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 a b s t r a c t

Multi-view classification is an important task in information fusion and attracts increasing attention. Although 
conventional multi-view classification methods have achieved promising performance, they often have an inde-
pendent and identically distributed assumption on the training and test set, and thus they can only work under 
the in-distribution condition. However, in real-world applications, especially handling the low-quality data, the 
in-distribution condition is often unsatisfied, leading to the out-of-distribution (OOD) problem. To tackle the 
OOD problem, we propose a novel stable multi-view representation learning framework in this paper. In more 
detail, in the multi-view representation learning, we carefully design an adaptive dual-weighting mechanism that 
dynamically learns the weights of samples and dimensions simultaneously. Due to this adaptive dual-weighting 
mechanism, we can eliminate spurious correlations in the representation and enforce the multi-view classifier to 
focus on the true correlations between causal features and labels rather than spurious correlations. Extensive ex-
periments on benchmark OOD datasets by comparing with state-of-the-art multi-view classification methods and 
OOD classification methods demonstrate the effectiveness and superiority of our proposed method. The source 
code is publicly available at: https://github.com/zz978233034/stable-multi-view-classification.

1.  Introduction

In many information fusion applications, data are often represented 
by multiple views, which are so-called multi-view data [1,2]. Multi-
view learning tries to learn the consensus information from the mul-
tiple views and is widely studied in the information fusion commu-
nity [3,4]. For example, Lou et al. [5] proposed a structure-enhanced 
self-supervised weighted information bottleneck method for multi-view 
clustering, which adaptively learns the importance of different views by 
incorporating both view-contained information and pseudo-label-based 
self-supervision. Wan et al. [6] proposed a dynamic multi-view labeling 
strategy with shared and specific information.

However, real-world multi-view data, especially the low-quality 
multi-view data, are rarely collected under ideal conditions. Differ-
ent views may suffer from heterogeneous forms of low-quality infor-
mation, such as noisy and unreliable views [7,8]. These issues not 
only weaken the complementarity among views, but also introduce 
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spurious correlations between view-specific features and labels [9]. 
As a result, the learned representations may become overly depen-
dent on unstable information in the training data, leading to un-
reliable fusion and poor generalization when the data distribution
changes.

Under such low-quality and distributionally uncertain scenarios, 
multi-view classification becomes particularly challenging. Existing 
multi-view classification methods are often based on the independent 
and identically distributed (i.i.d.) assumption, i.e., the training data and 
test data are sampled independently from the same distribution [10]. 
Although these methods have achieved promising performance, this as-
sumption may not be satisfied in real-world applications, where the data 
distribution may shift due to view heterogeneity, measurement noise, 
missing or inconsistent views, and other uncontrolled factors [11–13]. 
Traditional multi-view classification methods may therefore fail to pro-
vide reliable predictions on low-quality data with uncontrolled or even 
unknown distributions.
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To tackle this problem, in this paper, we propose a new multi-view 
classification framework for out-of-distribution (OOD) generalization. 
In single-view classification, some works try to tackle the OOD problem 
by learning some invariant features across domains [14,15]. In OOD set-
ting, the training data and test data often belong to different domains 
[16]. These conventional OOD methods divide features into causal fea-
tures and non-causal features, and assume that the causal features re-
main invariant across multiple domains and the non-causal features may 
vary across different domains [17]. To this end, they apply several ways 
to discover the causal features, which are also called stable features. One 
of the popular ways is stable learning by reweighting samples [18,19]. In 
stable learning methods, they believe that the dependence between the 
causal and non-causal features is the key problem that prevents the mod-
els from generalizing to different domains, and thus they try to eliminate 
the dependencies. Specifically, these methods aim to learn a weight for 
each sample to minimize correlations between features, which elimi-
nates feature dependencies [20]. However, since multi-view data have 
multiple views and each view contains various features, the dependen-
cies between features are much more complicated than those in a single-
view setting. In the multi-view setting, just imposing weights on sam-
ples may be insufficient to characterize the dependencies between fea-
tures across all views. Intuitively, assume that there are 𝑁 samples in 
the training set. Conventional stable learning methods need to learn 𝑁
weights 𝑤1,… , 𝑤𝑁 , where 𝑤𝑖 is the weight of the 𝑖th sample. Notice 
that the number of weights 𝑁 is irrelevant to the number of views and 
features in each view. Therefore, if the views and features become in-
creasingly complicated, the 𝑁 weights will be insufficient to eliminate 
the dependencies between the features and views.

To address this issue, in our multi-view classification framework, 
we propose a novel Multi-view Stable Classification (MvSC) method. To 
tackle the OOD problem, we wish to learn stable representations for 
classification so that the model can achieve good performance across 
different domains. As discussed before, since the sample reweighting 
method in single-view stable learning may be insufficient to character-
ize the complicated dependencies, we design a new weighting mecha-
nism, which is called the dual-weighting mechanism. The key idea is 
that, since we wish to obtain stable representations for multi-view data 
that eliminate the dependencies among dimensions of representations, 
we can directly impose weights on both the dimensions of representa-
tions and samples. In more detail, assuming that we have 𝑁 samples 
and aim to learn 𝑑-dimensional representations for each dataset, we 
will learn 𝑁 weights for samples and 𝑑 weights for dimensions. Due to 
the 𝑑 weights on the dimensions, we can control the dependencies be-
tween each dimension of representations across multiple views more di-
rectly and more precisely. Moreover, we further design a novel adaptive 
weight learning strategy that selectively updates sample or dimension 
weights based on feature representation correlations and the changing 
trends of sample or dimension weights. This adaptive weight learning 
during the training phase further enhances the model’s generalization 
capabilities in complex environments.

The main contributions of this paper are summarized as follows:

• We propose a novel multi-view stable classification framework for 
OOD generalization. To the best of our knowledge, this is the first 
multi-view stable representation learning work to handle the general 
OOD problem.

• We propose an innovative dual-weighting mechanism that can pre-
cisely control the dependencies between representations. Moreover, 
we design a new adaptive weight learning strategy to effectively train 
the sample and dimension weights.

• Extensive experiments on OOD benchmarks demonstrate our 
method’s superiority over state-of-the-art multi-view and OOD clas-
sification methods.

The remaining of this paper is organized as follows. Section 2 in-
troduces some related work. Section 3 introduces our MvSC in detail. 

Section 4 shows the experimental results. At last, Section 5 concludes 
this paper.

2.  Related works

In this section, we introduce the related work of multi-view classifi-
cation and stable learning briefly.

