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Abstract

In semi-supervised multi-view classification (SMVC), scarce
labels and noisy unlabeled data impair feature aggrega-
tion and compromise prediction reliability, while exist-
ing methods lack principled guidance and interpretabil-
ity. To overcome these limitations, we propose a novel
unified SMVC framework, Neural Collapse Priors Driven
Trust Semi-Supervised Multi-View Classification (NCPD-
TSMVC), building upon neural collapse–derived prototype
priors and evidential opinion fusion. Concretely, we rigor-
ously prove under neural collapse theory that normalized
classifier weights from the labeled-data pre-training stage co-
incide with class centroids in feature space, conferring maxi-
mal inter-class separation and optimal within-class compact-
ness. These prototype priors permeate the entire learning
pipeline, calibrating the representation learning of unlabeled
samples to obtain highly discriminative embeddings. Simul-
taneously, our evidential learning module quantifies epis-
temic uncertainty and fuses view-level opinions at the evi-
dence level, yielding robust and transparent decision mak-
ing. Extensive evaluations across diverse benchmarks demon-
strate that NCPD-TSMVC surpasses state-of-the-art SMVC
approaches in performance, robustness and interpretability.

Code — https://github.com/GTT-1/NCPD-TSMVC

Introduction
With the rapid development of information technology and
continuous innovation in data acquisition methods, the avail-
ability of multi-source heterogeneous data has become in-
creasingly diverse (Ren et al. 2021; Xu et al. 2022; Li
et al. 2023c), which lays a solid foundation for research
in Multi-View Learning (MVL). In recent years, MVL has
demonstrated significant application potential and research
achievements across various fields, including data mining
(Xu et al. 2024a; Li et al. 2023b; Kang et al. 2024; Luo et al.
2024; Lou et al. 2025; Zhao et al. 2024; Wang et al. 2022a;
Wen et al. 2025a; Wang et al. 2025; Qin et al. 2025; Li et al.
2024a), machine learning (Li et al. 2025; Wen et al. 2025b;
Luo et al. 2025a; Yang, Chung, and Jang 2024; Wang et al.
2021a; Luo et al. 2025b; Hu et al. 2024; Wan et al. 2024a;

*Corresponding authors.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

(a) NC prior guidance (b) Without NC prior guidance

Figure 1: The t-SNE embeddings of MNIST dataset un-
der Gaussian noise (σ = 1.5): (a) With Neural Collapse
(NC) priors: Despite in noise case, digit classes form tight,
well-separated clusters, preserving clear semantic structure
under the guidance of prototype priors via NC theory; (b)
Without NC priors: Embeddings scatter radially and overlap
across classes, undermining discriminability under the same
noise level. Comparatively, our NC priors could enhance the
discrimination and robustness of classification.

Yuan et al. 2025; Wan et al. 2024b; Wen et al. 2023; Li et al.
2023c; Wang, Zhang, and Zhou 2025), and computer vision
(Li et al. 2024b; Luo et al. 2021; Wang et al. 2020a; Luo, Xu,
and Yang 2019; Wang et al. 2023; Li et al. 2024c; Xu et al.
2024b; Yang et al. 2022). Among the numerous MVL tasks,
Multi-View Classification (MVC) stands out as one of the
most representative research directions. The core of MVC
methods (Andrew et al. 2013; Kan, Shan, and Chen 2016;
Wang et al. 2020b) lies in fully exploiting the supervision
from labels and the complementarity among views, learn-
ing a representation space that captures the intrinsic struc-
ture of samples, and constructing a discriminative classifier
to achieve higher classification accuracy.

However, constructing high-quality multi-view datasets
often relies heavily on extensive manual annotation, and the
scarcity of expert annotators combined with complex label-
ing processes makes acquiring large-scale, high-quality la-
beled data extremely costly. In practical applications, only a
small portion of the data is labeled, while the majority re-
mains unlabeled. Therefore, how to effectively leverage vast
amounts of unlabeled data under limited labeled data con-
ditions to achieve desirable classification performance has
become a critical challenge. To address this challenge, re-
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searchers have proposed Semi-Supervised Multi-View Clas-
sification (SMVC) methods. Numerous SMVC approaches
have emerged in this context. Existing methods for mining
semantic consistency across multiple views can be broadly
categorized into two types: (1) direct integration methods,
which combine multiple original views through concatena-
tion or weighted summation to generate a common label ma-
trix representing the final classification results, thereby en-
forcing classification consistency across views (Ren et al.
2021; Xu et al. 2022; Li et al. 2023c); (2) sub-model collab-
oration methods, which construct independent sub-models
for each view to extract high-level view-specific features,
and impose cross-view consistency constraints to align fea-
ture representations and classification results among differ-
ent sub-models. For example, (Wang et al. 2021b) integrate
multiple views combined with attention mechanisms to gen-
erate improved pseudo-views that guide feature learning in
each view; (Wang et al. 2022b) and (Wang et al. 2024) fur-
ther consider discriminative structures across views, extract-
ing view-specific features and aggregating classification re-
sults to produce pseudo-labels, which are then used to guide
model learning in a feedback manner. However, existing
SMVC methods often neglect the noise carried by unlabeled
data during training, which causes model learning to devi-
ate. As training progresses, such deviations accumulate er-
roneous information continuously, ultimately leading to per-
formance degradation in classification.

