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Abstract

Multi-view classification based on evidence theory aims
to enhance result reliability by effectively quantifying pre-
diction uncertainty at the evidence level, particularly when
dealing with low-quality views. However, these methods face
limitations in real-world applications due to the sensitivity
of estimated uncertainty to view distribution, leading to two
main issues: 1) difficulty in making clear judgments about
whether to trust predictions based on vague uncertainty
scores, and 2) the potential negative impact of integrating
information from low-quality views on multi-view classifica-
tion performance. Both limitations compromise the reliability
of multi-view decisions. To address these challenges, we in-
troduce an adaptive rejection mechanism based on estimated
uncertainty, which is free of data distribution constraints. By
integrating this adaptive rejection mechanism into the fusion
of multiple views, our method not only indicates whether
predictions should be adopted or rejected at the view level
but also enhances classification performance by minimizing
the impact of unreliable information. The effectiveness
of our method is demonstrated through comprehensive
theoretical analysis and empirical experiments on various
multi-view datasets, establishing its superiority in enhancing
the reliability of multi-view classification.

Introduction

Uncertainty-aware Multi-view Classification (UMVC) has
recently become crucial in multi-view deep learning by
assessing uncertainty levels in predictions, thus informing
decision-makers about when to trust these predictions (Zou
et al. 2023; Zhou et al. 2023). Such uncertainties typically
arise from low-quality data, including conflicts among mul-
tiple views or the presence of outliers (Zhang et al. 2024b).
Within UMVC, the framework based on evidence theory
has emerged as a promising approach (Han et al. 2021;
Liu et al. 2022; Han et al. 2023; Liu et al. 2023; Xu et al.
2024; Lu et al. 2024). This framework leverages distinct
views at the evidence level, providing a reliable means for
decision fusion. It has been significantly applied in various
safety-critical fields, such as medical diagnosis (Wang et al.
2023) and autonomous driving (Patrikar et al. 2024).
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Figure 1: The evidence-based classifier is trained on the MR-
Net dataset, which includes real-world knee MRI scans cap-
tured from three views: Axial, Coronal, and Sagittal. Case
1194 is a test sample with noise present in all three views.
The blue line indicates the density of estimated uncertainty
for testing samples. The red “x” denotes the position of
Case 1194 within the uncertainty density distribution of the
test samples, showing a small uncertainty value of 0.094.

Despite their clear benefits, these approaches face limi-
tations that may compromise the reliability of multi-view
deep learning. Specifically, existing methods typically pro-
vide an uncertainty degree to indicate whether a prediction
can be adopted. However, the magnitude of this uncertainty
is sensitive to different multi-view data distributions and
even varies across different view distributions within a sin-
gle dataset, resulting in inconsistent levels of uncertainty.
This variability poses a critical challenge: how to effectively
distinguish between predictions from normal data and those
from low-quality data across various data distributions. Con-
sequently, two main issues arise: 1) the integration of un-
reliable evidence from low-quality views can degrade the
performance of multi-view classification, and 2) The prin-
ciple in informatics, as stated by Shannon, that “the essence
of information is to eliminate uncertainty”, cited in (Bur-
gin 2002), is followed by most evidence-based multi-view
methods, typically resulting in reduced uncertainty during
multi-view fusion. This low uncertainty diminishes the dis-
tinction between the uncertainty scores of reliable and un-



reliable predictions, complicating the decision-making pro-
cess regarding whether a prediction should be trusted or
rejected. Such difficulties can potentially increase risks in
real-world applications, particularly in high-stakes scenar-
ios (e.g., medical diagnosis) that require critical decision-
making.

