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Abstract

Multimodal fake news detection plays a crucial role in com-
bating online misinformation. The inherent domain diversity
of news in the real world has driven the development of cross-
domain detection methods. However, these detection methods
either suffer from significant performance degradation due to
semantic and deception pattern shifts between the training
(source) and test (target) domains or heavily rely on anno-
tated labels. To address the problems, we propose ADOSE,
an active multi-source domain adaptation framework for mul-
timodal fake news detection which actively annotates a small
subset of target samples to improve detection performance.
Specifically, for domain shifts, we design a multi-expert clas-
sifier network based on refined features to comprehensively
capture and adapt to the semantic space and deception pat-
terns of news across different domains. To maximize adapta-
tion performance with limited annotation cost, we propose a
least-disagree uncertainty selector equipped with a diversity
calculator for selecting the most informative samples. The
selector leverages the uncertainty of inconsistent predictions
before and after perturbations by multiple classifiers as an in-
dicator of unfamiliar samples. It further incorporates diversity
scores derived from multi-view features to ensure the chosen
samples achieve maximal coverage of target domain features.
The extensive experiments on multiple datasets show that
ADOSE outperforms existing domain adaptation methods by
2.45% ∼ 9.1%, indicating the superiority of our model.

1 Introduction
Multimodal fake news detection aims to identify the authen-
ticity of online news composed of multiple modalities such
as text and images. With the proliferation of various social
networks like Twitter and Weibo, this task plays a critical
role in combating misleading information and has garnered
significant attention (Liu et al. 2024a; Zhang et al. 2024b).

In the real world, the disparity in descriptive content and
linguistic style often leads to the categorization of news into
different domains such as society, education, and healthcare.
Leveraging news from multiple source domains to detect
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(a) Society Domain

(b) Entertainment Domain

Figure 1: The comparison of deception patterns between
the social and entertainment domains in the Weibo dataset,
with ”Real” labeled as real news and ”Fake” labeled as false
news.

news in a target domain enables the adaptation of extensive
news knowledge and reduces reliance on labeled target do-
main data (Yang et al. 2022; Cui and Jia 2025). Conven-
tional domain adaptation methods transfer knowledge from
labeled source domains to unlabeled target domains, but
struggle with performance degradation when confronting
significant domain shifts in data distribution (Ran and Jia
2023; Liu et al. 2023b). Active Domain Adaptation (ADA)
methods strike a balance between labeling cost and adap-
tation performance (Ma, Gao, and Xu 2021). ADA assists
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knowledge transfer for the target domain by strategically an-
notating informative target samples within a limited budget.
Therefore, we introduce ADA for fake news detection and
define the new task scenario as multi-source active domain
adaptation for multimodal fake news detection.

Despite the success of ADA in various multimedia tasks
such as object detection and semantic segmentation (Naka-
mura, Ishii, and Yamashita 2024; Liu et al. 2024b), it faces
two key challenges in our task setting. First, how to ad-
dress varying semantic spaces and deception patterns
across domains. For example, in the social domain (as
shown in Figure 1a), the semantic space centers around so-
cial events, and the deception pattern manifests as exagger-
ated descriptions and fabricated images, which are consid-
ered intra-modal knowledge errors (Dong et al. 2024). In
contrast, in the entertainment domain, fake celebrity news
is mainly characterized by the inconsistency between text
and image, which relies on cross-modal interaction (as seen
in Figure 1b) (Ma et al. 2024; Madaan et al. 2024). Sec-
ond, how to design an active sample selection strategy for
target domain adaptation. An effective strategy requires
identifying samples that best reflect the domain shifts. How-
ever, the unknown veracity and multimodal nature of news
in the target domain make it challenging to design appropri-
ate metrics for evaluating sample representativeness (Kim
et al. 2023; Lu et al. 2024).

