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Abstract

Class imbalance has been extensively studied in single-view
scenarios; however, addressing this challenge in multi-view
contexts remains an open problem, with even scarcer research
focusing on trustworthy solutions. In this paper, we tackle
a particularly challenging class imbalance problem in multi-
view scenarios: long-tailed classification. We propose TMLC,
a Trusted Multi-view Long-tailed Classification framework,
which makes contributions on two critical aspects: opin-
ion aggregation and pseudo-data generation. Specifically, in-
spired by Social Identity Theory, we design a group con-
sensus opinion aggregation mechanism that guides decision-
making toward the direction favored by the majority of the
group. In terms of pseudo-data generation, we introduce a
novel distance metric to adapt SMOTE for multi-view scenar-
ios and develop an uncertainty-guided data generation mod-
ule that produces high-quality pseudo-data, effectively mit-
igating the adverse effects of class imbalance. Extensive ex-
periments on long-tailed multi-view datasets demonstrate that
our model is capable of achieving superior performance.

Introduction
Class imbalance refers to a situation in which the distribu-
tion of classes in a dataset is non-uniform, characterized by
significant or even extreme disparities (Kang et al. 2020).
This phenomenon, widely observed in real-world scenarios
such as fraud detection (Zhang et al. 2021) and medical im-
age analysis (Ju et al. 2021), often arises due to limitations or
biases in the data collection process. In the machine learn-
ing community, class imbalance is recognized as a critical
research challenge, as models trained on imbalanced data
tend to favor the majority class while neglecting the minor-
ity class (Cao et al. 2019; Tan et al. 2020). This can result in
suboptimal performance, particularly for those predictions
where accurate classification of the minority class is essen-
tial.

Research on class imbalance mainly follows three tech-
nical routes: re-sampling (Liu, Wu, and Zhou 2008), cost-
sensitive learning (Hsieh et al. 2021), and data augmenta-
tion (Liu et al. 2020). Re-sampling methods aim to bal-
ance class distributions by either over-sampling minority
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classes or under-sampling majority classes, with two well-
known techniques being SMOTE (Chawla et al. 2002) and
Tomek Links (430 1976). In contrast to re-sampling, which
focuses on data generation, cost-sensitive learning addresses
class imbalance by assigning higher misclassification costs
to minority classes through weighted loss functions (Cui
et al. 2019; Ren et al. 2020) or specialized algorithms (Cao
et al. 2019; Khan et al. 2019). This approach offers flexi-
bility but often requires careful tuning of cost parameters.
Data augmentation, on the other hand, highlights the di-
versity of minority class samples using techniques such as
generative models (Ji and Liu 2024) or feature-space trans-
formations (Wang, Ramanan, and Hebert 2017). It is worth
noting that, although both re-sampling and data augmenta-
tion methods essentially fall under pseudo-data generation
approaches, they differ significantly in their mechanisms:
re-sampling focuses on adjusting data distribution, whereas
data augmentation emphasizes enriching data diversity.

The aforementioned studies on class imbalance have been
conducted in single-view scenarios, where decision-making
relies on a single modality of data. However, real-world
applications often involve multi-view scenarios (Shi et al.
2024a,b), in which multiple data sources are available for
analysis. For instance, in medical diagnosis (Ren et al.
2024), multi-view data may include X-ray images, MRI
scans, and other modalities, each offering unique and com-
plementary insights into patient conditions. To the best of
our knowledge, addressing class imbalance in such multi-
view settings remains an open and under-explored chal-
lenge, which demands innovative solutions and deeper in-
vestigation.

