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Abstract

Learning on multi-view data is a fundamental task, which
integrates the information from different views to improve
the final performance. It is also a basic task for learning
on the long-tailed data in real applications, followed by the
downstream tasks, i.e., classification. The existing works
for trusted classification on multi-view data or long-tailed
data usually aim to improve the final performance and dy-
namically consider the confidence of prediction for the data
which is crucial in cost-sensitive domains. However, these
methods pay few attentions to the pairwise trusted problem
which considers the trusted pairs instead of trusted annotated
data points. Besides, the problem of classification on long-
tailed multi-view data has never been studied so far. In this
work, we focus on the pairwise trusted problem on long-
tailed multi-view classification and give a general framework,
which considers the trusted pairs instead of trusted annotated
data points. We then construct a specific example under the
general framework and introduce a novel Enhanced Normal-
Inverse Gamma distribution (ENIG). ENIG is a joint proba-
bilistic distribution built on Dirichlet distribution and NIG. A
novel combination rule based on ENIG for long-tailed multi-
view data is also given, which adaptively integrates the long-
tailed data from different views to achieve a consensus one
at the level of evidence and effectively produces a trusted
long-tailed multi-view classification result. Our method is
robust and able to be dynamically aware of the uncertainty
for the long-tailed data from each view. The accurate uncer-
tainty can be induced by the proposed learning framework,
leading to both robustness and reliability for classification on
long-tailed multi-view data. Experimental results on different
long-tailed multi-view datasets demonstrate the effectiveness
of our method in terms of accuracy, robustness and reliability.

Introduction

In real-world applications, data are usually long-tailed dis-
tributed over various categories (Wu et al. 2020) and asso-
ciated with multiple types of features or different modali-
ties. The long-tailed classification task is a challenging task
since it needs to deal with the few-shot learning problem for
the tail classes. Besides, the over-all imbalance for class de-
viates the models to extremely focus on the head classes,
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leading to unpromising results on tail classes. Exploiting
the information from different views is a long-standing goal
to improve the learning performance in machine learning.
Multi-view learning methods have achieved great success in
recent years (Qin, Pu, and Wu 2024b; Qin et al. 2023c; Qin,
Pu, and Wu 2024a; Qin et al. 2025d, 2022b, 2023b, 2025¢;
Qin, Feng, and Zhang 2025b; Qin et al. 2025f; Qin and
Qian 2024; Qin et al. 2024a,b, 2025c; Qin, Feng, and Zhang
2025a; Qin et al. 2025a, 2022a, 2023d; Li et al. 2023a,b;
Wang, Zhang, and Zhou 2025a,b; Wang et al. 2025; Liu
et al. 2024, 2023a, 2025, 2023b, 2022b,a), which are dif-
ferent from the methods for singe view (Qin, Wu, and Feng
2021; Qin et al. 2022c¢, 2023e,a; Pu et al. 2023; Qin et al.
2025b) and typically depend on building complex models.
Although accurate results can be obtained by these meth-
ods, they usually inevitably produce unreliable predictions,
especially for views which are not well represented. It lim-
its their deployment in real applications which are safety-
critical, i.e., medical diagosis.

Existing methods for long-tailed classification have been
presented based on different strategies (Corbiere et al. 2019;
Lin et al. 2020). To achieve robust predictions, the redundant
ensemble reduces the model variance to obtain the state-of-
the-art performance. Some methods (Wu et al. 2020; Lin
et al. 2017) assign larger importance to tail data points,
which mainly rebalances the training for different classes.
However, these methods usually inevitably produce unre-
liable prediction and their deployments in failure-sensitive
applications are limited. They uniformly assign experts to
all classes by assuming that all classifiers are trained on
all data points, which often needs excessive computational
cost. Trustworthy Long-tailed Classification (TLC) (Li et al.
2022) simultaneously performs uncertainty estimation and
classification task in a multi-expert framework to identify
hard data points. It is observed that the single-view long-
tailed data is used for TLC, which lacks flexibility since the
data with multiple views are common in real scenarios.