In this paper, we propose ADOSE, an Active Multi-
source Domain Adaptation Framework for Multimodal Fake
News Detection. (1) For semantic space shifts, we em-
ploy adversarial networks and contrastive learning to refine
domain-invariant and semantically aligned multimodal fea-
tures. These features are used to construct classifiers that
capture distinct deception patterns, including two classi-
fiers based on intra-modal dependencies and one based on
inter-modal dependencies. The above processes are inte-
grated into a Modal-dependency Expertise Fusion Network
(MEFN) for adapting to varying deception patterns. (2) To
select informative samples in the target domain, we design
a dual selection strategy targeting domain shift and feature
distribution. Specifically, we utilize prediction uncertainty
as an indicator of domain shifts and propose a Least-disagree
Uncertainty Selector (LUS) to identify the samples with
maximal uncertainty. LUS applies Gaussian perturbations
to estimate each sample’s proximity to decision boundaries.
We further select the most discriminative samples from the
multimodal latent feature space using a Multi-view Diver-
sity Calculator (MDC). This strategy allows us to identify
the most valuable target samples for annotation. The main
contributions of this paper are as follows:

• We introduce ADOSE, an active domain adaptation
framework for multimodal fake news detection, aiming
to address the adaptation problem from multiple source
domains to a single target domain.

• We develop a modal-dependency expertise fusion net-
work that captures both intra-modal and inter-modal
dependencies, enabling fake news pattern recognition
across domains.

• We design an effective dual selection strategy to identify

the most informative target samples for annotation under
domain shift.

2 Related Work
2.1 Multimodal Fake News Detection
Multimodal fake news detection has attracted increasing at-
tention, with key efforts focusing on effective text-image
fusion. Recent works explore diverse fusion strategies:
COOLANT (Wang et al. 2023) applies cross-modal con-
trastive learning with auxiliary loss softening and attention
integration; MSACA (Wang et al. 2024) enhances seman-
tic alignment via hierarchical multi-scale image features and
selective attention; MMDFND (Tong et al. 2024) addresses
cross-domain fusion using domain embeddings and stepwise
transformers. Other advances include AKA-Fake (Zhang
et al. 2024a), which builds knowledge subgraphs via rein-
forcement learning and learns with heterogeneous graphs;
Event-Radar (Ma et al. 2024), modeling event-level in-
consistencies through multi-view graph fusion; and NSLM
(Dong et al. 2024), which incorporates neuro-symbolic rea-
soning with pseudo-Siamese networks. Additionally, FKA-
Owl (Liu et al. 2024c) enhances large vision-language mod-
els using forgery-specific knowledge, and FoRM (Li et al.
2024) improves token-level reasoning with coarse-to-fine re-
lation attention.

2.2 Active Domain Adaptation
Active domain adaptation enhances model generalization to
a new target domain by selecting a small, informative sub-
set of target samples for annotation. Previous studies in-
clude CLUE (Prabhu et al. 2021), which uses uncertainty-
weighted clustering for diverse sample selection, and EADA
(Xie et al. 2022), which employs energy-based sampling
to bridge source-target gaps. DiaNA (Huang et al. 2023)
proposes a divide-and-adapt framework based on uncer-
tainty and domainness. For probabilistic uncertainty model-
ing, Diffusion-Based ADA (Du and Li 2023) and DUC (Xie
et al. 2023) introduce variational inference and the Dirich-
let distribution, respectively. Recently, Ada-iD (Han et al.
2024) optimizes intrusion detection via multi-task learning
and Category-Aware ADA (Xiao, Gu, and Liu 2024) tar-
gets category imbalance with influence functions. RASC
(Zhang et al. 2024d) employs a reconfigurability-aware sam-
ple selection strategy to mine semantic information. Detec-
tive (Zhang et al. 2024c) extends ADA to multi-source set-
tings with evidential deep learning and LUET (Sun et al.
2025) integrates local uncertainty and energy transfer align-
ment constraints to achieve adaptation. In contrast, we de-
sign a multi-expert fusion network and a fine-grained mul-
timodal uncertainty selector to adapt to domain shifts and
select informative target samples for fake news detection.

3 Problem Statement
Formally, we have access to M fully labeled source do-
mains and a target domain with actively labeled target data
within a pre-defined budget B. All domains are defined
based on different news events or topics. The i-th source do-
main Si = {(tk, vk), yk}

Ns,i

k=1 contains Ns,i labeled samples,
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where i ∈ M and the target domain Tu = {(tk, vk)}Ntu

k=1
contains Ntu unlabeled samples. And, (t, v) is a text-image
pair, where t is a text sentence, and v is the corresponding
image. The size of budget B is set to Ntl, and the labeled
target domain is denoted as Tl = {(tk, vk), yk}Ntl

k=1, where
Ntl ≪ Ntu and Ntl ≪ Ns.i. The multiple source domains
and target domain have the same label space Y = {0, 1} (0
indicates real news and 1 indicates fake news). We aim to
learn a model M(·) adapting from {Si}Mi=1 ∪ Tl to Tu, i.e.,
the model can generalize well on unseen samples from Tu.