2.1.  Multi-view classification

Multi-view learning aims to exploit the complementary informa-
tion provided by multiple views while preserving their shared seman-
tic information [21,22]. Multi-view classification applies this comple-
mentary and shared information to classify the data [23,24]. Early 
multi-view classification approaches typically integrate multiple views 
through fixed or learnable view-level weighting and fusion strategies 
[25,26]. For example, Zhang et al. [27] formulated multi-view repre-
sentation learning from an information-theoretic perspective to balance 
cross-view consistency and complementarity. Pérez-Rúa et al. [25] in-
troduced a general search space covering diverse multi-view fusion ar-
chitectures.

Recent multi-view classification studies have increasingly focused 
on improving representation quality, information fusion, and robust-
ness under complex data conditions. Representative efforts include 
prototype-based representation learning [1], cross-view inconsistency 
modeling [28], and deterministic multi-view information-bottleneck 
learning [29]. For example, Chao et al. [8] proposed TrashToTreasure, 
which decomposed multi-view information into useful and noisy com-
ponents and further recovers potentially valuable information from the 
discarded components through information-theoretic interaction. Zou 
et al. [26] jointly modeled aleatoric, epistemic, and predictive uncer-
tainties throughout representation learning and evidence-based fusion 
to obtain more reliable representations and clustering assignments. To 
address incomplete multi-view classification, Chao et al. [30] repre-
sented samples from different views as type-specific nodes in a het-
erogeneous graph, enabling missing views to be handled without ex-
plicit reconstruction while exploiting cross-view consistency and com-
plementarity. The Cooperation of Experts framework [31] represented 
heterogeneous information using multiplex networks and coordinates 
view-specific and fused-network experts through a learnable confidence 
tensor and a large-margin mechanism. Meanwhile, uncertainty-aware 
methods dynamically estimate view reliability or predictive uncertainty 
to reduce the adverse effects of noisy and conflicting views during fusion 
[32–34].

Although the above methods can alleviate the effects of noisy, cor-
rupted, or conflicting views, most of them are evaluated primarily under 
corruption-based distribution shifts. Such settings represent a relatively 
restricted form of OOD variation because the underlying domains and 
semantic distributions usually remain similar. In contrast, we consider 
a more general domain-generalization setting in which the target distri-
bution is unavailable during training and may differ substantially from 
the source distributions. For example, a model may be trained using real 
photographs but evaluated using sketches. Existing multi-view classifi-
cation methods rarely investigate this challenging setting, motivating 
the development of our stable multi-view representations that remain 
discriminative under previously unseen domain shifts.

2.2.  Stable learning

Stable learning aims to identify predictive relationships that re-
main reliable under distribution shifts. A common strategy is sample 
reweighting, which adjusts the contribution of training samples to re-
duce undesirable correlations between predictive and spurious features 
[17,20]. Conventional approaches such as importance weighting com-
monly assume access to information about the target distribution and 
estimate density ratios between the training and target environments 
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[35]. Subsequent studies have investigated more challenging settings in 
which the target distribution is unknown during training [36].

Many stable-learning methods are motivated by causal invariance. 
For example, Shen et al. [37] introduced global confounder-balancing 
regularization to improve causal-feature identification and stable cross-
domain estimation. Kuang et al. [38] employed autoencoders to learn 
stable low-dimensional representations in high-dimensional settings. 
Shen et al. [20] showed that reducing dependencies between relevant 
and irrelevant features improves prediction stability under distribution 
shifts. Zhang et al. [17] extended feature-decorrelation strategies to con-
volutional neural networks.

Recent studies have further investigated invariant representation 
learning and domain generalization under distribution shifts. Wang et 
al. [39] proposed a causally invariant feature discovery framework to 
identify predictive features that remained stable across environments. 
Chu et al. [14] developed a joint variational inference network that 
modeled domain-specific latent variables to improve generalization to 
unseen domains. Lin et al. [40] introduced an evolving intermediate 
domain to progressively bridge labeled and unlabeled source domains 
for semi-supervised domain generalization. Zhu et al. [16] proposed a 
path-information constraint that suppressed domain-specific informa-
tion while preserving task-relevant information. However, unlike do-
main generalization, this setting permits model adaptation using target-
domain samples during inference.

Another kind of work learns sample weights automatically. For ex-
ample, Ren et al. [41] proposed a meta-learning algorithm that assigned 
sample weights according to their gradient directions. Zhou et al. [42] 
learned sample weights using bilevel optimization. He et al. [18] op-
timized robust weighted risks over distributional perturbations. Nev-
ertheless, these stable-learning and domain-generalization methods are 
formulated and evaluated predominantly in single-view settings. How 
to jointly model view complementarity, view-dependent instability, and 
sample-level spurious correlations remains underexplored. Our method 
addresses this gap through a dual-weighting mechanism that simulta-
neously learns sample-level and feature-dimension-level importance for 
stable multi-view classification under unseen domain shifts.

3.  Multi-view stable classification

In this section, we introduce our MvSC method.

3.1.  Problem setting and overview framework

Given a multi-view training set  = {𝐗(1),𝐗(2),… ,𝐗(𝑉 )} with 𝑉
views and 𝐶 classes, where each view 𝐗(𝑖) ∈ ℝ𝑁×𝑑𝑖  contains 𝑁 sam-
ples and 𝑑𝑖 features, their labels set  = {𝐲1,… , 𝐲𝑁} where 𝐲𝑖 is the 
one-hot vector of the ground-truth label for the 𝑖th sample, denoted as 
𝐲𝑖 = [𝑦𝑖1, 𝑦𝑖2,… , 𝑦𝑖𝐶 ]. 𝑦𝑖𝑗 = 1 if the 𝑖th sample belongs to the 𝑗th class, and 
0 otherwise. In classification, we train a classifier on the training set 
and  , and wish it can work well on the test set 𝑡𝑒 = {𝐗(1)

𝑡𝑒 ,… , 𝐗(𝑉 )
𝑡𝑒 }. 

Notice that in the OOD setting, the distribution of the training set  and 
 may be very different from the distribution of the test set 𝑡𝑒 and 𝑡𝑒.

To tackle this OOD problem in multi-view classification, we propose 
a novel stable multi-view classification network, whose architecture is 
shown in Fig. 1. For each view, the method applies a multi-layer per-
ceptron (MLP) to extract the representations, and then applies a fusion 
method to obtain a consensus representation. To address the OOD issue, 
we design a dual-weighting mechanism (DWM) to learn stable repre-
sentations via reweighting the samples and representations. At last, we 
obtain the final classification result from the stable representations. In 
the following, we will introduce each part of our method in more detail.