For example, as illustrated in Figure 1, we estimate
prediction uncertainty using the evidence-based method
(Liu et al. 2022) across the MRNet dataset (Bien et al.
2018), which comprises real-world knee Magnetic Reso-
nance Imaging (MRI) scans captured from three views. Case
1194 serves as a test sample characterized by significant
noise and a lack of useful information. Despite the estimated
uncertainty density for Case 1194 is located in the tail, its
specific value of 0.094, which is relatively low, may lead to
ambiguity for doctors regarding the reliability of the predic-
tion. In practice, the desired reliable output for physicians is
not only to ensure accurate diagnoses for normal multi-view
data but also to provide a clear judgment on the rejection of
diagnoses for low-quality samples.

To achieve this goal, an intuitive approach is using the
classification with Reject Option, also called Selective
Classification (SC), a method that has been around for
70 years (De Stefano, Sansone, and Vento 2000; Geifman
and El-Yaniv 2017). This method mainly optimizes the
selective risk through a threshold to determine whether the
classification result should be rejected. However, there are
several challenges with existing SC methods: (1) Existing
SC methods typically either depend on a fixed threshold,
such as the average threshold of a classifier ensemble
(Varshney 2011), which cannot adaptively apply to complex
data distributions, or optimize the threshold through reject
risk optimization (Franc, Prusa, and Voracek 2023), leading
to varying performance outcomes due to differences in
model structure. (2) They hardly provide a theoretical
guarantee that the risk of rejection for the prediction
of low-quality samples is bounded by a small marginal
probability. (3) There is limited SC work addressing the
handling of multi-view data, which should take into account
the rejection relation among different views.

The above gaps motivate us to devise a novel method
called Reliable Multi-view Classification with Adaptive Re-
jection (RAR). Specifically, we first aim to construct a
distribution-free rejection mechanism with p-values to pro-
vide an adaptive rejection option at the view level, indicating
whether we should reject the evidence collected from a spe-
cific view. Then, we introduce the adaptive rejection option
into the multi-view fusion module, which can eliminate the
effect of unconfident results and improve classification per-
formance. During inference, we can make a clear judgment
on when to trust the multi-view result in terms of the re-
jection option associated with the overall uncertainty score,
thereby enhancing reliability in multi-view deep learning. In
summary, the contributions of this paper are as follows: (1)
We introduce a novel multi-view model with adaptive re-
jection aimed at enhancing the reliability of multi-view de-
cisions, providing a clear judgment on whether the decision
should be kept or rejected; (2) The proposed rejection mech-
anism is distribution-free and can be adaptively applied to
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various multi-view data structures. The devised multi-view
fusion strategy with rejection can eliminate the effect of un-
confident results and improve classification performance; (3)
Theoretical and empirical analyses demonstrate the effec-
tiveness of the proposed model in terms of accuracy, and
reliability.

Related Works

Evidence-based Multi-view Classification: Up till now,
numerous multi-view learning approaches using deep
neural networks (DNNs) have emerged (Sun, Dong, and
Liu 2020; Liang et al. 2021, 2024; Zhang et al. 2024a;
Jiang et al. 2024; Zhang et al. 2022; Liu, Chen, and Yue
2024), which aims to learn a shared representation of
multiple information from different types of views with
DNNs. While multi-view deep learning demonstrates
notable effectiveness, the performance is affected by the
presence of low-quality multi-view data, which introduce
risks in real-world scenarios. In response to this challenge,
recently, several uncertainty-aware multi-view classification
methods, particularly evidence-based approaches (Han et al.
2021; Liu et al. 2022; Han et al. 2023; Liu et al. 2023; Xu
et al. 2024; Lu et al. 2024; Xu et al. 2023; Liu et al. 2024),
have been proposed. These methods use subjective logic
to model view-specific predictions as multinomial opinions
and then combine them using appropriate belief fusion rules
based on the context (Jgsang 2018). Specifically, an exten-
sion of the Dempster-Shafer combination rule (Shafer 1976)
was first adopted by (Han et al. 2021, 2023) in multi-view
classification. Other fusion rules, such as Cumulative Belief
Fusion (Liu et al. 2022, 2023) and Averaging Belief Fusion
(Xu et al. 2024), have also been explored. Despite their
success in UMVC, these methods fall short in enhancing
reliability in real-world environments. The key issue is that
the magnitude of uncertainty is often unmeasurable due to
the variability of multi-view distributions, leading to the
following problems: 1) Poor classification performance with
vague uncertainty degrees. 2) An inability to provide clear
judgments on whether the prediction is reliable. In contrast,
our method introduces an adaptive rejection mechanism into
the fusion of multiple views, improving the performance
of multi-view results and providing clear judgments on
whether the prediction should be rejected, thereby boosting
reliability in multi-view classification.