4 Methodology
In this section, we introduce our model, ADOSE, which
comprises three components: Modal-dependency Expertise
Fusion Network (MEFN), Least-disagree Uncertainty Selec-
tor (LUS) and Multi-view Diversity Calculator (MDC). The
structure of the model is illustrated in Figure 2.

4.1 Modal-dependency Expertise Fusion Network
The design motivation of the Modal-dependency Expertise
Fusion Network (MEFN) is twofold: on one hand, it lever-
ages domain-invariant feature extraction and multimodal
representation alignment to mitigate distribution shifts in
multi-domain scenarios; on the other hand, it enhances
adaptability to modal interactions in different news contexts
by explicitly modeling various modality dependencies and
performing late fusion operations.

Domain Invariant Feature Extraction. Given an input
text-image pair (t, v), following previous work (Wang et al.
2021; Liu et al. 2023a), we leverage a convolutional neural
network (i.e., TextCNN (Chen 2015)) with an additional per-
ceptron (MLP) as the textual encoder Et to obtain the rep-
resentation of t as et. For image representation, following
existing methods (Zhang et al. 2020; Li et al. 2021), we use
ResNet50 as the visual backbone neural network and further
generate visual representation with reduced dimensionality
of v as ev:

et = Et(t; θt), ev = Ev(v; θv) (1)

where et, ev ∈ Rd, Ev represents the visual encoder, and
θt, θv represents the parameter of the textual encoder and
the visual encoder respectively.

The feature distribution shift among source samples and
target samples is a key obstacle for domain adaptation. In
order to generate domain invariant features, we train the
textual encoder and visual encoder through adversarial net-
works, which has been proven effective in recent domain
adaptation studies (Du and Li 2023; Lu, Huang, and Hu
2024). We design a textual discriminator Dt (for invariant
text features) and a visual discriminator Dv (for invariant
image features), each with M + 1 classes ( M source do-
mains and one target domain). Fine-grained domain adver-
sarial learning is then performed, where textual adversarial
loss Labv t and visual adversarial loss Labv v are defined be-
tween any two different domains:

Labv t = −Eet∼(S ∪ Tu)logDt(dl | GRL(et)) (2)

Labv v = −Eev∼(S ∪ Tu)logDv(dl | GRL(ev)) (3)

where dl ∈ {0, 1, 2...M} is the domain label of et and
ev , and GRL denotes the gradient reversal layer. Here,
Dt(dl | GRL(et)) and Dv(dl | GRL(ev)) represent the
probabilities predicted by the discriminators for the ground-
truth domain label. We minimize the feature generator and
maximize the overall adversarial loss which can be defined
as Ladv = Labv t + Labv t to play the min-max game.

Multimodal Representation Alignment. To learn expert
knowledge of cross-modal interactions, it is necessary to
align semantically consistent text and images. Based on the
domain invariant text feature et and image feature ev , we
utilize MLP transformations to further obtain textual and vi-
sual alignment representation xt and xv:

xt = MLP(et; θmt), xv = MLP(ev; θmv) (4)

In the task of fake news detection, cross-modal correspon-
dence or similarity is more likely to only exist in real news
rather than in misinformation scenarios. Besides, text for
different misinformation examples may use the same image
in a specific event domain, which results in the images and
text of many negative samples being close to each other in
the semantic space. Inspired by RDCM (Liu et al. 2023a),
we adopt the following sampling strategy to overcome this
limitation, which only takes real posts as positive samples
and filters out negative samples with high semantic similar-
ity on the visual modality:

I
(
eiv, e

j
v

)
=

{
0, if sim(eiv, e

j
v) ≥ β

β − sim(eiv, e
j
v), else

(5)
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+1) and β is a threshold to
remain semantic dissimilar pairs as negative samples. Then,
we leverage the contrastive objective to update the parame-
ters of MLP i.e. θmt and θmv so that we obtain multimodal
semantic alignment features ( xt and xv):
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where i represents the indices of real posts in a batch, j rep-
resents the indices of the other samples in this batch except
the i-th sample, b is the batch size, and τ is a temperature
hyperparameter.