In this paper, we address a particularly challenging class
imbalance problem—long-tailed distribution class imbal-
ance—in multi-view scenarios. We aim to answer two crit-
ical questions: (1) How to tackle the challenge of multi-
view long-tailed classification, and (2) how to ensure reli-
able decision-making? To this end, we propose TMLC, a
Trusted Multi-View Long-Tailed Classification Framework
, as shown in Fig. 1. TMLC is designed to achieve trustwor-
thy classification for multi-view long-tailed data by lever-
aging a deep evidence learning-inspired paradigm (Sensoy,
Kaplan, and Kandemir 2018) and adopting a oversampling-
based scheme. Specifically, we make significant advance-
ments in opinion aggregation and pseudo-data generation,
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which respectively enhance the reliability of the trustworthy
framework and improve the effectiveness of the oversam-
pling process. The main contributions of this work are as
follows:

• Motivated from Social Identity Theory (Hogg 2016), we
design a group consensus opinion aggregation mecha-
nism that guides decision-making toward the direction
favored by the majority of the group, thereby preventing
negative individual opinions from dominating the final
outcome.

• To address the limitation of SMOTE, which cannot be
directly applied to multi-view settings, we introduce
a novel distance metric based on joint subjective evi-
dence and propose an uncertainty-based sample gener-
ation scheme that enables the production of high-quality
pseudo-data.

• Extensive experiments on long-tailed multi-view datasets
demonstrated that TMLC outperforms serveral state-of-
art baselines.

Related Work
Long-tailed Learning. Traditional long-tailed learning
methods include re-sampling (Han, Wang, and Mao 2005;
Liu, Wu, and Zhou 2008), cost-sensitive learning (Cui et al.
2019; Cao et al. 2019; Wang et al. 2021) and data augmen-
tation (Chu et al. 2020; Kim, Jeong, and Shin 2020; Yin
et al. 2019). As one of the most widely used techniques,
Re-sampling rebalances classes by adjusting the number
of samples per class. SMOTE (Chawla et al. 2002) en-
hances the representation of minority classes by generating
synthetic samples. Decoupling (Kang et al. 2019) identi-
fies effective sampling strategies for standard model train-
ing. DCL (Wang et al. 2019) and LOCE (Feng, Zhong,
and Huang 2021) propose adaptive sampling strategies.
Balanced Meta-Softmax (Ren et al. 2020) employs meta-
learning to estimate optimal sampling rates for different
classes. SimCal (Wang et al. 2020) uses a novel two-level
class-balanced sampling strategy that combines image-level
and instance-level. However, these methods do not fully ex-
plore the uncertainty of samples during the sampling phase.
Uncertainty-induced Trusted Learning. Inspired by evi-
dential deep learning (Sensoy, Kaplan, and Kandemir 2018),
which serves as a prominent paradigm for uncertainty
estimation, Trusted Multi-view Classification (TMC) has
recently gained particular attention. TMC leverages the
Dirichlet distribution to model class probabilities and in-
tegrates Dempster-Shafer theory to achieve reliable classi-
fication results (Han et al. 2022). Based on TMC, numer-
ous extensions have been proposed to tackle specific chal-
lenges, involving opinion aggregation (Liu et al. 2022; Xu
et al. 2024a; Zheng et al. 2023), noisy inputs and labels (Xu
et al. 2024b; Shi et al. 2024c), semantic ambiguity (Liu et al.
2024), etc. Recent advancements in trusted learning have ex-
panded its research to areas such as weakly supervised learn-
ing (Wang et al. 2024; Hu et al. 2025), robust learning (Zhou
et al. 2023a,b; Du et al. 2023; Deng et al. 2025), and multi-
modal applications (Huang et al. 2025; Li et al. 2025).

Methodology
In this section, we first provide the problem definition and
theoretical foundation on evidential deep learning. Sub-
sequently, we detail our key contributions, including the
group consensus opinion aggregation mechanism and the
uncertainty-based sample generation scheme.

Problem Definition and Preliminaries
Problem Definition A long-tailed multi-view dataset typ-
ically contains an imbalanced training set and a balanced
test set. For a K classification problem, we define the multi-
view data as {Xv}Vv=1 and the corresponding ground-truth
labels as {yn}Nn=1 with V views and N samples, where
Xv = [xv

1,x
v
2, · · · ,xv

N ] ∈ Rdv×N represents the v-th view
data with dv dimension. For each view data Xv , the distribu-
tion of classes is highly imbalanced, with tail classes having
significantly fewer samples compared to head classes. The
goal of TMLC is to address the challenges caused by imbal-
anced class distributions.