It has been shown effective that using the data with mul-
tiple views to learn a shared representation in various down-
stream tasks. For multi-view learning, traditional approaches
usually assign a fixed weight or assume equal values for
different views (Tsai et al. 2019). They are under the as-
sumption that the importance or quality of all views are ba-
sically stable for all data points. Multi-view learning meth-



ods (Andrew et al. 2013) based on Canonical Correlation
Analysis (CCA) are representative ones, which essentially
maximize the correlation between different views to seek
for a shared representation. Recently, some methods (Lin
et al. 2023) built on contrastive learning have been presented
and achieved good performance. However, the quality of a
view usually varies for different data points and the designed
methods should be aware of this for adaption. Therefore, we
are expected to simultaneously obtain the classification re-
sult and show the confidence of the given decision. That is,
we should provide the accurate uncertainty for the predic-
tion result of each data point or individual view of each data
point based on the model.

Estimating the uncertainty provides a way to obtain
trusted prediction (Amini et al. 2020; Han et al. 2023).
Without uncertainty estimation, the decisions made by used
models are untrusted since they are easily influenced by
the limited training data or noise. The untrusted models
are vulnerable to be attacked, leading to wrong decisions
and unbearable cost in critical domains. Then, it is desired
to quantify the uncertainty in the learning systems. Algo-
rithms based on uncertainty can be classified into two dif-
ferent categories,i.e., non-Bayesian and Bayesian. Various
Bayesian methods including Markov Chain Monte Carlo
(MCMC) (Hernandez-Lobato and Adams 2015), Lapla-
cian approximation (MacKay 1992) and variational tech-
niques (Blundell et al. 2015) have been proposed, which
learn a distribution over the weight to characterize uncer-
tainty. Compared with standard neural networks, these ap-
proaches are computationally expensive since it is a chal-
lenge to model the distribution of weights. Recently, plenty
of non-Bayesian approaches including evidential deep learn-
ing (Sensoy, Kaplan, and Kandemir 2018), deep ensemble
(Lakshminarayanan, Pritzel, and Blundell 2017) and deter-
ministic uncertainty estimation (van Amersfoort et al. 2020)
have been developed. Despite significant progress, most ex-
isting methods usually focus on the trusted annotated data
points and pay few attentions to the pairwise trusted prob-
lem. Besides, these approaches are presented to estimate the
uncertainty on the data with single view, which fail to fuse
different views led by the uncertainty for improving both re-
liability and classification performance for long-tailed multi-
view data.

In this paper, we focus on the pairwise trusted problem for
the long-tailed multi-view classification and present a gen-
eral framework, which is able to consider the trusted pairs
rather than trusted annotated data points. It is an important
and challenging problem since trusted pairwise relation be-
tween different representations of the same data point usu-
ally exists and helps lead to a desired classification result.
The main contributions in this work are:

* We propose the pairwise trusted problem for long-tailed
multi-view classification and give a general framework,
which considers the trusted pairs instead of trusted anno-
tated data points. This problem is pervasive but ignored
in real world applications and we give a novel insight
for long-tailed multi-view classification based on the un-
certainty guided by pairwise pairs for the long-tailed data
from each view. It is able to provide trusted decisions and
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effectively fuse the long-tailed data from different views
at the evidence level under the general framework.

We provide a specific example under the general frame-
work and introduce Enhanced Normal-Inverse Gamma
distribution (ENIG), which is a joint probabilistic distri-
bution based on Dirichlet distribution and NIG for trusted
long-tailed multi-view classification. We also give the
combination rule of ENIG to integrate the long-tailed
data from different views, which can measure the uncer-
tainties of the long-tailed multi-view data.

We perform extensive experiments on different long-
tailed multi-view datasets, which demonstrates the effec-
tiveness, reliability and robustness of our method com-
pared with the representative approaches in terms of dif-
ferent metrics.