Expertise Fusion Network. After the above feature re-
finement process, we obtain domain-invariant unimodal fea-
ture representations et, ev and aligned multimodal repre-
sentations xt, xv . We concatenate xt and xv to create the
cross-modal feature representation. Using the unimodal fea-
tures, we build a text classifier cls t(et; ) and an image
classifier cls v(ev; ) to capture intra-modal dependencies.
Based on the cross-modal features, we construct a classifier
cls c([xt, xv]; ) to model inter-modal dependencies. Finally,
we combine the outputs of these three classifiers to generate
the predictions of the expertise fusion network. This process
is formulated as follows:

scorey = logPcls t(y) + logPcls v(y) + logPcls c(y)
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Figure 2: The network architecture of ADOSE. (a) Modal-dependency Expertise Fusion Network (MEFN) utilizes multiple
classifiers to detect fake news based on adversarial training and contrastive learning. (b) and (c) are the Least-disagree Un-
certainty Selector (LUS) and Multi-view Diversity Calculator (MDC) that respectively measure the uncertainty (first selection
stage) and diversity (second selection stage) of target samples.

Pmefn = softmax

(
scorey

log
∑

y exp(scorey)

)
(7)

where y denotes the news label (0 or 1), Pcls · represents the
predicted probability distributions, and Pmefn is the final
probability distribution from our MEFN module.

4.2 Least-disagree Uncertainty Selector
The erroneous or uncertain decisions of the model on the tar-
get domain highlight the distribution shift from the source
domain. Selecting the most representative misclassified or
low-confidence samples can help the model more effectively
adapt to the unseen distribution. As misclassifications can-
not be directly identified, we focus on highly uncertain sam-
ples, which are often close to the decision boundary and thus
more likely to be misclassified. Inspired by recent active
learning work (Cho et al. 2023; Hanneke et al. 2014), we
develop a Least-disagree Uncertainty Selector (LUS) (Fig-
ure 2(b)) by introducing the Least Disagree Metric (LDM)
to quantify the closeness of a sample to the decision bound-
ary. Let X = {(et, ev, xt, xv)} and Y denote the feature
and label spaces, respectively, and H denote the hypothe-
sis space, encompassing all possible functions h : X → Y .
The disagree probability measure between two hypotheses
h1 and h2 is defined as follows:

ρ(h1, h2) := PX∼Tu
[h1(X ) ̸= h2(X )] (8)

For a given hypothesis g ∈ H and X0 ∈ X , let H0 := {h ∈
H|h(X0) ̸= g(X0)} be the set of hypotheses disagreeing
with g in their prediction for X0. Further, the least disagree
metric (LDM) is defined as

L(g,X0) := inf
h∈H0

ρ(h, g). (9)

The true LDM in our task is not computable due to the
complexity of the neural network architecture. We follow the
approximation method for LDM proposed in the work (Cho
et al. 2023) to estimate the LDM value for each target do-
main sample. Specifically, we use the statistical probability
of prediction disagreement by the model on target domain
samples to replace the probability P and construct the hy-
pothesis set H0 with a set finite number of variances. The
estimator denoted by Le(g,X0) is defined as follows:

Le(g,X0) := inf
h∈HK

0

{
1

Ntu

Ntu∑
i=1

I[h(Xi) ̸= g(Xi)]

}
(10)

where I is an indicator function, Ntu is the number of tar-
get domain unlabeled samples for approximating ρ, and K
is the number of sampled hypotheses for approximating L.
We define a set of linearly increasing variances {σ2

k}Kk=1
(0 < σk ≤ 1) to apply Gaussian perturbations to the model
weights, thereby constructing the hypothesis set.
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We apply perturbations to the expert fusion network to
influence its predictions by introducing Gaussian pertur-
bations N (·, σ2) to the weights of the last layer of each
modal classifier, as the weights of the last layer criti-
cally affect the prediction results. Before perturbation, we
denote the weights of the last layer of the three clas-
sifiers as Wcls t,Wcls v,Wcls c respectively, and the ex-
pert fusion network as F . After perturbation, the weights
of the last layer of the three classifiers are denoted as
W̃cls t, W̃cla v, W̃cls c, and the expert fusion network as F̃ .
The perturbation process and the definitions of F and F̃ are
as follows:

W̃cls ∼ N (Wcls, σ
2), cls ∈ {cls t, cls v, cls c} (11)