Evidential Deep Learning Evidential Deep Learning
(EDL) (Sensoy, Kaplan, and Kandemir 2018) is a proba-
bilistic framework to model prediction uncertainty by em-
ploying evidential priors and subjective logic (Jøsang 2016).
In the EDL framework, the evidences ev = [ev1, · · · , evK ] for
the v-th are obtained using Deep Neural Networks (DNNs),
where the Softmax layer is replaced by a ReLU activation
function.

Subjective logic provides a technical approach to asso-
ciate the evidence ev = [ev1, · · · , evK ] with the parameters of
the Dirichlet distribution αv = [αv

1, · · · , αv
K ]. Specifically,

each parameter αv
k of the Dirichlet distribution is derived

from evk as αv
k = evk + 1. The belief mass bvk and the uncer-

tainty uv are then calculated as follows:

bvk =
evk
Sv

=
αv
k − 1

Sv
and uv =

K

Sv
, (1)

where Sv =
∑K

k=1(e
v
k+1) =

∑K
k=1 α

v
k denotes the Dirich-

let strength. The projection probability is calculated by

P v
k = bvk + avku

v. (2)

From Eq. (1), we can obtain an ordered triplet ω =
(b, u,a) that reflects the multinomial opinion of an instance
xv
n. Since the Dirichlet distribution parameter a is derived

from the belief mass b, a simplified representation of the
multinomial opinion can be expressed asM = {b, u}. Once
multinomial opinions from multiple views are derived, de-
signing an efficient opinion aggregation strategy becomes
crucial for achieving trusted decision-making.

Group Consensus Opinion Aggregation
Social Identity Theory posits that individuals tend to value
shared group opinions over personal viewpoints, which
helps avoid conflict and fosters stable social environments
(Hogg 2016). Inspired by this theory, we argue that in a
trusted decision-making process, partial aggregated group
opinions should be prioritized over individual opinions. To
this end, we propose a novel opinion aggregation strategy,
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Figure 1: Illustration of TMLC. Assuming that the opinions from the first V − 1 views have been aggregated, we now focus
on combining the resulting joint opinion e♢(V−1) with the opinion eV from the V -th view. In this process, a larger weight
is assigned to e♢(V−1) which respresents the group joint opinion (bold arrow line), while a smaller weight is assigned to the
individual opinion eV (thin arrow line). Subsequently, we propose an uncertainty-based sample generation scheme to ensure
the production of reliable pseudo-data for the minority class.

termed Group Consensus Opinion Aggregation, which is de-
tailed below.

Definition 1. Group Consensus Opinion Aggregation.
Without loss of generality, each view is assumed to be
equally important. For V opinions {M1,M2, · · · ,MV },
we aggregate them via

M♢(V ) =M1 ⊕M2︸ ︷︷ ︸
M♢(2)

⊕M3

︸ ︷︷ ︸
M♢(3)

⊕ · · · ⊕MV−1

︸ ︷︷ ︸
M♢(V −1)

⊕MV , (3)

whereM♢(V ) = {b♢(V ), u♢(V )}. Regarding the calculation
of b♢(V ) and u♢(V ), we present the aggregation process cor-
responding to their k-th components:

b
♢(V )
k =

e
♢(V )
k

S♢(V )
=

γ♢(V−1)e
♢(V−1)
k + γV eVk

γ♢(V−1)S♢(V−1) + γV SV
, (4)

and

u♢(V ) =
K∑K

k=1(e
♢(V )
k + 1)

=
K∑K

k=1(γ
♢(V−1)e

♢(V−1)
k + γV eVk + 1)

,

(5)

with γ♢(V−1) and γV being

γ♢(V−1) =
V − 1

V
, γV =

1

V
. (6)

