge across domains.
We proposed PANDA, a novel framework designed for
prudent neighbor-domain selection and adaptive knowledge
fusion. PANDA introduces a Prototype-based Asymmetric
Distance (PAD) to measure directional domain transfer-
ability, which in turn guides a Gumbel-based Neighbor
Selector (GNS) to identify the most relevant domains. Sub-
sequently, knowledge from these selected domains, encap-
sulated as features learned by the Domain-aware Modal
Prompt Generation (DMPG) module, is adaptively inte-
grated via a Domain-Collaborative Attention (DCA) mod-
ule. Extensive experiments confirm that PANDA signifi-
cantly outperforms state-of-the-art methods and effectively
mitigates negative transfer.
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