F = F (;Wcls t,Wcls v,Wcls c) (12)

F̃ = F̃ (; W̃cls t, W̃cls v, W̃cls c) (13)
The perturbation with varying variances is conducted

over K rounds. We use the fusion network with perturbed
weights to re-predict target samples and compute the propor-
tion of changed predictions, which serves as the candidate
LDM for each update round. Samples with smaller Le val-
ues indicate that, compared to other samples, they are more
susceptible to changes in the decision boundary. The for-
mula for updating the Le of samples during the entire per-
turbation process is expressed as follows:

Le(Xi) =

{
min(Le(Xi), ρ(F̃ , F )), if F (Xi) ̸= F̃k,j(Xi)

Le(Xi), else
(14)

Here, F̃k,j denotes the fusion network after the j-th weight
sampling in the k-th round of perturbation using variance σk

and Le(Xi) is initialized to 1. After the entire perturbation
process is completed, each target domain sample obtains an
Le value. We sort the Le values of all samples in ascending
order and select the top mk samples as candidate samples
for the next stage of selection, where m is a hyperparameter
and k is the budget for active selection in each round.

4.3 Multi-view Diversity Calculator
Further, we refine the selection process by increasing sam-
ple diversity (Figure 2(c)). Specifically, instead of directly
using the input features of the classifiers, we leverage the
shallow networks of each classifier (the first layer of MLP)
in the fusion network to extract multi-view features. This is
because the features obtained before the final classification
have greater discriminative value for model training. We de-
note the feature representations of the three modalities ob-
tained from these networks as ft, fv, fc. Then, we use co-
sine similarity to compute the inter-sample similarity ma-
trices for each modality and then obtain a global similarity
matrix. Furthermore, we aggregate the similarity of a sam-
ple with all other samples to calculate the diversity score di
of i-th sample, which is defined as follows:

di =
1

3Ntu

Ntu∑
j=1

[
cos(f i

t , f
j
t ) + cos(f i

v, f
j
v ) + cos(f i

c , f
j
c )
]

(15)

A larger di indicates that the sample is more dissimilar to
other samples in the feature space. Finally, we select the top
k samples with the largest di values from the mk samples for
annotation. The final selected samples integrate uncertainty
estimation and diversity calculation, and are considered the
most informative for facilitating domain adaptation.

4.4 ADOSE Training
We define the objective loss of the MEFN module as Lce,
which consists of the BCE loss Lefn from the expertise fu-
sion network and the BCE loss Lcls from multiple classi-
fiers, i.e., Lce = Lefn+λcLcls (λc is a hyperparameter). Let
Nl be the total number of labeled samples from all domains,
and P i

· (y) be the prediction probability for the i-th sample.
The expertise generated by multiple classifiers should ex-
hibit as much consistency as possible on true news. In other
words, we expect that the prediction of the classifiers on
positive samples are consistent. Accordingly, the negotiation
loss Lnego between classifiers is defined based on JS diver-
gence as follows:

Lnego =
1

2Nl+

Nl+∑
i=1

[JS(Pcls t||Pcls c) + JS(Pcls v||Pcls c)]

(16)
where Nl+ is the total number of positive labeled samples
(i.e., real news). We introduce hyperparameters λa, λt and
λn to define the overall loss for ADOSE:

L = Lce + λaLadv + λtLctr + λnLnego (17)

5 Experiments
5.1 Experiment Setup
Datasets. Our model is evaluated on two real-world
datasets: Pheme (Zubiaga, Liakata, and Procter 2017) and
Weibo (Wang et al. 2018). Pheme is collected from five news
events related to terrorist attacks. We retain four event do-
mains with enough available text and images: Charlie Hebdo
(C), Sydney Siege (S), Ferguson Unrest (F ) and Ottawa
Shooting (O). Weibo is divided into nine topic domains by
the work (Tong et al. 2024). Similar to the setup of Pheme,
we remove some domains with a small number of samples
and finally get four topic domains: society (S), entertain-
ment (E), education (D) and health (H). We split the above
datasets into 70% training sets and 30% testing sets accord-
ing to each domain. To meet the domain adaptation setting,
three news domains are set as source domains, and the re-
maining one is the target domain.