From Eqs. (4) to (6), we see that the aggregated evidence
e
♢(V−1)
k for the first V − 1 views is assigned with a large

weight γ♢(V−1), whereas the evidence eVk to be aggregated
is assigned with a small weight γV . This indicates that, in the
opinion aggregation process, the aggregated group opinion
will play a dominant role. The further calculation results for
Eq. (4) and (5) are given by

b
♢(V )
k =

γ♢(V−1)b
♢(V−1)
k uV + γV bVk u

♢(V−1)

γV u♢(V−1) + γ♢(V−1)uV
(7)

and

u♢(V ) =
u♢(V−1)uV

γV u♢(V−1) + γ♢(V−1)uV
(8)

The detailed derivation for the above equations and its effec-
tiveness can be found in the supplementary material.

Our proposed aggregation strategy ensures that the group
joint opinion is given higher priority than the individual sub-
jective opinion. When dealing with conflicting opinions, our
scheme tends to favor the group consensus opinion, thereby
enhancing the realibity of decision-making.

Uncertainty-based Sample Generation
A common strategy for addressing the challenge of class im-
balance is to generate new samples for the minority class to
construct a balanced dataset. Among various techniques, the
SMOTE method (Chawla et al. 2002) is a well-established
and straightforward approach that yields new samples by
linearly interpolating between minority class samples and
their nearest neighbors. While traditional SMOTE is effec-
tive in single-view scenarios, it is not directly applicable
to multi-view settings. The primary challenge lies in the
fact that SMOTE relies on neighbor analysis based on Eu-
clidean distance calculations, which may yield inconsistent
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results across different views due to the inherent diversity
among them. Specifically, the neighbor relationships identi-
fied in each view can differ significantly, potentially leading
to conflicts in the synthetic samples generated from different
views.

To overcome the aforementioned drawback, we attempt to
introduce a distance metric to adapt SMOTE for multi-view
scenarios. We build upon a natural premise: samples belong-
ing to the same class exhibit consistency in their subjective
opinions. Consequently, it is reasonable to infer that samples
from the same category should also show similar evidence
distributions. Based on this assumption, we develop a novel
distance metric based on joint evidences.

Definition 2. Distance measures based on joint sub-
jective evidence. Given any two samples {xv

i }Vv=1 and
{xv

j}Vv=1, along with their corresponding joint opinions ei,
ej , the distance between these two samples is defined as:

D(xi,xj) =
√
(ei1 − ej1)2 + · · ·+ (eiK − ejK)2. (9)

In Eq. (9), a smaller distance indicates a higher similarity
between samples.

Apart from the limitation that the traditional SMOTE
method cannot be applied to multi-view settings, another
problem is that during the pseudo-data generation pro-
cess, the weights for combining the center sample with its
neighors are randomly selected, which may result in un-
desirable pseudo samples. To address this, we design an
uncertainty-based sample generation scheme that ensures
neighbors with low-uncertainty opinion are assigned with
higher weights, thereby facilitating the generation of high-
quality pseudo-samples. In the following, we present the de-
tails of our designed scheme.

For a minority class, we randomly select a data sam-
ple {xv

c }Vv=1 as the center. The R samples with the
shortest distances to the center sample, calculated using
Eq. (9), are identified as its neighbors and denoted as
{xv

1,x
v
2, . . . ,x

v
R}Vv=1. For the v-th view, the new pseudo

sample is generated by

xv
new = wv

0x
v
c + wv

1x
v
1 + · · ·+ wv

Rx
v
R, (10)

where
∑R

r=0 w
v
r = 1 andwv

r ≥ 0. We expect that the weight
wv

r to be assigned a high value if the aggregated opinion be-
tween the corresponding neighbor xv

r and the center sample
xv
c exhibits low uncertainty, indicating that the relationship

between this neighbor and the center sample is highly reli-
able. To achieve this objective, we begin with integrating the
evidence of xv

c with that of xv
r

evcr =
1

2
evc +

1

2
evr , r = 0, 1, · · · , R (11)