3.2.  View-specific representation learning and fusion

For each view, we apply an independent MLP to extract a view-
specific representation. For example, given the 𝑣th view, we use MLP 

to extract representation 𝐙(𝑣) from 𝐗(𝑣) as: 𝐙(𝑣) = 𝑀𝐿𝑃𝑣(𝐗(𝑣)), where 
𝑀𝐿𝑃𝑣() denotes the MLP for the 𝑣th view, and 𝐙(𝑣) ∈ ℝ𝑁×𝑑𝑒  with 𝑑𝑒
being the embedding dimension. Then, we apply a linear classification 
head, consisting of a linear layer and a Softmax activation function to 
obtain the classification result 𝐲̂(𝑣)𝑖  of the 𝑖th sample in the 𝑣th view: 

𝐲̂(𝑣)𝑖 = Sof tmax
(

𝐙(𝑣)
𝑖 𝐖(𝑣) + 𝐛(𝑣)

)

, (1)

where 𝐖(𝑣) ∈ ℝ𝑑𝑒×𝐶 and 𝐛(𝑣) ∈ ℝ𝐶 are the weight matrix and bias vector 
of the classification head for view 𝑣.

After obtaining the prediction of the 𝑣th view, we use a cross-entropy 
loss to train the view-specific feature extraction network and classifica-
tion head as: 
(𝑣)(𝐙(𝑣),𝐘) = 1

𝑁
∑𝑁

𝑖=1

∑𝐶
𝑗=1

−𝑦𝑖𝑗 log
(

𝑦̂(𝑣)𝑖𝑗

)

, (2)

where 𝐲𝑖𝑗 and 𝐲̂(𝑣)𝑖𝑗  denotes the 𝑗th element of the ground truth 𝐲𝑖 and 
predicted 𝐲̂(𝑣)𝑖 , respectively. 𝐘 ∈ ℝ𝑁×𝐶 is the ground-truth label matrix.

Notice that (𝑣)(𝐙(𝑣),𝐘) is just a view-specific loss. To comprehen-
sively make use of the information in multiple views, we need to en-
semble the representations of different views. To this end, we learn a 
consensus representation 𝐙 with learnable weights 𝛾𝑣 as: 
𝐙 =

∑𝑉
𝑣=1

𝛾𝑣𝐙(𝑣), (3)

where the learnable weights 𝛾𝑣 satisfy 
∑𝑉

𝑣=1 𝛾𝑣 = 1 and 𝛾𝑣 ≥ 0.
Similarly, we apply a linear classification head to the fused repre-

sentation to obtain the consensus 𝑦̂fusion𝑖 : 

𝐲̂fusion𝑖 = Sof tmax
(

𝐙𝑖𝐖fusion + 𝐛fusion
)

, (4)

where 𝐖𝑓𝑢𝑠𝑖𝑜𝑛 ∈ ℝ𝑑𝑒×𝐶 and 𝐛𝑓𝑢𝑠𝑖𝑜𝑛 ∈ ℝ𝐶 are the weight matrix and bias 
vector of the consensus classification head, 𝐙𝑖 is the embedding of the 
𝑖th sample.

Then we use a fusion loss fusion, which is also a cross-entropy loss 
between the ground truth 𝐘 and the prediction 𝐘̂fusion to train the net-
work: 
fusion(𝐙,𝐘) =

1
𝑁

∑𝑁
𝑖=1

∑𝐶
𝑗=1

−𝑦𝑖𝑗 log
(

𝑦̂fusion𝑖𝑗

)

. (5)

Combining the view-specific loss and the fusion loss, we obtain the total 
loss: 
(𝐙,𝐘) =

∑𝑉
𝑣=1

(𝑣)(𝐙(𝑣),𝐘) + fusion(𝐙,𝐘). (6)

As introduced before, since the representations may contain irrele-
vant representations or confounders, it may limit the model trained by 
Eq. (6) from generalizing to new domains. Therefore, we modify Eq. (6) 
for OOD generalization by designing a new dual-weighting mechanism, 
which will be introduced in the next subsection.

3.3.  Dual-weighting mechanism

The above mentioned multi-view representation learning assumes 
that the training and test data are i.i.d, which may be inappropriate to 
tackle the OOD problem. Stable learning offers a natural way to alleviate 
this problem by reducing unstable dependencies and spurious correla-
tions in the learned representation, thereby encouraging the classifier to 
rely on relationships that remain more consistent across domains. How-
ever, directly apply stable learning to handle multi-view data may be in-
appropriate due to the complexity of multi-view data. Conventional sta-
ble learning tries to decorrelate the original features. Unfortunately, it is 
unreasonable to eliminate the dependencies between features in differ-
ent views because they may be in different semantic spaces. To this end, 
we perform stable learning in the shared consensus space rather than in 
the original view-specific spaces. Moreover, because sample reweighting 
alone may be insufficient to characterize the complex dependencies in 
multi-view representations, we introduce a dual-weighting mechanism 
that jointly learns sample and dimension weights. With this stable learn-
ing, we effectively eliminate the confounders and spurious associations 
in the embedding, achieving better OOD generalization.
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Fig. 1. The overall architecture of the proposed method. We apply an MLP to extract the representation of each view and ensemble them to obtain the consensus 
representation. To tackle the OOD problem, we design a novel dual-weighting mechanism (DWM), which is shown in the bottom block. DWM learns the sample 
weight and dimension weight to obtain a stable representation for final classification.

More specifically, the 𝑝th dimension and 𝑞th dimension of the 
learned consensus representation 𝐙 ∈ ℝ𝑁×𝑑𝑒  may exhibit complex de-
pendencies, which is the key problem to prevent the representations 
from being used in different domains [20]. Therefore, to obtain a stable 
representation matrix 𝐙, we need to eliminate the dependencies in it. 
We denote 𝐙∶,𝑝 as the 𝑝th dimension of the fused representation 𝐙 (i.e., 
the 𝑝th column of matrix 𝐙), which captures certain semantic informa-
tion in the unified representation space. The goal of the dual-weighting 
mechanism is to impose 𝑑𝑒 weights on all dimensions of representation 
𝐙 and 𝑁 weights on all samples to eliminate the dependencies between 
any two representations 𝐙∶,𝑝 and 𝐙∶,𝑞 .