Classification with Reject Option: Classification with a
reject option, also known as selective classification, aims to
abstain from making predictions on examples that the model
is likely to misclassify (De Stefano, Sansone, and Vento
2000; Geifman and El-Yaniv 2017). A straightforward and
popular technique is to use some confidence measure to
select the most certain examples (Zhang et al. 2023). If the
underlying confidence degree of the predicted class is below
a certain threshold, the prediction will abstain. However, the
threshold is either fixed (Varshney 2011) or depends on se-
lective risk optimization (Franc, Prusa, and Voracek 2023),
which is inflexible for variations in model structure and data
distribution, leading to poor performance. Moreover, there
has been limited focus on multi-view classification with a



reject option, especially one that incorporates an adaptive
threshold applicable to various data distributions within a
low rejection risk. This gap motivates the development of
the work presented in this manuscript.

Method

This section outlines the notations and problem statement,
followed by a detailed description of the proposed method
and its key components.

Problem Statement

Consider a multiclass classification task on data (x,y) €

X x)Y, where z = {z }vV:1 represents data from V' different
views, and y € ) represents the corresponding labels. The
multi-view training data is denoted as Dyy.qin = {24, ¥s }?:1.
UMVC learns a multi-view model f on Dy,.4;p,, mapping x
to a top-1 prediction ¢ with an associated uncertainty degree
u. However, the magnitude of uncertainty is sensitive to the
distributions of multi-view data, which can adversely affect
classification performance and complicate the assessment of
prediction reliability based on ambiguous degrees of uncer-
tainty. To address this, we introduce an adaptive rejection
mechanism into the multi-view fusion process.

Preliminaries on Evidence Theory

Given the promising application of evidence-based frame-
works in UMVC (Han et al. 2021; Liu et al. 2022; Han et al.
2023; Liu et al. 2023; Xu et al. 2024), which utilize evidence
theory (Shafer 1976) and subjective logic (Jgsang 2018) to
handle K-class classification by assigning belief masses to
individual class labels and computing epistemic uncertainty,
we adopt this approach as our foundational framework.
Formally, let f, (zV;6) denote the output of the penul-
timate (logits) layer of the view-specific neural network
for the sample x” in a single view. Rather than using the
standard softmax function to predict a single categorical
estimation, we employ an alternative activation function
a(-) (e.g., ReLU) to capture non-negative evidence e’ =

a(fy (z¥;0)), where e = [e}, ..., e%] over K categories.
Then, we define:
K
p=ep/Stut =1-> by =K/S", (1)
k=1

K
where SY = Y e} + K. Here, b} represents the belief
k=1

mass of the k" class based on the collected evidence, and
u" indicates the prediction uncertainty, which reflects the
lack of total evidence. However, managing the magnitude
of uncertainty across different data distributions poses
challenges, necessitating the introduction of an adaptive
rejection mechanism.

Adaptive Rejection Mechanism

To make a clear rejection decision, an intuitive method is to
learn a rejection function g : X — {0,1} using an uncer-
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tainty threshold ) :

1 u(z) < uy,
0 else,

g (x) 2

where wu (z) is the estimated uncertainty of any test point
x. A prediction is made if g () 1, and otherwise,
it is rejected. However, two main challenges arise: 1)
determining an adaptive threshold applicable across various
data distributions, and 2) controlling the risk of false re-
jections. To address these challenges, we treat the rejection
decision as a multiple-testing problem. Given a test dataset
Diest = {xj, Yj };ﬂz1 with m samples, rejection is viewed
as testing the following random hypotheses:

H; 3)

We define Hy = {j: H; is true} as the set of null hy-
potheses. Rejecting the null hypothesis indicates that u (z )
exceeds the threshold w), leading to the rejection of the
prediction for test sample ;.