Implementation Details. We use TextCNN and ResNet50
as the backbone framework to extract initial text and image
embeddings and map the embeddings into 256 dimensions.
Adam (Kingma and Ba 2014) is adopted as the optimizer
with a learning rate 1e-3, weight decay of 5e-4 and batch
size of 16. Following (Han et al. 2024), we set the total la-
beling budget B as 10%, which is divided into 5 selection
rounds, i.e., the labeling budget in each round is k = B/5.
The hyperparameters are determined through experimental
search as λc = λt = 0.5, λa = λn = 0.2. And m = 2 is set
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Dataset Method SOF → C COF → S CSF → O CSO → F Avg. Acc Avg. F1(fake) Avg. F1(real)

Pheme

RDCM 76.58 63.77 67.53 88.67 74.13 43.82 80.38
ADOSE-UDA 75.60 67.71 74.02 86.79 76.03 54.54 80.92

Detective 77.07 75.59 74.02 87.73 78.60 47.30 83.15
EADA 75.12 70.86 81.81 87.73 78.88 51.95 81.51
Entropy 77.56 73.22 80.51 88.67 79.99 63.05 82.87
RASC 78.04 76.37 72.72 88.67 78.95 58.33 82.68
LUET 75.60 74.80 74.02 88.67 78.27 59.70 82.24

ADOSE(ours) 80.00 77.95 84.41 90.56 83.23 64.17 86.29

Dataset Method EDH → S SDH → E SEH → D SED → H Avg. Acc Avg. F1(fake) Avg. F1(real)

Weibo

RDCM 75.12 77.31 77.98 88.09 79.62 72.27 79.77
ADOSE-UDA 75.72 78.41 83.48 84.52 80.53 75.30 80.95

Detective 81.14 82.15 80.73 89.28 83.32 77.61 84.47
EADA 81.84 81.71 78.89 89.88 83.08 76.32 84.07
Entropy 81.44 81.93 80.73 91.66 83.94 78.89 85.15
RASC 76.93 76.43 83.48 89.88 81.68 78.23 82.05
LUET 80.84 81.71 86.23 88.09 84.21 81.11 83.92

ADOSE(ours) 84.15 83.70 87.15 91.66 86.66 82.67 87.23

Table 1: Performance comparison of domain adaptation accuracy (%) and average F1 score (%) of different methods with
ADOSE on two datasets: Pheme and Weibo. C, S,O, F represent the four event domains in Pheme, and S,E,D,H represent
the four topic domains in Weibo.

for Pheme, while m = 5 for Weibo. All codes are developed
using PyTorch and an NVIDIA A100 GPU.

Evaluation Metrics. We employ accuracy as the main
evaluation metric. The average accuracy (Avg. Acc) is the
mean of four accuracy results obtained from different ex-
perimental settings. We additionally report the average F1
scores for fake news i.e., Avg. F1 (fake) and for real news
i.e., Avg. F1 (real).

Baselines. To conduct a comprehensive evaluation of our
proposed model, we compare it with unsupervised domain
adaptation (UDA) and ADA approaches. UDA methods in-
clude RDCM (Liu et al. 2023a) and ADOSE-UDA which
is derived from our model by removing the process of ac-
tively selecting target samples (i.e., the LUS and MDC). For
ADA methods, we choose EADA (Xie et al. 2022), Detec-
tive (Zhang et al. 2024c), RASC (Zhang et al. 2024d), LUET
(Sun et al. 2025) as well as the most common method, En-
tropy (Wang and Shang 2014).

Dataset Method Acc F1(fake) F1(real)

Pheme

ADOSE 83.23 64.17 86.29
w/o MEFN 79.23 52.33 82.67
w/o LUS 77.67 59.43 81.72
w/o MDC 81.18 52.38 84.54

Weibo

ADOSE 86.66 82.67 87.23
w/o MEFN 83.65 77.41 85.19
w/o LUS 80.45 76.29 81.02
w/o MDC 84.06 79.30 85.09

Table 2: Ablation study results (Avg. %).

5.2 Overall Performance
We design four multi-source domain adaptation scenarios
for each dataset and conduct evaluations from both domain-
specific and average perspectives. Table 1 summarizes the
quantitative experiment results of our framework and base-
lines on Pheme and Weibo, respectively. We make the fol-
lowing observations:

• In general, ADOSE achieves the best performance in al-
most all the adaptation scenarios compared to various
baselines (tied with Entropy under the SED → H set-
ting on Weibo). In particular, our method substantially
outperforms others in terms of average accuracy (Avg.
Acc), achieving an improvement of 3.24% ∼ 9.1% on the
Pheme dataset and 2.45% ∼ 7.04% on the Weibo dataset.
Meanwhile, our model is also optimal for the other two
F1 metrics.