Formulation
General framework

Given trusted representation matrices C; € R™ % and
Cy € R™ % of the same dataset X € R"*?, we propose
to define the trusted energy function for long-tailed multi-

12

view classification based on the trusted pairwise term c;;

between ¢} and c?. Here, ¢} and c? are trusted representa-
tions of i-th and j-th data point in C; and C5, respectively.
For a trusted pairwise entity U € R"*", we adopt E(U) to
define the trusted energy function regarding U. The value of
E(U) should be relatively large when U is a correct trusted
pairwise entity. Therefore, it turns to the maximizing prob-
lem of E(U) in determining the correctness of U, which is

formulated as
> 7l
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where 7( ) denotes the trusted pairwise potential. This kind
of potential is defined in the following.

Definition 1. (Trusted Pairwise Potential) The trusted
pairwise potential of each pair between ¢} and c? is defined
as
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Note that the trusted pairwise potential c%jQ corresponds to
the joint probabilistic distribution of ¢-th and j-th data point
in C7 and Cy. We adopt the vector y as the indicator with
Yer = 1 when c} leads to a correct output of downstream
task or zero otherwise. Considering the influences brought
by the number of columns in U, we average the trusted en-
ergy function E(U) regarding the number of columns in U,
formulated as:
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where z = £ and ), z; = 1. For the trusted pairwise en-
tity U with n columns, the corresponding values of these
columns are unknown. Since the problem of determining z
is NP hard, we relax z in the continuous range [0, £], where
0 < & < 1. The relaxation is able to simultaneously sim-
plify the computation complexity and endow z with intuitive
probabilistic interpretation. Then the above optimized prob-
lem is defined as:

maxf(?), s.t.z >0, Zzl =1, z € [O,f] 4)

We then seek for the optimal solution to the above opti-
mization problem by introducing Lagrangian multipliers A,
Pr, -+ Bnand i, -+, yn, where A > 0, f5; > 0 and
v; > 0. For simplicity, we use g(z) to represent E(U) and
the corresponding Lagrangian function can be written as:

n

=1
+ Zﬂz‘zi + 2%(5 - z).
i=1 i=1

We alternately update the variables A, 3, « and z to min-
imize the above Lagrangian function. During the optimiza-
tion process, the local optimal z* should satisfy the KKT
condition, written as:

99(z;)

Z*

&)

—A+B8i—7 =0,

(6

i=1
n
*
E 2 ﬂ’i = 07
i=1

where ¢ = 1, ---, n. We then define the following reward
to explore the first-order necessary condition for the local
optimal z*.

Definition 2. (Trusted Pairwise Reward) The reward of
trusted pairwise energy at column ¢ in U, represented by
RUt(z), is defined by

RY(2) = Z 7(

J#t

1

2
¢, c

AEES

@)

Based on the definition of trusted pairwise reward, the value
of zf is divided into three ranges, i.e., z; = 0, z; € (0,€)
and z; = . Then the above objective is rewritten as

<& 2z =0,
RUt(Z) =f7 Z;K S (075)7 (8)
>& 2 =¢

By combining z; = 0 and 2z} € (0,£), we can achieve the
set of components z; € [0,£). The set of components z; €
(0,&] is achieved by integrating z; € (0,€) and z; = ¢&.
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Based on these two combinations, we have the theorem in
the following.

Theorem 1. If z* is the optimal solution with z € [0, &)
and z¥ € (0,&], then RY*(2) < RY*(z7) is satisfied. Other-
wise, z* is not the optimal solution if RY*(z}) > RVt (z}).

Proof. For the optimal z*, RYt(z}) < RY: (27) with
zf €0,&) and z; € (0, £] is necessary conditions according
to the above formulations. Therefore, RY*(zF) < RY*(z})
with z; € [0,€) and z; € (0,£] achieved by the necessary
conditions is satisfied if z* is the optimal solution. The de-
tailed proof ends here.

The above Theorem 1 built on the trusted pairwise energy
for long-tailed multi-view classification forms the important
theoretical foundation of the proposed general framework in
this part.