Given the absence of a true label indicating whether a
prediction is unreliable in practice, we aim to control the
risk of rejection using the statistical error rate (Benjamini
and Hochberg 1995; Angelopoulos et al. 2021). This can
be formally achieved by computing p-values p; for any null
hypothesis H; based on an independent calibration dataset
D (with the same distribution as Dyygin ):

14 card{zs € Deqy : u(z5) < u(x))}
p‘] B |Dcal| + 1 ’

where p; indicates the extent to which the instance is typ-
ical of reliable results. A smaller p-value suggests a higher
possibility of false rejections. Moreover, p-values satisfy the
following property (Nouretdinov et al. 2001):

P(p; <7)<T, 5)

with 7 € (0,1). When 7 is considered as the chosen risk
tolerance, this property ensures that if we control the possi-
bility of making false rejections does not exceed 7 for any
test samples, we will control the rejection risk at the 7-level.

Thus, the problem reduces to finding valid p-values that
balance performance with Eq. (5). To achieve this, we define
the following:

cu(zg) <uy,j=1,...,m.

4)

Definition 1. For x5 € Dey, s = 1,...,1., let us denote
u (7). The random uncertainty scores u(yy, U2y, - ,U()
are exchangeable with order statistics u) Sup) <o <
u(y. For any fixed T € (0,1), ux can be defined as uy =
U([(1—7)(141)])- Note that when [ is too small, specifically
when 7 < 1/(1 + 1), ux will approach infinity.

We then establish the following proposition:

Proposition 1. For any size of D.q;, the following inequality
holds for any null hypothesis with 7 € (0,1):

PP(p;<7)<71)>1-4,
Sorany § € (0,1), where ¢ is the significance level.

Definition 1 provides an adaptive threshold uy, which aids
in the development of a rejection function g (x). This func-
tion is independent of data distribution and controls the risk
of rejection based on a user-specified 7 (e.g., 7 = 0.001).



Reliable Fusion with Adaptive Rejection

To generate the final prediction, we model the view-specific
predictions as multinomial opinions, denoted as OV

{b“ = {b}, }k 1,u”}, and then combine them using ap-

propriate dynamic fusion rules. In contrast to the existing
evidence-based multi-view methods, we introduce a rejec-
tion function into the fusion of multiple views and propose
the following fusion strategy.

Definition 2. (Multi-view fusion strategy). Given an opin-
ion O for an arbitrary z}, let ek—ezk g( YY) De
the transformatlon of collected evidence €3, in the re-

jection mechanism. We define b” by o g ()
€k tEi

S (eht et ) 12K =1- Z by, using Eq. (1),

where o denotes a composition. Let (91 and O? be opinions
of any two views. The fusion O} @ (’)? can be achieved by
the following rule:

and u;

7122 1 72 ~1
bl o2 — by i + b, u;
ik ik = =1 | ~2 _ ~1-2"
u; +u; —u;u;
(6)
~1~2
S u Us Uy
u = .
i ~ -9 ~1-2
Uy + Uy — U

K
= {bi = {bik } =1 ,Uz‘}
be the opinion fused from V views, we can easily expand the
above rule to multiple views fusion:

oY_0v =0l

Without loss of generality, let O;

0; = o 0OY. 7
Following Definition 2, we can also derive the multi-view
evidence e; = [e;1,...,e;x] over K categories using
Eq.(1). Notably, the proposed multi-view fusion strategy has

the following properties:

Proposition 2. If u} > u} for Vv € [1,...,V], the un-
certainty of the integrated opinion O; satisfies w; > uy. If
Jvell,..., V], ul <uy, thenu; < uy.