3.3.1.  Evaluating representation dependencies
To eliminate the dependencies between 𝐙∶,𝑝 and 𝐙∶,𝑞 , we first need 

a way to estimate the dependencies between them. Notice that 𝐙∶,𝑝 and 
𝐙∶,𝑞 are learned from heterogeneous views, and thus they may contain 
complex non-linear dependencies. To characterize the non-linear depen-
dencies, we apply the Hilbert-Schmidt Independence Criterion (HSIC) 
[43] to characterize the dependencies. In more detail, suppose 𝐙∶,𝑝 and 
𝐙∶,𝑞 are in space , we try to find a kernel map 𝜙 ∶  →  where  is 
a Reproducing Kernel Hilbert Space (RKHS). From the probability per-
spective, we assume 𝐙∶,𝑝 follows a distribution 𝑃𝐙∶,𝑝

, and the element 
𝑍𝑖,𝑝 in 𝐙∶,𝑝 can be seen as a variable sampled from distribution 𝑃𝐙∶,𝑝

. 
Then, given a map 𝜙, we estimate the cross covariance matrix 𝐂𝐩𝐪 be-
tween 𝐙∶,𝑝 and 𝐙∶,𝑞 on the RKHS  as follows: 
𝐂𝐩𝐪 = 𝔼

(

(𝜙(𝐙∶,𝑝) − 𝔼(𝜙(𝐙∶,𝑝)))⊗ (𝜙(𝐙∶,𝑞) − 𝔼(𝜙(𝐙∶,𝑞)))
)

,

where ⊗ denotes the outer product. Then, the HSIC between 𝐙∶,𝑝 and 
𝐙∶,𝑞 can be defined as:
Definition 1. (HSIC) [43] Given an RKHS and a joint distribution 
𝑃𝐙∶,𝑝 ,𝐙∶,𝑞

, we define the HSIC as the Hilbert-Schmidt norm of the cross 
covariance matrix 𝐂𝐩𝐪: 
𝐻𝑆𝐼𝐶(𝐙∶,𝑝,𝐙∶,𝑞) = ‖𝐂𝐩𝐪‖

2
𝐻𝑆 (7)

where ‖ ⋅ ‖𝐻𝑆 denotes the Hilbert-Schmidt norm in RKHS. 

In practice, the joint distribution 𝑃𝐙∶,𝑝 ,𝐙∶,𝑞
 is often unknown, and thus 

the expectation in HSIC is difficult to compute. To this end, we use the 
empirical version of HSIC as: 
𝐻𝑆𝐼𝐶(𝐙∶,𝑝,𝐙∶,𝑞) = ‖𝐂𝐩𝐪‖

2
𝐹 (8)

where 

𝐂𝐩𝐪 = 1
𝑁 − 1

𝑁
∑

𝑖=1

[(

𝜙(𝑍𝑖,𝑝) −
1
𝑁

𝑁
∑

𝑗=1
𝜙(𝑍𝑗,𝑝)

)(

𝜙(𝑍𝑖,𝑞) −
1
𝑁

𝑁
∑

𝑗=1
𝜙(𝑍𝑗,𝑞)

)𝑇]

. (9)

From the definition of HSIC, we can find that HSIC can be used to 
measure the dependency of two variables, i.e., the less HSIC is, the more 
independent the two variables are. Now, to evaluate the dependencies 
by HSIC, we have one last thing to do, which is to determine the kernel 
map 𝜙. Here, following [17], we also use the Random Fourier Feature 
(RFF) as the map function 𝜙. In more detail, given an input 𝑧, 𝜙(𝑧) is a 
vector 𝜙(𝑧) = [𝜙1(𝑧), 𝜙2(𝑧),… , 𝜙𝑏(𝑧)]𝑇 , where 𝑏 is the number of sampled 
functions. Each 𝜙𝑖(𝑧) is defined as: 

𝜙𝑖(𝑧) =
√

2 cos(𝜔𝑧 + 𝜉) (10)

where 𝜔 is sampled from the standard Gaussian distribution, i.e., 𝜔 ∼
𝑁(0, 1) and 𝜉 is sampled from a uniform distribution in the range [0, 2𝜋], 
i.e., 𝜉 ∼ 𝑈𝑛𝑖𝑓 (0, 2𝜋).

3.3.2.  Decorrelate by dual weighting mechanism
Equipped with the HSIC and RFF, we can evaluate the dependen-

cies between any representations 𝐙∶,𝑝 and 𝐙∶,𝑞 . As introduced before, to 
decorrelate 𝐙∶,𝑝 and 𝐙∶,𝑞 , we wish to minimize the HSIC between them, 
i.e., we wish to minimize Eq. (8).

Traditional stable learning methods often impose a weight 𝑤𝑖 on the 
𝑖th sample and thus need to learn 𝑁 weights 𝑤1,… , 𝑤𝑁  to minimize 
the dependency. As introduced before, since 𝐙∶,𝑝 and 𝐙∶,𝑞 come from 
multiple views and in each view there are various representations, only 
𝑁 weights may be insufficient to control such a complex dependency.

To tackle this issue, we propose a novel dual-weighting mechanism, 
which not only imposes weights on samples, but also imposes weights 
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Algorithm 1 Algorithm for adaptive sample and dimension weighting 
(ASDW).
Input: The initial weights 𝐰 and 𝜶.
1: while not converged do
2:  Compute the gradient of 𝐰 and 𝜶 as ∇𝐰 and ∇𝜶, respectively.
3:  if ‖∇𝐰‖2∕length(𝐰) ≥ ‖∇𝜶‖2∕length(𝜶) then
4:  Update sample weights 𝐰 = 𝐰 − 𝑙𝑟 ∗ ∇𝐰.
5:  Normalize sample weights 𝑤𝑖 =

𝑁 ⋅𝑒𝑤𝑖
∑𝑁

𝑗=1 𝑒
𝑤𝑗 .

6:  else
7:  Update representation weights 𝜶 = 𝜶 − 𝑙𝑟 ∗ ∇𝜶.
8:  Normalize representation weights 𝛼𝑖 = 𝑑𝑒⋅𝑒𝛼𝑖

∑𝑑𝑒
𝑗=1 𝑒

𝛼𝑗
.

9:  end if
10: end while
Output: Updated weights 𝐰 and 𝜶.

on the dimensions of representations. In more detail, given the represen-
tation 𝐙, we try to learn two groups of weights. One group is 𝑁 weights 
on samples, and the other group is 𝑑𝑒 weights on the dimensions of rep-
resentations. We denote the weights on samples as 𝐰 = [𝑤1,… , 𝑤𝑁 ] and 
the weights on representations as 𝜶 = [𝛼1,… , 𝛼𝑑𝑒 ].