Specific example

Within the general framework of trusted pairwise energy, we
give a specific example that relies on the joint probabilis-
tic distribution based on Dirichlet distribution and Normal
Inverse-Gamma distribution (NIG) (Amini et al. 2020) for
trusted long-tailed multi-view classification considering the
independence between these two distributions, termed En-
hanced Normal-Inverse Gamma distribution (ENIG), where
c} and c? in Eq. (1) correspond to the trusted representa-
tions extracted by Dirichlet distribution and NIG, respec-
tively. That is, the trusted pairwise term is built on predicting
the label and location by Dirichlet distribution and NIG of
input data, respectively. The trusted pairwise reward can be
computed based on Eq. (7), which satisfies Theorem 1 in
the general framework. We also show how to conduct uncer-
tainty estimation with ENIG and give ENIG’s combination
rule for integrating the long-tailed data from different views.

ENIG is built on the generalization of Bayesian theory for
subjective probability, which explicitly considers the source
trust and uncertainty. It measures the chances to find the
true class labels for prediction by assigning belief masses
to the sets of class labels. Besides, ENIG is also guided by
the advantage of NIG in evidential regression, which helps
produce the trusted pairwise term. For single-view case, we
define ENIG(7, 6, a, 3, v) as follows:

K me—
eniG = { 56 iz PR 'NIG, p € Sk, ©)
0, else,
with
NIG(&,OJ,BfY) = p(,UwUQ | 6?770576)
= O VT (e g 20—, (0
I'(a) o271 02 202 )

where B( ) denotes the beta function, K is the number of
classes, 7 is parameter of the Dirichlet distribution D(p; |
1:), Pk € [0,1] is the unit simplex with K dimensions and
Sk {p \ Zlepk = 1}. Based on the formulation of
Dirichlet distribution (Darbellay and Vajda 2000), we can
obtain the belief masses and uncertainty as:
o Nk — 1 - K

s s

by, an



where S = ZkK: 1 Mk denotes the Dirichlet strength. We can
use the evidence e = [e1, ea, ..., €| to measure the support
derived from the data, which is obtained from the output of
neural networks. The parameters of the Dirichlet distribution
(Darbellay and Vajda 2000; Li et al. 2022) is calculated by

Nk = ex + 1. (12)
Then the belief masses and uncertainty in Eq. (9) can be
obtained. Note that the total amount of belief masses and
uncertainty is a constant according to Egs. (9)-(10), which is
formulated as:

K
> b+u=1. (13)
k=1

We can observe that the belief masses will be low when
the evidences are insufficient for prediction on all classes.
The prediction has a high probability to be wrong when
the uncertainty of the output is high. Having introduced
ENIG measuring uncertainty and belief masses for single-
view long-tailed data, we then study its extension to the
long-tailed multi-view data. The combination rule of ENIG
integrates the evidences from different views, resulting in a
degree of belief represented by an objective termed belief
function which considers all the available evidences. Specif-
ically, we combine independent belief masses and uncertain-
ties from V' views to achieve a joint one.

Definition 3. (Combination of ENIG distributions) Given
two ENIG distributions, i.e., ENIG(n1, d1, a1, 51,71) and
ENIG(72, 62, a2, B2,72), the combination of these two
ENIG distributions is defined as

ENIG(na 6) «, 67 ’Y) = ENIG(nh 517 ag, ﬁl,’)/l)

14
L-HENIG(U2762’O[2762772)’ ( )
with
1
Ol:OZ1+O£2+§, 7:71—"_’72’
1 , 1 )
52514-52-#5’71(51—5) +§’Yz(52—5) , (15)
1
n= 5(771 +m2), 0= (11 +72) (1161 +7202),

where & corresponds to the multiplication between two dis-
tributions. As an extension, the combination of ENIG distri-
butions for total V' views is as:

ENIG(7, 6, , 8,7) = ENIG (11, 01, a1, B1,71)
(] ENIG(UQ, 527 G2, ﬂQa 72)
W...  ENIG(nv, ov, av, Bv, v ).