With the integrated evidence in Eq. (11) and recalling (1), we
can obtain the corresponding opinions and projection prob-
abilities for the neighbors, denoted as {bvcr, uvcr}Rr=0 and
{P v

cr}Rr=0, respectively.
Here, we treat the projection probalibity as the predic-

tion probability. This leads to a straightforward approach for
aligning the distribution of the generated pseudo-samples

with the true distribution, typically measured by cross-
entropy. However, directly using cross entropy can not re-
flect the reliability of the generated samples. Thus, we intro-
duce the influence of uncertainty and propose a novel crite-
rion, termed Uncertainty Entropy.

Definition 3. Uncertainty Entropy. Given an opinion
M = {b, u} and the true label y, the uncertainty entropy
is defined as:

H = −exp(u)
K∑

k=1

yklog(bk + uak), (12)

where exp(u) is the penalty coefficient. If the uncertainty
u = 0, then exp(u) = 1, and the uncertainty has no effect
on the entropy. Conversely, as the uncertainty u increases,
the entropy value also increases, indicating a greater discrep-
ancy between the predicted classification and the true class.

With uncertainty entropy, we further present the following
formulation for calculating wv

r

wv
r =

F(Hv
cr)

F(Hv
c ) +

∑R
r=1 F(Hv

cr)
, r = 0, 1, · · · , R (13)

where F(·) is a monotonically decreasing function. If the
uncertainty is low, from the above discussion, we know that
the uncertainty entropy is small. Due to the monotonically
decreasing property ofF(·),F(Hv

cr) will be assigned a large
value. This implies that our scheme is capable of ensuring
that neighbors with low-uncertainty opinions are assigned
higher weights. In this paper, we use F(x) = x−1.

Loss Function
In this subsection, we introduce the loss function for taining
our model. We first employ an adjusted cross-entropy loss
function to ensure that all views generate appropriate non-
negative view-specific evidence for classification:

Lace(αn) =

∫ [
K∑

k=1

−ynk log pnk

]
ΠK

k=1p
αnk−1
nk

B(αn)
dPn

=
K∑

k=1

ynk(ψ(Sn)− ψ(αnk),

(14)
where ψ(·) is the digamma function.

Additionally, to ensure that incorrect classes in each sam-
ple produce lower evidence, we incorporate an extra KL di-
vergence term into the loss function

LKL(αn) =KL [D(pn|α̃n)||D(pn|1)]

= log(
Γ(

∑K
k=1 α̃nk)

Γ(K)ΠK
k=1Γ(α̃nk)

)

+
K∑

k=1

(α̃nk − 1)

ψ(α̃nk)− ψ(
K∑
j=1

α̃nj)

 ,
(15)

where D(pn|1) is the uniform Dirichlet distribution, α̃n =
yn+(1−yn)⊙αn is the Dirichlet parameters that reduces
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the incorrect classes to zero for the n-th instance, and Γ(·)
is the gamma function. Therefore, given the Dirichlet dis-
tribution with parameter αn for the n-th instance, the loss
is:

Lacc(αn) = Lace(αn) + λtLKL(αn), (16)
where λt ∈ [0, 1] is a balance factor with t being the cur-
rent training epoch index. The implementation procedures
are summarized in Algorithm 1.

Algorithm 1: Implementation pseudocode of TMLC

Input: Multi-view dataset: {Xv,y}Vv=1
/—Train—/
Output: Network’s parameters.

01: while not converged do
02: for v = 1 : V do
03: ev ← evidential network output.
04: Calculate opinionMv by Eq. (1).
05: end for
06: Calculate joint opinionM♢(V ) by Eq. (3).
07: Calculate joint evidence e by Eq. (1).
08: Calculate the joint distribution α = e+ 1.
09: Calculate the overall loss L by Eq. (16).
10: Update the networks by gradient descent by L.
11: end while
12: Initialize pseudo-data set {}.
13: while minority class k-th not balanced do
14: Randomly select a center sample {xv

c }Vv=1.
15: Calculate multi-view neighbors by Eq. (9).
16: for v = 1 : V do
17: Generate pseudo date xv

new by Eq. (10).
18: end while
18: Add

{
{xv

new}Vv=1, yk = 1
}

to pseudo-data set.
19: end for
20: Add pseudo-data set to the training set.
21: Repeat training steps 01-11.
22: return networks parameters.