Taking the weights into the cross covariance Eq. (9), we obtain the 
weighted cross covariance matrix as follows:

𝐂𝐩𝐪;𝐰;𝛂 = 1
𝑁 − 1

𝑁
∑

𝑖=1

[(

𝑤𝑖𝛼𝑝𝜙(𝑍𝑖,𝑝)−
1
𝑁

𝑁
∑

𝑗=1
𝑤𝑗𝛼𝑝𝜙(𝑍𝑗,𝑝)

)

(11)

(

𝑤𝑖𝛼𝑞𝜙(𝑍𝑖,𝑞) −
1
𝑁

𝑁
∑

𝑗=1
𝑤𝑗𝛼𝑞𝜙(𝑍𝑗,𝑞)

)𝑇]

.

Then we obtain the weighted HSIC as: 
𝐻𝑆𝐼𝐶𝑤𝛼(𝑍∶,𝑝, 𝑍∶,𝑞) = ‖𝐂𝐩𝐪;𝐰;𝛂‖

2
𝐹 . (12)

Therefore, we learn 𝐰 and 𝜶 by minimizing the weighted HSIC be-
tween all pairs of 𝐙∶,𝑝 and 𝐙∶,𝑞 , i.e., 

min
𝐰∈Δ𝑁 ,𝜶∈Δ𝑑𝑒

∑

𝑝<𝑞
‖𝐂𝐩𝐪;𝐰;𝛂‖

2
𝐹 + ‖𝐰‖22 + ‖𝜶‖22 (13)

where Δ𝑁 = {𝐰 ∈ ℝ𝑁
+ ∣

∑𝑁
𝑖=1 𝑤𝑖 = 𝑁} and Δ𝑑𝑒 = {𝜶 ∈ ℝ𝑑𝑒

+ ∣
∑𝑑𝑒

𝑖=1 𝛼𝑖 =
𝑑𝑒}. On one hand, these constraints guarantee that the weights are 
bounded; on the other hand, since the summation of the weights is con-
stant, they make the weights compete with each other, which leads to 
the sparsity of the weights. We also add the L2 regularization terms ‖𝐰‖22
and ‖𝜶‖22 to prevent overfitting and ensure numerical stability during 
optimization. The optimal 𝐰∗ and 𝜶∗, which minimize the dependencies 
of the representations, make the representations more stable to handle 
the OOD problem.

Algorithm 2 Algorithm for multi-view stable classification (MvSC).
Input: Multi-view dataset 𝑋.
1: Initialize 𝐰 = 𝟏 and 𝜶 = 𝟏.
2: while not converged do
3:  for each batch do
4:  Compute 𝑍(𝑣) and 𝑦̂(𝑣)𝑖  for each view 𝑣.
5:  Compute fused representation 𝑍.
6:  Compute loss 𝐿𝑤 and update parameters 𝜽.
7:  end for
8:  Optimize weights 𝐰,𝜶 according to Algorithm 1.
9: end while
Output: Network parameters 𝜽, and weights 𝐰 and 𝜶.

After obtaining the optimal weights 𝐰∗ and 𝜶∗, we impose them on 
the classification loss functions Eq. (6), to obtain our final weighted 

classification loss function: 

𝑤 =
𝑁
∑

𝑖=1
𝑤∗

𝑖

[

𝐿fusion
(

𝜶∗ ⊙𝑍fused,𝑖, 𝑦𝑖
)

+
𝑉
∑

𝑣=1
𝐿(𝑣)

(

𝑍(𝑣)
𝑖 , 𝑦𝑖

)

]

, (14)

where ⊙ is the element-wise production. We train the network by min-
imizing Eq. (14), aiming to learn a stable and dimension-independent 
multi-view representation, which can address the OOD problem for clas-
sification.

3.4.  Training strategy

In our method, we have two groups of variables to be optimized. 
One group is the weights 𝐰 and 𝜶, and the other group is the neural 
network parameters 𝜽 (e.g. 𝑊 (𝑣) and 𝑊 ). We first initialize all weights 
in 𝐰 and 𝜶 to 1, and then propose an iterative training strategy, where 
we train one group of variables while fixing the other group of vari-
ables. In more detail, we apply the SGD to optimize the parameters in 
the network of each view by minimizing Eq. (14). Then, we use the 
gradient descent method to optimize 𝐰 and 𝜶. Since the two groups of 
variables are entangled in the objective function, we design an adaptive 
weight update method, called Adaptive Sample and Dimension Weight-
ing (ASDW). We do not simultaneously update the two variables but 
decide which variable to update based on its gradient. Intuitively, we 
prioritize optimizing the variables with a larger gradient for effective 
descent. Since the length of 𝐰 and 𝜶 may differ, we normalize the gra-
dient by dividing by the length of the variable. More specifically, we 
denote the gradient of 𝐰 and 𝜶 as ∇𝐰 and ∇𝜶, respectively. Then we 
compare ‖∇𝐰‖2∕𝑙𝑒𝑛𝑔𝑡ℎ(𝐰) and ‖∇𝜶‖2∕𝑙𝑒𝑛𝑔𝑡ℎ(𝜶). If ‖∇𝐰‖2∕𝑙𝑒𝑛𝑔𝑡ℎ(𝐰) is 
greater than ‖∇𝜶‖2∕𝑙𝑒𝑛𝑔𝑡ℎ(𝜶), we update 𝐰 and otherwise we update 𝜶.

Notice that 𝐰 and 𝜶 have constraints, which may be violated during 
gradient descent. To tackle this problem, after the gradient descent, we 
apply Softmax on 𝐰 and 𝜶 to normalize them as: 

𝑤𝑖 =
𝑁 ∗ 𝑒𝑤𝑖
∑𝑁

𝑗=1 𝑒
𝑤𝑗

, 𝛼𝑖 =
𝑑𝑒 ∗ 𝑒𝛼𝑖
∑𝑑𝑒

𝑗=1 𝑒
𝛼𝑗

(15)

By this way, 𝐰 and 𝜶 are projected to the Δ𝑁  and Δ𝑑𝑒  respectively. Algo-
rithm 1 shows the pseudo-code of the process ASDW of updating 𝐰 and 
𝜶. The whole training process of our method is shown in Algorithm 2.

In the testing phase, we directly use the model with parameters 𝜽 for 
prediction without the weights 𝐰 and 𝜶.

4.  Experiments

In this section, we conduct extensive experiments on diverse scenar-
ios to comprehensively evaluate our method.

4.1.  Experimental setup and implementation details

We first introduce the datasets, compared methods, evaluation met-
rics, and implementation details, respectively.