(16)

Definition 4. (ENIG’s combination rule for two inde-
pendent belief masses) The combination of belief masses

{ bk}szl is calculated from two belief masses {b}, }sz1 and
{bi}le as (Han et al. 2021):

1

1-C

by, (b3 4 biu® + biul), (17)
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where C' = 7, . bjb? denotes the conflict factor between
1

two belief masses and the scale factor ——~

1asse 1—c 1s used to per-
form normalization.

Definition 5. (ENIG’s combination rule for two indepen-
dent uncertainties) The combination of uncertainties u is cal-
culated from two uncertainties «! and u2 as (Li et al. 2022)
in the following manner:

1 1
Y=1-¢C

U 2

u-.

(18)

Likewise, we can extend ENIG’s combination rule for two
independent belief masses and uncertainties to total V' views
as the combination of ENIG distributions. After obtaining

the joint belief masses {bk.}kl,(:1 and uncertainty u, we can
induce the parameters for the ENIG and the joint evidence
from different views as:

K

S:;, er =bp xS, ap=-e,+ 1. (19)

Then, we can achieve the final uncertainty and probability
of each class by the parameter 7 and joint evidence e.

We then discuss how to obtain evidence for each view
by training neural networks, which can be used to achieve
belief masses and uncertainty. The classification result is in-
duced by capturing the evidence from the input with neural
networks. To ensure that the network produces non-negative
values as the evidence, we replace the conventional classi-
fier with an activation function layer, i.e., ReLU. We then
achieve the parameters of the Dirichlet distribution by the
evidence.

Given the evidence of the ¢-th data point obtained by
the evidence network, we can achieve the parameter 7; and
D(p; | n;), where p; is the class assignment probability.
Then we can have the adjusted cross-entropy loss as:

K
L?ce:/// > —yijlog(pig) | -p(yi | 1, 0%)
Jj=1

ENIG(7, 6, v, 8,7)dudo?dp;

K
= 2w ((S) — ¢ (niy)) (20)

—alog(Q) + (a+ %) log((y — 0)%*y + Q)

1 T
log Y + - log(—
+1og T+ 5 log( ),
where Q = 28(1 + ), ¥(.) is the digamma function and

VDI (29)
1= (Z<a+%)

that the right label of each data point produces more evi-
dence. However, it fails to guarantee that less evidence is
generated for wrong labels. Then, we introduce the KL di-
vergence term based on the Dirichlet distribution D(p; | 7;)

). The above loss function is able to ensure
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Figure 1: Classification performance with different uncer-
tainty thresholds.

as:
Ly = KL[D(pi | 9:) || D(ps

(Zk:l nzk)
T(K) [Ty D)

K K
+ Z nzk - 1 nzk Z
k=1 j=1

where I'(.) is the gamma function and 7); = y; + (1 —y;) ©n;
denotes the adjusted parameter of the Dirichlet distribution
to avoid the evidence of the groundtruth class to be 0. Given
parameter 7;, the loss of data point ¢ is formulated as:

[ D]
)

log(
2D

L; = L + N Ly, (22)

where A\; > 0 is the parameter for balancing different terms.
To simultaneously utilize all views, we use the overall loss
L’ based on the multi-task strategy as follows:

n V
Sy

i=1v=1

(23)

where L' is obtained by LY. For simplicity, we omit the de-
tails here.

Experiments

In this section, we perform experiments to investigate
the proposed method on different long-tailed multi-view
datasets.

Experimental setup

Datasets We use six long-tailed multi-view datasets
including PIE-LT, CUB-LT, Scenel5-LT, HMDB-LT,
Handwritten-LT and Caltech101-LT. These datasets are
obtained from the original datasets (i.e., PIE, CUB, Scenel5
(Fei-Fei and Perona 2005), HMDB (Kuehne et al. 2011),
Handwritten and Caltech101 (Fei-Fei, Fergus, and Perona
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Figure 3: Performance on PIE-LT with different J;.

2004)) with the transformation over exponential distribu-
tions. We set the imbalance ratio as 50 for these datasets,
i.e., the first class has 50 times more training data points
than the last class.