/—Test—/
Output:The final classification prediction and uncertainty.

01: for v = 1 : V do
02: ev ← evidential network output.
03: Calculate opinionMv by Eq. (1).
04: end for
05: Calculate joint opinionM♢(V ) by Eq. (3).
06: return the decision b♢(V ) and uncertainty u♢(V ).

Experiment
Experimental Setup
Datasets. HandWritten1 comprises 2000 instances of
handwritten numerals ranging form ‘0’ to ‘9’, with 200 pat-
terns per class. It is represented using six feature sets. PIE2

contains 680 instances belonging to 68 classes. We extract
intensity, LBP, and Gabor as 3 views. Caltech1013 com-

1https://archive.ics.uci.edu/ml/datasets/Multiple+Features
2http://www.cs.cmu.edu/afs/cs/project/PIE/MultiPie/MultiPie

Home.html
3http://www.vision.caltech.edu/Image Datasets/Caltech101

Figure 2: Density of overall uncertainty on the PIE dataset.

prises 8677 images from 101 classes. We select 2386 sam-
ples from 20 classes, where each image has six features: Ga-
bor, Wavelet Moments, CENTRIST, HOG, GIST, and LBP.
NUS-WIDE4 consists of 269,648 images with 81 concepts.
For the top 12 classes, we select 200 images from each class,
with a total of 6 different views. Scene155 includes 4485
images from 15 indoor and outdoor scene categories. We
extract three types of features GIST, PHOG, and LBP. Ani-
mal6 contains 37,322 images of 50 animal species with six
features for each image. We select 11,673 samples contained
20 animal classes and four features for 4 views.

Compared Methods. The compared methods involve
long-tail methods, trusted multi-view learning and other
multi-view baselines. Specifically, 1) long-tail methods in-
clude: TLC (Trustworthy Long-tailed Classification) (Li
et al. 2022) combines classification and uncertainty esti-
mation in a multi-expert framework with dynamic expert
engagement. H2T (Head-To-Tail) (Li et al. 2024) aug-
ments tail classes by incorporating the diverse semantic
information from head classes. 2) Trusted multi-view de-
cision baselines include: TMC (Trusted Multi-view Clas-
sification) (Han et al. 2022) integrates different views at
an evidence level using variational Dirichlet distribution
and Dempster-Shafer theory. ECML (Evidential Conflictive
Multi-view Learning) (Xu et al. 2024a) puts forward a con-
flictive opinion aggregation model. 3) Multi-view classifi-
cation baselines include: DUA-Nets (Dynamic Uncertainty-
Aware Networks) (Geng et al. 2021) is an uncertainty aware
method that uses reversal networks to integrate intrinsic in-
formation from different views into a unified representation.
DCP (Dual Contrastive Prediction) (Lin et al. 2022) enables
consistency learning and missing view recovery by using
an information-theoretical framework. UIMC (Uncertainty
for Incomplete Multi-View Classification) (Xie et al. 2023)
models the uncertainty of missing views through distribution
construction and sampling and employs an evidence-based
fusion strategy for trustworthy integration of imputed views.
DMVLS (Dynamic Multi-view Labeling Strategy) (Wan
et al. 2024) leverages shared and specific information with
two classifiers to prioritize labeling low-confidence samples.

Implementation. See the arXiv paper for details.