• Another easily observable trend is that all ADA methods
outperform UDA methods, where UDA methods mainly
leverage the sample features without utilizing their labels
in the target domain. The trend is more pronounced in the
COF → S setting of Pheme and the EDH → S of
Weibo. It suggests the effectiveness of active annotation
in addressing domain adaptation challenges.

• Evidence-based, energy-based, and entropy-based ADA
methods (e.g., Detective, EADA, Entropy), generally fail
to exert their advantages in the binary news classification
task, as evidenced by lower Avg. F1(fake). RASC and
LUET lack consideration of the complexity introduced by
multiple source domains and multimodal features. In con-
trast, our model adapts to domain discrepancies and multi-
modal characteristics, achieving optimal performance on
both Avg. F1(fake) and Avg. F1(real).
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Figure 3: Accuracy trends with varying m (the x-axis repre-
sents the different values of m as 2, 3, 4, 5, 10).
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Figure 4: The results on Weibo dataset under various anno-
tation budgets.

5.3 Ablation Study
To evaluate the effectiveness of each component in the
ADOSE framework, we conduct an ablation study by omit-
ting each component individually. The experimental settings
are as follows: (1) w/o MEFN: The Modal-dependency Ex-
pertise Fusion Network module is omitted, and classifica-
tion is performed solely by relying on the cross-modal clas-
sifier. (2) w/o LUS: The Least-disagree Uncertainty Selec-
tor, which quantifies the closeness of samples to the decision
boundary to select uncertain target samples, is removed. (3)
w/o MDC: The Multi-view Diversity Calculator for allevi-
ating feature redundancy is omitted. Table 2 presents the re-
sults of ablation studies.

We observe that the original ADOSE outperforms all vari-
ants, demonstrating the effectiveness of each component.
We find that the module with the greatest impact on detec-
tion accuracy is the LUS, followed by MEFN, with MDC
having the least impact. This aligns with our module design
intention, where LUS serves as the core selection strategy,
determining the overall performance of domain adaptation,
and MEFN is more important than MDC due to its role in
modeling multimodal dependencies.

5.4 Additional Analysis
Hyperparameter sensitivity. We investigate the impact
of the parameter m in the LUS module, which controls the
relative influence of uncertainty and diversity in the selec-
tion strategy. A smaller m indicates that the LUS module
plays a dominant role in the selection process, while a larger
m reflects greater influence from the MDC module. Figure 3

Figure 5: T-SNE visualization of target features in task
EDH → S on Weibo.

illustrates the detection accuracy under varying m values on
two datasets. The figure shows that the optimal choices of
m for Pheme and Weibo are 2 and 5, respectively. This phe-
nomenon can be explained by the fact that the Pheme dataset
exhibits less inter-domain differences compared to Weibo
(whose domains differ significantly in topic), making uncer-
tainty estimation more crucial than diversity measurement.

Varying labeling budget. We show the performance on
Pheme under various labeling budgets (1% to 15%) in Fig-
ure 4. We can observe that ADOSE outperform other ADA
methods with varying labeling budgets, demonstrating that
our method is suitable for various labeling budgets. More-
over, we can observe that as the labeling budget increases,
our method can continuously improve the adaptation perfor-
mance, demonstrating that our sample selection strategy is
stable and effective, and can continuously select the most
valuable samples for annotation.

Feature visualization. Figure 5 shows the t-SNE visual-
ization results of multimodal features learned by various
methods on the social domain of the Weibo dataset, where
blue dots represent unlabeled target samples and red dots
represent selected samples. Compared to other ADA meth-
ods, ADOSE’s feature space is more concentrated, and the
selected samples exhibit a uniform and diverse distribution,
further confirming the effectiveness of our proposed active
selection strategy.

6 Conclusion

In this paper, we introduce multi-source active domain adap-
tation into the multimodal fake news detection task to as-
sist knowledge transfer in the target domain. We propose
ADOSE, which addresses the semantic space and deception
pattern discrepancies in news, while strategically selecting
target samples for domain adaptation. The experimental re-
sults conducted on the two real-world datasets prove the ef-
fectiveness of our ADOSE model.
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