Proposition 2 ensures a more intuitive outcome. It guaran-
tees that when the evidence provided by each view is of high
uncertainty and should be rejected, the integrated evidence
from these views will also be rejected. Conversely, if any
view presents reliable evidence that should not be rejected,
the integrated evidence from these views will be incorpo-
rated into the final decision-making process.

Proposition 3. Let O be an original opinion with a correct
prediction, and let O] be an arbitrary opinion with uj > us.
The evidence from OF will be given more weight when inte-
grating Oy into OF. Moreover, suppose t is the index of the
ground-truth class, b;y > b;,. always holds under the condi-

tion bY, = bY,, where z is the largest belief mass in {bfk}szl.

127

Proposition 3 guarantees that fusion with adaptive rejection
can mitigate the impact of unreliable evidence, leading
to better multi-view fusion classification performance.
Together, these propositions provide a theoretical guarantee
of reliability in multi-view classification.
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Learning to Form Opinions

In the proposed training algorithm, we follow (Sensoy, Ka-
plan, and Kandemir 2018), using the following loss to opti-
mize the network parameters:

n

Eoverall (9) = Z (Eacc (0)1 + ékl (9)1)7

i=1

®)

where £, (0) , Tepresents the classification loss term, and
Ly (0), is the KL-divergence regularization term, used to pe-
nalize those incorrect evidence by shrinking it to 0.

Specifically, for a training sample x; with a one-hot label
y;, we treat the Dirichlet distribution Dir (p; |c; ) as a prior
on the likelihood, where av; = e;+1, and obtain the negative
log likelihood loss:

Zacc (9)1 = ]EpiNDir(pi\c«Z [ Zlog pﬁk ]

X )
Z (log (Si) — log (eix + 1)),
k=1
K
where S; = > ey + K, and p; = [pi1,...,Ppik] is the
k=1
expectation of the Dir (p; |a; ). Then we have:
i (0:) = A - KL [Dir (pi|ai)||Dir (pi[1)], - (10)

where &; = y; + (1 — y;) ® o, with ® denoting element-
wise product. The term Dir (P;|1) represents the uniform
Dirichlet distribution, and A; is an annealing factor. We
define \; = Agexp{— (In\o/T)t}, where \g is a small
positive constant, ¢ is the current training epoch, and 7" is
the total number of training epochs. As t approaches T', \;
will increase exponentially from A to 1.

Computational Complexity Analysis

Our method presents a generalized framework applicable to
various DNNs. Let the training complexity of any multi-
view deep neural network be O (T}4in ), and the complexity
of one inference pass be O (T, s). The final computational
complexity is given by:

O<Ttrain) +O(llog (l)) +O(m:r7,nf)v (11)

where [ and m are the sizes of the calibration and inference
datasets, respectively, and O ({log (/)) indicates the com-
plexity of threshold calculation. In most practical scenarios,
Tirain Will dominate, particularly for large-scale DNNs, un-
less the dataset is exceptionally large or the DNNs are very
shallow or simple.

Experiments
Experimental Setup
Datasets: We conducted experiments on six real-world
multi-view datasets as follows: ANIMAL (Lampert, Nick-
isch, and Harmeling 2013) includes 10,158 images from

50 classes, with deep features extracted using DECAF and
VGGI19 as two views. HAND (van Breukelen et al. 1998)



Components ANIMAL HAND CUB SCENE MRNet CAL

Fusion Rejection f;; ACC (%) ACC (%)t ACC (%)t ACC (%)t ACC (%)t ACC (%)1

X X X 90.46+£0.60 94.444+0.83 87.2840.46 69.08£1.05 87.874+0.31 95.54+0.99

v X X 94.17+£0.20 98.23+0.35 93.74+1.31 73.95£1.15 92.474+0.39 96.93+0.79

v X v’ 9491+0.33 98.78+£0.28 94.37£0.17 74.03£1.60 93.00£0.31 97.03£1.01

v v X 95324059 98.98+0.39 95.01+1.01 74.70£1.11 94.17+0.11 97.62+0.58

v v v 95.65+£0.36 99.11+0.27 95.19+1.59 75.69+£1.35 95.00+0.10 97.62+0.37

Table 1: Classification performance with the corresponding component.