Compared methods We compare the proposed method
with the following six methods: Monte Carlo DropOut
(MCDO) (Gal and Ghahramani 2015), Uncertainty-aware
Attention (UA) (Heo et al. 2018), Deep Ensemble (DE)
(Lakshminarayanan, Pritzel, and Blundell 2017), Eviden-
tial Deep Learning (EDL) (Sensoy, Kaplan, and Kandemir
2018), Trusted Long-tailed Classification (TLC) (Li et al.
2022), and Trusted Multi-view Classification (TMC) (Han
etal.2021). In implementation, the backbone for all datasets
is ResNet32 (He et al. 2016) and SGD is used to optimize.

Experimental results

We first compare the proposed method with current classifi-
cation methods based on uncertainty using the view which
performs the best since most existing uncertainty-based clas-
sification methods use single-view data as input. We com-
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Figure 4: Classification performance (ACC) on long-tailed multi-view datasets with different levels of noise.
PIE-LT MCDO UA DE EDL TMC TLC Ours PIE-LT MCDO UA DE EDL TMC TLC Ours
ACC 80.0 78.4 653 78.3 83.5 85.0 89.6 ACC 82.0 79.5 70.3 81.0 84.5 86.5 91.0
AUROC 90.2 853 874 874 86.0 89.4 923 AUROC 91.4 87.0 89.0 83.5 89.0 91.3 94.0
CUB-LT MCDO UA DE EDL TMC TLC Ours CUB-LT MCDO UA DE EDL TMC TLC Ours
ACC 80.3 82.5 87.3 82.0 825 849 89.2 ACC 81.5 84.5 89.0 85.8 869 87.2 91.5
AUROC 92.0 643 91.7 89.4 90.0 92.5 94.7 AUROC 93.5 69.0 93.0 91.2 92.0 94.5 96.7
Scenel5-LT MCDO UA DE EDL TMC TLC Ours Scenel5-LT MCDO UA DE EDL TMC TLC Ours
ACC 482 37.5 36.0 42.0 58.0 60.5 70.0 ACC 522 39.0 435 51.0 652 67.0 742
AUROC 87.9 82.0 674 86.5 89.3 90.5 92.0 AUROC 89.0 84.8 71.2 89.0 91.0 92.4 939
HMDB-LT MCDO UA DE EDL TMC TLC Ours HMDB-LT MCDO UA DE EDL TMC TLC Ours
ACC 48.7 49.7 529 527 575 615 684 ACC 53.0 525 58.0 57.1 62.0 64.5 71.0
AUROC 89.2 86.4 88.0 89.5 91.5 92.7 94.0 AUROC 90.0 88.0 89.5 91.5 91.5 93.0 959
Handwritten-LT MCDO UA DE EDL TMC TLC Ours Handwritten-LT MCDO UA DE EDL TMC TLC Ours
ACC 90.2 915 947 93.0 94.0 952 97.0 ACC 92.0 93.6 984 959 942 96.5 984
AUROC 942 92.0 93.0 95.0 93.0 96.0 98.1 AUROC 96.8 94.0 95.6 95.7 96.0 97.1 98.5
Caltech101-LT MCDO UA DE EDL TMC TLC Ours Caltech101-LT MCDO UA DE EDL TMC TLC Ours
ACC 88.9 86.7 86.9 85.7 84.5 86.2 89.0 ACC 89.1 88.4 87.0 87.8 85.7 87.0 91.0
AUROC 90.6 92.0 92.6 94.0 93.5 96.0 98.1 AUROC 91.4 935 93.0 952 94.6 97.1 985

Table 1: Classification performance (mean )(%) using the
view which performs the best.

prehensively compare our method with others by reporting
the results of all methods in terms of accuracy and AUROC
(Hand and Till 2001), which is shown in Table 1. We re-
peat each experiment for 30 times and record the mean in
the table. In all experiments, we set A\; = 0.1. According to
Table 1, we can observe that our method is able to achieve
better classification performance than other methods on all
long-tailed multi-view datasets. For example, our method
improves about 1.8% compared with the method which per-
forms the second best in terms of accuracy on Handwritten-
LT dataset.