4.1.1.  Datasets
To demonstrate the effectiveness of handling the OOD problem, we 

conduct experiments on three benchmark OOD datasets, including two 
multi-view image datasets PACS [44] and VLCS [45], and a multi-view 
text dataset BBC [46]. PACS is a widely used dataset in domain gen-
eralization, comprising 7 object categories across four domains: Photo, 

Table 1 
Statistics of the datasets used in our experiments.
 Dataset  #Samples  #features in each view  #Classes  Data Type
 PACS  9991  512/512/1280/768  7  Image
 VLCS  10,729  512/512/1280/768  5  Image
 BBC  685  4659 / 4633 / 4665 / 4684  5  Text
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Fig. 2. t-SNE visualization of the representations learned by MvSC and the second-best methods. (a), (b), and (c) present the results of MvSC on PACS-Art, PACS-
Photo, and VLCS-Caltech, respectively. (d), (e), and (f) present the results of the second-best methods on PACS-Art, PACS-Photo, and VLCS-Caltech, respectively. 
Samples with the same color belong to the same class, and circles and triangles denote source-domain and target-domain samples, respectively.

Art-painting, Cartoon, and Sketch. This dataset contains 9991 images, 
including 1670 photos, 2048 arts, 2344 cartoons, and 3929 sketches. 
VLCS is composed of five categories shared among 4 domains: Pascal, La-
belme, Caltech, and Sun datasets. The VLCS dataset has 10,729 images, 
including 3376 images in Pascal, 2656 images in Labelme, 1415 images 
in Caltech, and 3282 images in Sun. Notice that both PACS and VLCS are 
single-view datasets. To evaluate the performance of multi-view meth-
ods on these datasets, we use pretrained ResNet-18 [47], VGG-16 [48], 
EfficientNet-B0 [49], and ViT-B/16 [50] to extract the features, respec-
tively, and generate the multi-view data. The dimensions of the four 
views are 512, 512, 1280, and 768, respectively. Then, we follow the 
experimental protocol of [51] for both the datasets and utilize three do-

mains as source domains for training and the remaining one as the target 
domain for test.

The BBC dataset [46] contains 685 news documents from five cat-
egories. Each document is represented by four views with dimensions 
of 4659, 4633, 4665, and 4684, respectively. To evaluate the OOD gen-
eralization, following [52], we apply a non-uniform split for it. Specifi-
cally, for the first three classes, we randomly assign 80% of samples to 
training, 10% to validation, and 10% to testing. For the remaining two 
classes, we assign 10% to training, 10% to validation, and 80% to test-
ing. This creates a significant semantic drift between the training and 
test distributions.

Table 1 summarizes the datasets used in our experiments.
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Table 2 
Comparison with multi-view learning methods and out-of-distribution methods based on ACC and AUROC over PACS and VLCS. The 
best result in each column is highlighted in bold.
 Method

Metric
 PACS  VLCS
 Art  Cartoon  Sketch  Photo  Avg.  labelme  caltech  pascal  sun  Avg.

 TMC [34]  ACC  0.7749  0.5482  0.4413  0.8994  0.6660  0.5897  0.9906  0.7157  0.7462  0.7606
 AUROC  0.9649  0.9119  0.8684  0.9963  0.9354  0.7376  0.9993  0.8945  0.8553  0.8717

 TMDLO [33]  ACC  0.7988  0.6621  0.4579  0.9641  0.7207  0.6863  0.9811  0.7720  0.7410  0.7951
 AUROC  0.9691  0.9410  0.8633  0.9984  0.9429  0.7655  0.9993  0.9298  0.8655  0.8900

 ETMC [34]  ACC  0.8179  0.6788  0.5108  0.9623  0.7424  0.6650  0.9693  0.7256  0.7360  0.7740
 AUROC  0.9663  0.9167  0.8180  0.9972  0.9245  0.7239  0.9826  0.8297  0.8507  0.8467

 DMVLS [6]  ACC  0.7343  0.6182  0.4622  0.9736  0.6971  0.6499  0.9835  0.7522  0.7137  0.7748
 AUROC  0.9392  0.8729  0.7498  0.9976  0.8899  0.7070  0.9993  0.9038  0.7802  0.8476

 RCML [53]  ACC  0.8104  0.6711  0.4737  0.9660  0.7303  0.6901  0.9882  0.7542  0.7147  0.7868
 AUROC  0.9771  0.9446  0.8623  0.9961  0.9450  0.7782  0.9991  0.9272  0.8713  0.8940

 CSMVIB [29]  ACC  0.7769  0.6625  0.5253  0.8994  0.7160  0.6562  0.9575  0.7108  0.7198  0.7611
 AUROC  0.9599  0.9213  0.8688  0.9901  0.9350  0.7210  0.9979  0.9151  0.8674  0.8754

 TTT [8]  ACC  0.8042  0.6216  0.5452  0.9485  0.7298  0.6562  0.9835  0.7907  0.7228  0.7883
 AUROC  0.9580  0.9222  0.8392  0.9871  0.9335  0.7443  0.9970  0.9290  0.7997  0.8675

 TMLC [23]  ACC  0.7954  0.5879  0.4972  0.9677  0.7121  0.6311  0.9906  0.7927  0.7472  0.7904
 AUROC  0.9707  0.9353  0.8556  0.9981  0.9399  0.8143  0.9921  0.9388  0.8369  0.8955

 ERM [54]  ACC  0.8145  0.6566  0.5582  0.9670  0.7491  0.6637  0.9670  0.7453  0.7371  0.7783
 AUROC  0.9626  0.9309  0.8494  0.9975  0.9351  0.7775  0.9993  0.8405  0.8601  0.8694

 RWY [55]  ACC  0.8086  0.6369  0.5772  0.9660  0.7472  0.6562  0.9858  0.7947  0.7463  0.7957
 AUROC  0.9724  0.9120  0.8589  0.9977  0.9353  0.7936  0.9991  0.9423  0.8688  0.9009

 JTT [15]  ACC  0.8164  0.6566  0.5411  0.9760  0.7475  0.6637  0.9788  0.7532  0.7157  0.7779
 AUROC  0.9723  0.9309  0.8308  0.9980  0.9330  0.7775  0.9926  0.9153  0.8483  0.8834

 StableNet [17]  ACC  0.8008  0.6988  0.5479  0.9353  0.7457  0.6299  0.9245  0.7522  0.6772  0.7460
 AUROC  0.8906  0.8458  0.7661  0.9697  0.8680  0.7048  0.9672  0.8309  0.7449  0.8119

 MAPLE [42]  ACC  0.8101  0.6502  0.5073  0.9623  0.7325  0.6223  0.9829  0.7897  0.7391  0.7835
 AUROC  0.9781  0.9405  0.8738  0.9980  0.9476  0.7979  0.9998  0.9329  0.8862  0.9042

 MARW [18]  ACC  0.5259  0.4424  0.3276  0.8701  0.5415  0.6754  0.9413  0.5953  0.7289  0.7352
 AUROC  0.9218  0.9094  0.8727  0.9855  0.9224  0.7654  0.9759  0.9163  0.8324  0.8725

 MvSC(Ours)  ACC  0.8242  0.6455  0.5798  0.9868  0.7591  0.6373  0.9906  0.8094  0.7533  0.7976
 AUROC  0.9787  0.9357  0.8894  0.9995  0.9508  0.8088  0.9998  0.9508  0.8717  0.9078

4.1.2.  Compared methods and evaluation metrics
To systematically evaluate the proposed model’s effectiveness in ad-

dressing OOD problem in multi-view classification, we compare with 
eight state-of-the-art multi-view classification methods, including TMC 
[34], TMDLO [33], ETMC [34], RCML [53], CSMVIB [29], DMVLS [6], 
TTT [8], and TMLC [23]; and six state-of-the-art single-view OOD clas-
sification methods, including ERM [54], RWY [55], JTT [15], StableNet 
[17], MAPLE [42], and MARW [18].