4https://paperswithcode.com/dataset/nus-wide
5https://doi.org/10.6084/m9.figshare.7007177.v1
6http://attributes.kyb.tuebingen.mpg.de/
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Methods Datasets
HandWritten PIE Caltech101 NUS-WIDE Scene15 Animal

TLC (2022) 84.20±1.05 36.32±0.67 79.04±1.22 19.00±0.61 42.54±1.30 16.54±0.10
H2T (2024) 90.13±0.12 31.54±0.61 83.12±0.22 17.97±0.33 38.59±0.25 15.84±0.10
TMC (2022) 92.65±0.28 46.18±0.92 84.91±0.21 22.44±0.39 32.22±0.50 24.23±0.12

ECML (2024) 91.48±0.34 47.28±0.74 82.87±0.56 22.35±0.27 41.31±0.71 24.31±0.08
DUA-Nets (2021) 91.53±1.86 8.96±1.08 77.60±2.00 20.45±1.72 36.72±1.10 14.89±0.65

DCP (2022) 93.48±1.33 4.56±0.64 86.54±1.15 29.04±2.21 53.56±1.22 18.77±0.63
UIMC (2023) 91.35±0.46 45.88±1.51 79.58±0.74 20.98±0.80 48.02±0.38 20.90±0.41

DMVLS (2024) 81.28±1.05 11.62±1.18 72.03±1.29 21.48±1.19 30.19±0.88 18.63±0.81
Ours-v1 93.40±0.28 48.38±1.03 83.76±0.48 26.31±0.19 45.20±0.41 24.34±0.06
Ours-v2 96.15±0.12 49.26±0.66 88.85±0.81 38.22±0.44 57.69±0.44 30.83±0.15

Ours 96.25±0.32 62.43±0.70 89.48±0.24 38.96±0.37 58.57±0.37 31.35±0.20

Table 1: Accuracy (%) on class-balanced test sets. The best results are highlighted in bold, while the second-best among
baselines are underlined.

Datasets Test sets Methods
ECML Ours

HandWritten Normal 97.00 97.50
Conflictive 92.69 94.80

PIE Normal 94.85 95.59
Conflictive 81.62 83.67

Caltech101 Normal 93.88 93.08
Conflictive 90.53 90.99

NUS-WIDE Normal 40.54 46.04
Conflictive 37.04 42.17

Scene15 Normal 70.12 71.57
Conflictive 61.50 62.74

Animal Normal 58.31 59.48
Conflictive 49.39 51.05

Table 2: Accuracy (%) on normal and conflictive test sets.
The best results are highlighted in bold.

Experiment Results
Accuracy Comparison. Table 1 presents the comparison re-
sults of various methods on standard test sets. It is evident
that our proposed TMLC method significantly outperforms
all baseline methods on the class-balanced test set, particu-
larly on the PIE, NUS-WIDE, and Animal datasets, where it
achieves performance improvements exceeding 5%. We at-
tribute this enhancement primarily to our uncertainty-based
sample generation scheme, which ensures that the generated
pseudo-samples more closely approximate the true sample
distribution. These pseudo-samples effectively mitigate the
class imbalance issue in multi-view data, thereby improv-
ing the model’s classification accuracy. To validate the ef-
fectiveness of the generated pseudo-samples, we conduct
a comparative experiment by excluding the pseudo-sample
generation module, resulting in a variant labeled as Ours-
v1. Furthermore, to verify the superiority of the weight cal-
culation scheme, we replace the designed weight mecha-
nism with random weights, resulting in a variant labeled as
Ours-v2. The results show that Ours-v1 performs worse than
the complete model across all tested datasets, demonstrating
that the uncertainty-based sample generation scheme plays
a crucial role in enhancing the network’s classification per-
formance. It is also seen that Ours-v2 exhibits inferior per-

Figure 3: Performance comparison on PIE datasets with
varying decay rates.

Figure 4: Accuracy comparison with respect to R.

formance relative to the complete model, confirming that
the uncertainty-induced weight scheme more effectively in-
tegrates neighboring samples from different views, thereby
generating synthetic samples that better align with the char-
acteristics of the minority class.