Method ANIMAL HAND CUB SCENE MRNet CAL
DCCA (Andrew et al. 2013) 81.10£1.22  94.01+1.20 78.12£1.00 51.21£1.67 87.21+2.79 80.00+0.77
DCCAE (Wang et al. 2015) 84.97£0.21 97.01+0.23 80.42+0.88 52.12+0.31 88.23+0.11 88.11+0.79
CPM-Nets (Zhang et al. 2020)  85.214+0.20 94.00+1.10 85.67+0.02 65.23+0.02 88.03+0.00 89.11+1.88
DTCCA (Wong et al. 2021) 82.77£0.10  96.01+0.10 80.31£0.22 58.32+0.20 84.01+0.32 90.01+£0.26
DUA-Nets (Geng et al. 2021) 87.81£1.44 98.00+0.21 79.83+1.50 65.23£0.11 89.61+1.00 93.01+£0.22
MVTCAE (Hwang et al. 2021)  86.21£0.12 97.00+0.23  90.00+0.12 64.224+0.01 93.01+1.22 91.01+0.44
TMC (Han et al. 2021) 88.21£0.41 98.23+0.09 90.04+£1.01 66.57£0.03 91.01+0.80 93.01+£0.10
TMDOA (Liu et al. 2022) 90.00+£0.01 98.30+£0.21 91.78+1.22 70.10+£0.12 94.01£1.22 93.38+0.04
ETMC (Han et al. 2023) 88.90+£0.25 98.204+0.23 90.04+1.21 66.01£0.07 92.02+1.21 92.77+0.37
SMDC (Liu et al. 2023) 93.464+0.00 98.89+0.10 92.06£0.16 72.06+0.22 92.08£1.00 96.40+0.10
ECML (Xu et al. 2024) 92.00+0.03 98.86+0.12 92.67+0.07 73.84+0.19 92.37+0.86 95.33+£0.13
RAR (Ours) 95.65+0.36  99.11+0.27 95.19+1.59 75.69+1.35 95.00+£0.10 97.62+0.37

Table 2: Comparison with popular multi-view learning methods based on Accuracy (ACC, %).

comprises handwritten numerals (’0’-’9’) from Dutch utility
maps, represented by six different types of descriptors. CUB
(Wah et al. 2011) (Caltech-UCSD Birds) contains 11,788
images and text descriptions from 200 bird species, where
the first 10 categories are used, with deep features captured
from GoogleNet and text features using doc2vec as two
views. SCENE (Fei-Fei and Perona 2005) (Scenel5) con-
tains 4,485 images from 15 indoor and outdoor scene cat-
egories, with GIST, PHOG, and LBP features extracted as
multiple views. MRNet (Bien et al. 2018) includes knee
MRI scans from 1,370 patients, with ACL injury detection
as the classification task, using three views. CAL (Fei-Fei,
Fergus, and Perona 2004) consists of 8,677 images from 101
classes, where the first 10 categories are used, with deep vi-
sual features from DECAF and VGG19 as two views.

Implementations: For all datasets except MRNet, we uti-
lized fully connected networks, while MRNet employed
ResNet-18 as its backbone. Note that the training dataset
is typically clean, so a low value of 7 is used during train-
ing to enhance classification performance. In the testing
phase, various values of 7 can be set to control the rejec-
tion rate. The Adam optimizer (Kingma and Ba 2014) was
used for network training, with [5-norm regularization set to
le=®. A 5-fold cross-validation was employed to select the
learning rate from {1e=?,3e™*,1e73, 3¢~ }. For all multi-
view datasets, the data was split into training (70%), testing
(20%), and calibration (10%) sets. We ran each method 5
times and reported the average values in figures or the mean
and standard deviations in tables. The model was imple-
mented in PyTorch and run on a GeForce RTX 4090 GPU
with 24GB memory.
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Ablation Study