When running the compared methods, we use the codes and parame-
ter settings provided by their authors. For single-view methods that can-
not directly handle multi-view data, we concatenate all views to form 
a single-view dataset and feed it into the single-view methods. We use 
two widely-used evaluation metrics, including Classification Accuracy 
(ACC) and the Area Under the Receiver Operating Characteristic Curve 
(AUROC), to evaluate the classification performance.

4.1.3.  Implementation details
All view-specific encoders in our method share the same architec-

ture. Each encoder first applies Layer Normalization to the input fea-
tures, followed by a three-layer fully connected network with dimen-
sions input → 256 → 128 → 100, where the first two layers use ReLU ac-
tivation and dropout, while the final layer has no activation function. 
The model is trained for 30 epochs with a batch size of 256. We opti-
mize the backbone parameters 𝜽 using AdamW with an initial learning 
rate of 10−3, weight decay of 10−5, and a cosine annealing learning-rate 
schedule. The sample weights 𝐰 and dimension weights 𝜶 are optimized 
using SGD optimizer with a learning rate of 10−4 and momentum of 0.9.

For HSIC estimation, we employ RFF to approximate the Gaussian 
kernel. The number of random Fourier features is set to 8 in all ex-
periments. The random projection weights are sampled from a stan-
dard normal distribution, and the phase offsets are sampled uniformly 
from [0, 2𝜋]. The same HSIC estimation configuration is adopted for all 

datasets. We also fix the random seed throughout the experiments to 
ensure reproducibility.

4.2.  Experimental results

Table 2 shows the results of all methods on PACS and VLCS datasets. 
Since PACS and VLCS have 4 domains, there are 4 scenarios in these 
datasets, where in each scenario, we use one domain as the test do-
main and the other three domains as the training domain. The second 
row of Table 2 shows the test domain. For example, "Art" means we 
use the "Art" domain as the test domain and the other three domains as 
the training domain. "Avg." denotes the average result of all 4 scenar-
ios. Table 2 shows that our method outperforms other methods across 
most scenarios, and achieve the best performance on average for both 
datasets. When compared with multi-view methods, since we especially 
design a dual-weighting mechanism to tackle the OOD problem, our 
method performs better when the test domain is different from the train-
ing domain. It well demonstrates our motivation that the conventional 
multi-view classification may suffer from the OOD problem. When com-
pared with OOD classification methods, ours also often achieves better 
performance. On one hand, conventional OOD classification methods 
are designed for single-view data, which may be inappropriate to han-
dle multi-view data; and on the other hand, conventional OOD meth-
ods only impose one kind of weight on the samples, which may not be 
enough to decorrelate the dependencies among representations. Com-
pared with these methods, our dual-weighting mechanism can charac-
terize and eliminate the dependencies better, leading to more stable rep-
resentations for OOD classification.

Table 3 shows the results on the BBC dataset. The results are similar. 
Our method can achieve best performance compared to all multi-view 
and OOD methods. Besides, OOD methods often perform better than 
traditional multi-view methods. It shows that the existing OOD meth-
ods are better handling the distribution shifting, which means the test 
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Table 4 
Efficiency results of all methods on the PACS-Art dataset.
 Method  #Paras (M)  FLOPs (M) Timetr (s) Timeinf (s)
 TMC  0.022  0.044  38.15  0.14
 TMDLO  0.022  0.043  37.21  0.14
 ETMC  1.728  3.455  181.19  0.45
 DMVLS  1.210  2.544  68.90  0.76
 RCML  0.022  0.043  67.88  0.10
 CSMVIB  5.080  10.208  200.71  0.13
 TTT  2.136  4.274  713.028  0.23
 TMLC  0.0215  0.043  68.203  0.06
 ERM  1.972  1.970  30.98  0.22
 RWY  1.972  1.970  30.50  0.26
 JTT  1.972  1.970  29.38  0.21
 StableNet  0.974  0.972  61.02  0.13
 MAPLE  1.708  3.411  21.61  0.19
 MARW  0.394  0.788  144.16  0.14
 MvSC (Ours)  0.970  1.945  57.35  0.13

domain and training domain are the same but the distribution of each 
class is significantly different. In this setting, our method also outper-
forms the conventional OOD methods, demonstrating the effectiveness 
and superiority of our method.

4.3.  Efficiency results

To evaluate the efficiency and scalability of different methods, we 
report the number of parameters, FLOPs, training time, and inference 
time of all methods on PACS-Art dataset in Table 4. MvSC maintains 
a compact model size with only 0.970M parameters and shows com-
petitive training and inference efficiency compared with existing meth-
ods. Compared with most baselines, MvSC achieves a better balance 
between model complexity and computational cost, indicating that it is 
lightweight and practical for multi-view out-of-distribution generaliza-
tion.

Although MARW has a smaller model size and some methods have 
slightly lower training cost, their classification performance is inferior 
to MvSC according to the ACC results. In contrast, MvSC achieves the 
best overall classification accuracy while keeping the parameter size and 
inference time moderate. These results demonstrate that MvSC provides 
a favorable trade-off between effectiveness and efficiency.

4.4.  Ablation study

We conduct some ablation studies to evaluate the effectiveness of 
our dual-weighting mechanism in Table 5. We first compare the dual-
weighting method (simultaneously using 𝐰 and 𝜶) with the single 
weighting method, i.e., the sample weighting (only using 𝐰) and dimen-
sion weighting (only using 𝜶). From Table 5, we can see that, compared 
to vanilla method, using the sample weights or using the dimension 
weights can both improve the performance, demonstrating the effective-
ness of both the weighting mechanisms. Moreover, using both weights 
further performs better than using single weights, well demonstrating 
the superiority of our dual-weighting mechanism compared with the 
conventional single-weighting method.