To further demonstrate the effectiveness of our method
using multiple views, we integrate different views by con-
catenating the original features from multiple views for all
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Table 2: Classification performance (mean)(%) using multi-
ple views.

methods. We also repeat each experiment for 30 times and
record the mean in the table. We show the classification re-
sults using multiple views in Table 2. It can be found that
our method can still achieve satisfied results, which shows
the effectiveness of our method using multiple views.

Uncertainty estimation

To perform the uncertainty estimation, we show how the pre-
diction of our method changes with different prediction un-
certainty values. Here, we use uncertainty threshold to de-
note value of uncertainty. According to Fig. 1, we can find
that our method is able to provide better predictions based
on ACC on all long-tailed multi-view datasets with the de-
creasing uncertainty thresholds, which demonstrates that the
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Figure 5: Classification performance (AUROC) on long-tailed multi-view datasets with different levels of noise.

Dataset CUB-LT Scene-LTHMDB-LT Handwritten-LT Caltech-LT Parameter selection
ACC 0.840 0.680 0.625 0.905 0.810 .
AUROC 0.932  0.905 0.927 0.965 0.970 In this part, we study how to choose the proper value

of the parameter A. We select it in the range of
[0.0001,0.001,0.01, 0.1, 1] for simplicity and find that bet-
ter performance can be obtained when A = 0.1 according to
Fig. 3 on PIE-LT dataset in terms of ACC.

Table 3: Ablation study on the proposed ENIG.

L’ L¢® Ly PIE-LT CUB-LT Scenel5-LT HMDB-LT

v v 079 0825  0.627 0.650 Robustness study
v Y 0789 0832  0.610 0.546
VvV 0910 0915 0742 0.710

We also study the robustness of different methods using mul-
tiple views by adding Gaussian noise with multiple levels
Table 4: Ablation study on different terms in the overall loss. of standard deviations (o) to half of the total views. The
comparison results based on accuracy are listed in Figs. 4-5.
We can observe that our method is able to achieve competi-

produced classification result and the corresponding uncer- tive results when the data has no noise, i.e., ours is robust
tainty of our method are supported by the trusted decisions. on Scenel5-LT for the ablation study on ENIG. Further-

more, the proposed method can be aware of the noise for
Ablation study specific view and achieve encouraging results on all long-

tailed multi-view datasets, which can be explained by the

We show how the proposed ENIG influences the classifica- fact that our method is benefited from the fusion based on

tion performance and the results are listed in Table 3. Note

that we randomly choose a view for each dataset to report the uncertainty.

classification performance for the ablation study of ENIG. It

is easy to conclude that ENIG is beneficial to obtain desir- Conclusion
able classification performance.

We also compare different terms in the overall loss L’ In this paper, we propose pairwise trusted problem on long-
(L¢e® and Ly;) on four datasets in terms of accuracy and tailed multi-view classification and give a general frame-
the results of the full objective are included at the bottom of work, which considers the trusted pairs instead of trusted
the table. According to Table 4, we can find that both L{°¢ annotated data points. We construct a specific example un-
and Ly, are both important to achieve satisfied classification der the general framework and show a new trusted classifica-
performance on these datasets. tion method based on ENIG for long-tailed multi-view data,

We study the accuracy on three class regions (head, which can integrate different views at the level of evidence
medium and tail) for different datasets orderded by exper- and produce a trust classification result. We can induce the
imental setup in Fig. 2. We find that the proposed method accurate uncertainty with the unified learning framework,
achieves satisfied performance on head classes and relatively leading to both robustness and reliability of classification
poor performance for the tail classes. This observation jus- problem for long-tailed multi-view data. Experimental re-
tifies the motivation that studying the long-tailed multi-view sults on several datasets show that our method is effective
classification problem is important from the experimental compared with different representative methods based on ac-
perspective. curacy, robustness and reliability.
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