We began by evaluating the impact of each key component
of our model: the multi-view fusion strategy, the adaptive re-
jection module, and the KL-divergence regularization term.
In addition to the results in the first row of Table 1, which
show the highest accuracy for individual views, we assessed
the average performance of our primary components across
all views over five runs. As illustrated in Table 1, our method
consistently outperforms other combinations, demonstrating
the effectiveness of these technical components.

Comparison with Popular Methods

To evaluate the effectiveness of our model, we compared
it with several popular multi-view deep classification mod-
els. We started by comparing our model with five state-
of-the-art evidence-based multi-view methods: TMC (Han
et al. 2021), TMDOA (Liu et al. 2022), ETMC (Han et al.
2023), SMDC (Liu et al. 2023), and ECML (Xu et al. 2024).
These methods share the same neural network architecture
as ours. Given the widespread use of CCA-based methods
in multi-view learning, we also compared our approach with
three representative CCA-based methods combined with
deep learning: DCCA (Andrew et al. 2013), DCCAE (Wang
et al. 2015), and DTCCA (Wong et al. 2021). These meth-
ods use CCA to derive latent representations, which are
then classified using a support vector classifier (SVC). Fi-
nally, we compared our model with three advanced multi-
view representation learning approaches: CPM-Nets (Zhang
et al. 2020), DUA-Nets (Geng et al. 2021), and MVTCAE
(Hwang et al. 2021). As in (Hwang et al. 2021), logistic re-
gression was used as the base classifier in these methods,
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Figure 2: Investigation of our model in capturing data noise.
The blue and red curves correspond to the uncertainty den-
sity distributions of clean and noisy samples on the HAND
dataset, respectively.

RAR

SCENE RAR w/o Rejection

CAL

Figure 3: Classification performance with the fusion of noisy
views across all datasets. The vertices of the orange line de-
note the accuracy of multi-view results using RAR, while
the vertices of the blue line represent the accuracy of results
using RAR without the adaptive rejection mechanism.

with the learned representations as input.

As shown in Table 2, our approach achieves state-of-the-
art performance across all multi-view datasets, as reflected
in the ACC metric. The comparison among these methods,
especially the evidence-based multi-view approaches, un-
derscores the effectiveness of our proposed method. It is im-
portant to note that while the improvement in classification
accuracy is notable, it is not the sole objective of RAR. In-
stead, RAR is designed to address the challenges associated
with non-standard uncertainty measurement in multi-view
classification across varying data distributions, thereby en-
hancing the reliability of multi-view decisions. The subse-
quent experimental results further support this objective.

Why RAR can Enhance Reliability in Multi-view

In this section, we delve into the practical significance of our
method in real-world settings.

Performance Evaluation with Simulated Noises: We as-
sess the reliability of RAR in the presence of noisy samples.
We introduce Gaussian noise € to our samples, transforming
them into noisy samples: 7 = x + ne, where € is drawn
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from a Gaussian distribution and 7 represents the noise in-
tensity. We conducted the following experiments to demon-
strate the reliability of our method under these conditions.

(1) Ability to Capture Uncertainty: We first selected one
view as the noisy view and added noise with 7 = 4 to half
of the samples for this view. The density of uncertainty esti-
mated in one view of the HAND dataset is depicted in Fig-
ure 2. It can be observed that, for this view, the magnitude
of the uncertainty ranges from 0.4 to 0.6. Although the es-
timated uncertainty density of the noisy samples shows a
slight shift compared to that of the clean samples, validating
our method’s ability to capture noise-induced uncertainty,
the small difference in uncertainty levels makes it difficult
for users to determine whether to trust the results. Therefore,
it is necessary to introduce the adaptive rejection mechanism
into the multi-view fusion process.