Besides, we also conduct experiments to show the effect of our adap-
tive sample and dimension weighting method. The fourth row in Ta-
ble 5 shows the results of our method that simultaneously updates 𝐰
and 𝜶, and the fifth row shows our method with ASDW (i.e., using Al-
gorithm 1). It can be seen that the adaptive updating performs better 
than the conventional simultaneous updating, demonstrating the effec-
tiveness of Algorithm 1.

Moreover, to further evaluate the effects of our dual-weighting mech-
anism, we conduct an ablation study to show whether it can decorre-
late the representations. Specifically, we compute the average pairwise 
HSIC values of the learned representations before and after applying the 
learned dual weights. A lower HSIC value indicates weaker statistical 
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Table 5 
Ablation study of our method evaluated by ACC.
 Components  PACS  VLCS
𝐰 𝜶  Adaptive Update  Art  Cartoon  Sketch  Photo  Avg.  Labelme  Caltech  Pascal  Sun  Avg.
× × ×  0.8164  0.6117  0.5316  0.9814  0.7359  0.6010  0.9764  0.7936  0.7401  0.7778
✓ × ×  0.8208  0.6399  0.5424  0.9844  0.7469  0.6235  0.9788  0.8015  0.7442  0.7870
× ✓ ×  0.8218  0.6390  0.5472  0.9850  0.7483  0.6275  0.9787  0.8005  0.7401  0.7867
✓ ✓ ×  0.8218  0.6418  0.5530  0.9826  0.7498  0.6311  0.9835  0.8036  0.7523  0.7926
✓ ✓ ✓  0.8242  0.6455  0.5798  0.9868  0.7591  0.6373  0.9906  0.8094  0.7533  0.7976

Table 6 
Average pairwise HSIC values with and without the proposed dual-weighting mechanism. Lower values indicate weaker statistical dependencies.
 Setting  PACS-Art  PACS-Cartoon  PACS-Sketch  PACS-Photo  VLCS-LabelMe  VLCS-Caltech  VLCS-Pascal  VLCS-Sun
 Without dual weighting  0.3937  0.4655  0.7220  0.3585  0.8251  0.7019  0.4703  0.6146
 With dual weighting  0.3802  0.4495  0.5619  0.3471  0.8097  0.6486  0.4267  0.5557

Table 7 
Effect of the number of random Fourier features on the PACS-Art 
dataset.

 Number of RFF features  5  8  20  50
 ACC  0.8154  0.8242  0.8184  0.8169
 AUROC  0.9784  0.9787  0.9792  0.9785
 Dual-weighting time (s)  18.55  20.46  27.10  43.64
 Total training time (s)  57.90  59.15  70.61  80.04
 Dual-weighting time ratio  32.04%  34.58%  38.39%  54.57%

dependence among representation dimensions. The results are shown 
in Table 6. It can be seen that the proposed dual-weighting mecha-
nism consistently reduces HSIC. For example, on PACS-Art, the HSIC 
value decreases from 0.3937 to 0.3802; on PACS-Sketch, it decreases 
from 0.7220 to 0.5619; and on VLCS-Pascal, it decreases from 0.4703 
to 0.4267. These results provide direct evidence that our method effec-
tively suppresses statistical dependencies in the learned representations, 
which is consistent with the motivation of reducing spurious correla-
tions for out-of-distribution generalization.

We further investigate the influence of the number of random Fourier 
features on both classification performance and computational effi-
ciency. Specifically, we vary the RFF dimension among {5, 8, 20, 50} and 
conduct experiments on the PACS-Art dataset. We report ACC, AUROC, 
the running time of the dual-weighting module, the total training time, 
and the proportion of the dual-weighting time to the total training time. 
The results are shown in Table 7. We can see that increasing the RFF 
dimension from 5 to 8 improves ACC from 0.8154 to 0.8242 and AU-
ROC from 0.9784 to 0.9787. When the dimension is increased to 20, 
AUROC further improves slightly to 0.9792, whereas ACC decreases to 
0.8184. Meanwhile, the running time of the dual-weighting module in-
creases from 20.46 s to 27.10 s. Using 50 RFF features does not yield 
further performance improvements but substantially increases the dual-
weighting time to 43.64 s, accounting for 54.57% of the total training 
time. Overall, using 8 RFF features achieves the highest ACC, a nearly 
optimal AUROC, and the lowest total training time among the evaluated 
settings. Therefore, in our implementation, we set the number of random 
Fourier features to 8 in all experiments to achieve a favorable balance 
between classification performance and computational efficiency.

4.5.  t-SNE visualization

To intuitively evaluate the discriminability and cross-domain stabil-
ity of the learned representations, we employ t-SNE to visualize the fused 
features from the source and target domains. Before applying t-SNE, we 
first extract the learned fused representations from the trained model 
and standardize them using z-score normalization. We then perform t-
SNE with perplexity set to 30, PCA initialization, a fixed random seed 
of 2026, and the default learning rate setting. The results are shown in 

Fig. 2. Different colors denote different classes, and circles and triangles 
represent source-domain and target-domain samples, respectively. We 
show the t-SNE results of our method on PACS-Art, PACS-Photo, and 
VLCS-Caltech in Fig. 2(a)–(c), respectively. Moreover, we also show the 
results of the second-best methods in Fig. 2(d)–(f).

On PACS-Art and PACS-Photo, the second-best method, i.e., JTT, 
often maps the source domain and target domain samples to different 
groups, e.g. the red class, green class, and blue class. In our method, we 
map the source domain and the target domain samples together, gener-
ating more compact intra-class groups. These observations demonstrate 
that the proposed dual-weighting mechanism effectively suppresses spu-
rious correlations and learns stable and discriminative representations, 
thereby improving generalization to unseen domains. On VLCS-Caltech, 
compared to the second-best method, i.e., TMC, our method provides a 
clearer inter-class separation, demonstrating that our method can learn 
more discriminative representations for classification.

5.  Conclusion

This paper focused on the challenging problem of OOD general-
ization in multi-view classification. We proposed the first deep stable 
multi-view classification method specifically designed for general OOD 
scenarios. In the method, we designed a novel dual-weighting mech-
anism, which explicitly controls representation dependencies to elimi-
nate spurious correlations, thereby learning a stable representation for 
multi-view data. In the dual-weighting mechanism, we learned the sam-
ple weights and dimension weights and carefully designed an adaptive 
weighting method to effectively train the model. Extensive experiments 
on OOD benchmarks demonstrated our method’s superiority in general-
izing to different domains.
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