Performance for Conflictive Noise. To validate the supe-
riority of the proposed group consensus opinion aggregation
mechanism, we conduct experiments by introducing conflic-
tive noise into the test data (Xu et al. 2024a). We compare
our approach with ECML, a state-of-the-art (SOTA) base-
line for handling conflictive instances. Table 2 summarizes
the comparison results on six datasets under both normal
and conflict noise conditions. The results demonstrate that,
in both scenarios, the group consensus opinion aggregation
mechanism generally outperforms ECML. Specifically, on
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Figure 5: Joint evidence visualization on different datasets.

the NUS-WIDE dataset, our method achieves performance
improvements of 5.5% and 5.13% in normal and conflict
noise settings, respectively. These findings highlight the ef-
fectiveness of our proposed group consensus opinion aggre-
gation in enhancing the aggregation of multi-view opinions,
thereby leading to more reliable classification results.

Uncertainty Estimation. In order to assess the uncer-
tainty of the model predictions, we visualize the distri-
bution of both in-distribution and out-of-distribution sam-
ples. Specifically, the original samples and the samples with
added Gaussian noise are considered as in-distribution and
out-of-distribution samples, respectively. The experiment is
conducted on the PIE dataset, where Gaussian noise with
different standard deviations (σ = 0.1, σ = 1, and σ = 10)
is added to the test samples, as shown in Fig. 2. The re-
sults indicate that as the noise intensity increases, the uncer-
tainty of the data also increases, and the distribution curve of
the out-of-distribution samples deviates more significantly
from that of the in-distribution samples. This suggests that
the proposed group consensus opinion aggregation strategy
effectively captures the uncertainty, thereby improving the
overall reliability of the model.

Performance Evaluation under Different Decay Rates.
To demonstrate the superiority of our TMLC model in noisy
environments, we conduct experiments by introducing vary-
ing levels of decay rates into the training data, with the decay
rate ranging over [0, 0.05, 0.10, 0.15, 0.20, 0.25, 0.30]. Fig.
3 illustrates the performance comparison of all methods on
the PIE dataset under different decay rates. It is evident that,
compared to the baseline methods, our TMLC model con-
sistently outperforms them across all tested datasets at each
decay rate, further validating the effectiveness of the pro-
posed pseudo-data generation scheme.

Parameter Selection. Since the model requires a prede-
fined number of neighbors, R, we conduct experiments with
different values of R = [1, 2, 3, 5, 7, 9] to investigate its im-
pact. As shown in Fig. 4, as the number of neighbors in-

creases, the generated multi-view pseudo-samples incorpo-
rate more relevant sample information, which enhances the
diversity of the samples and improves the classification per-
formance. However, beyond a certain value of R, the classi-
fication performance approaches stability. This is because
the sample knowledge has already been sufficiently inte-
grated, and further increasing the number of neighbors does
not provide additional useful information, resulting in negli-
gible improvements in classification performance.

Joint Evidence Visualization. To validate the rationale
of the newly defined evidence-based distance metric in the
uncertainty-based sample generation scheme, Fig. 5 visual-
izes the evidence obtained from the aggregation mechanism
on six multi-view datasets. Our observations are as follows:
(1) Evidence points belonging to the same class are clustered
closely together, while those from different classes are dis-
tinctly separated. This demonstrates that the evidence-based
distance effectively captures class-specific information and
accurately constructs neighbor relationships. (2) As the de-
gree of class imbalance increases, the limited number of
training samples results in reduced evidence and heightened
uncertainty. Consequently, these classes tend to form neigh-
bor relationships with other challenging-to-classify classes.

Conclusion
In this paper, we propose a trusted multi-view learning
framework for long-tailed classification, namely TMLC .
TMLC makes two significant contributions. First, inspired
by Social Identity Theory, we design a group consensus
opinion aggregation mechanism that aligns decision-making
with the collective judgment of the majority. Second, we
develop an innovative pseudo-data generation strategy that
integrates a novel evidence-based distance metric and an
uncertainty-guided module to produce high-quality syn-
thetic samples. Extensive experiments demonstrate the su-
perior performance of TMLC.
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