(2) Enhancing Classification Performance: To evaluate
the effectiveness of adaptive rejection in the presence of
noisy views, we selected one view as the noisy view and
added noise with n 4 to all samples in this view
across all datasets. Figure 3 presents a radar chart com-
paring the accuracy of multi-view classification results be-
tween RAR and fusion without adaptive rejection. The re-
sults show that multi-view classification performance is de-
graded when noisy views are included, compared to the per-
formance achieved by RAR on noise-free data, as shown in
Table 1. However, RAR’s classification performance consis-
tently outperforms “RAR w/o Rejection” across all datasets,
indicating that the adaptive rejection mechanism effectively
mitigates the impact of noisy views and enhances classifica-
tion performance in noisy environments, thereby improving
reliability in multi-view fusion.

(3) Parameter Analysis: We also provide an overall analysis
of the parameters used, specifically the effect of noise inten-
sity and the selection of 7. We selected the HAND dataset
for this analysis because it has six views (V1-V6), providing
more comprehensive information. First, we analyzed the ef-
fect of different noise intensities. The results, shown in the
first row of Figure 4, demonstrate that the method with adap-
tive rejection is effective across different noise intensities.
We observed that the improvement of RAR increases as n
goes from 1 to 3, but then decreases as 7 increases further
from 3 to 10. This is because the magnitude of uncertainty
is limited by the specific data distribution; even as noise in-
tensity increases, the uncertainty levels of different samples
reach a bound, leading to an initial growth followed by a de-
cline in improvements. Next, we analyzed the effect of 7.
The second row of Figure 4 shows that RAR performs bet-
ter with smaller 7 values, which allows for better control of
reject risk as 7 decreases.

Real-world Application Analysis: Here, we present real-
world cases to demonstrate the reliability of our method.
Our experimental dataset includes MRNet, a noisy medical
multi-view dataset with three views. It contains many noisy
samples, as shown in Figure 5. For instance, Cases 1186 and
1194 are filled with noise across all views, and Case 1212
contains artifacts and severe effusion in one or more views,
leading to risky predictions. Although these samples exhibit
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Figure 4: Analysis of Parameters on the HAND dataset with 6 views (V1-V6). The vertices of the line denote the accuracy of
multi-view results after integrating the corresponding noisy view with the other 5 views (e.g., V1 indicates noise added to V1).
The first row presents a comparison between RAR with 7 = 0.01 and RAR without rejection under different noise intensities 7.
The second row shows the comparison between RAR with 7 = 0.01 and RAR with 7 = 0.001 under varying noise intensities.

relatively low uncertainty compared to normal samples,
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Figure 5: Cases with low-quality views on MRNet. The pre-
sented cases are rejected by RAR during the automated de-
cision process and are flagged for further diagnosis by a hu-
man doctor.
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as shown in Figure 5, the uncertainty magnitude is small,
ranging from 0 to 0.12, making it difficult for doctors to
determine whether they should trust the diagnosis. In con-
trast, our method provides an adaptive rejection threshold
u) to assess the reliability of predictions, ensuring that
unreliable results are flagged and passed to a human doctor
for further diagnosis. This process mitigates diagnostic risk
and enhances multi-view reliability.

Conclusion

In this study, we introduced a novel multi-view classification
method that integrates adaptive rejection into the fusion pro-
cess, aiming to improve classification performance and pro-
vide clear guidance on whether decision-makers should trust
predictions made from low-quality samples, thereby enhanc-
ing reliability in multi-view classification. By framing the
rejection problem as a multiple-testing issue, we developed
an effective adaptive rejection mechanism based on calcu-
lated p-values and devised a corresponding fusion strategy.
The effectiveness of our approach is demonstrated both the-
oretically and empirically. Theoretically, we ensure that the
false rejection risk is controlled with a user-specified proba-
bility. Empirical studies highlight the superior performance
of our method across various multi-view datasets, indicating
that it effectively mitigates the impact of low-quality views.
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