To address the above issues, this paper proposes a
novel framework: Neural Collapse Priors-Driven Trust
Semi-Supervised Multi-View Classification. The overall
framework is illustrated in Figure 2. The main objectives
of this framework are as follows: 1) To extract shared clas-
sifier weights with semantic consistency; 2) To theoreti-
cally demonstrate the equivalence between the normalized
weights of the shared classifier and prototype priors; 3) To
calibrate the feature representations of unlabeled data us-
ing prototype priors; 4) To improve classification accuracy
and enhance the interpretability of model decisions. Specif-
ically, during a fully labeled pre-training stage, we calculate
the class centers for each category based on ground-truth la-
bels and leverage a shared classifier to extract semantically
consistent weights. These weights serve as a stable and dis-
criminative semantic prior for the subsequent training on un-
labeled data. Based on the theory of Neural Collapse, we
rigorously prove that the normalized classifier weights are
equivalent to class prototypes in the feature space, ensuring
that they possess stable and highly discriminative semantic
characteristics (i.e., intra-class compactness and inter-class
separability). To effectively calibrate the feature represen-
tations of unlabeled data and facilitate cross-view feature
consistency learning, we introduce an attention layer and
cross-view contrastive learning, which progressively align
the unlabeled feature representations with the spatial distri-
bution of the prototype priors. In summary, this work makes
the following contributions:

• We propose a novel semi-supervised multi-view classifi-
cation framework that leverages prototype priors derived
from Neural Collapse to calibrate the feature represen-

tations of unlabeled data, significantly alleviating the ad-
verse effects of noisy unlabeled samples on feature learn-
ing.

• We theoretically prove the equivalence between classifier
weights and class prototypes, revealing their stable and
discriminative properties. This enhances decision inter-
pretability while improving classification performance.

• Through extensive experiments on six standard bench-
marks and their noise-augmented variants, the robustness
and superior performance are demonstrated.

Method
Prototype Priors via Neural Collapse Assumption
In semi-supervised classification tasks, the scarcity of super-
vision often leads to unstable model training and poor inter-
class separability, which severely hinders effective learning.
To alleviate this issue, we first compute the class centers
{pva} for each view based on labeled data during the pre-
training stage, and feed them into a shared classifier to obtain
normalized classifier weights WNC . These weights serve as
stable and consistent prototype priors to guide the calibra-
tion of unlabeled data in subsequent stages.

Specifically, we further justify the following conclusion:
after sufficient training, the normalized weights of the shared
classifier in the pre-trained model can be regarded as class
prototypes, that is, pj =

w:,j

∥w:,j∥2
. This allows us to directly

use the weights of the shared classifier WNC as prototype
priors in the subsequent training stage.

The phenomenon of Neural Collapse is supported by
four conclusions (Papyan, Han, and Donoho 2020; Chen
et al. 2024; Zhu et al. 2021): Intra-class Variability Collapse
(NC1), Simplex ETF Alignment (NC2), Self-duality (NC3),
and Simplify To Class Center (NC4).

NC1: As training progresses, the features of samples
within the same class gradually concentrate, leading to a
rapid decrease in intra-class variation. Eventually, the fea-
tures approximately collapse to a single point. Formally, the
within-class covariance matrix tends to zero, i.e., NC1 :
Σ†

NCΣD → 0, where ΣD is the within-class covariance ma-
trix and ΣNC is the between-class covariance matrix.

NC2: The class means are equidistant from each other and
arranged in a regular simplex structure centered at the origin,
thereby maximizing inter-class separability.

NC3: Upon convergence, the weights of the linear classi-
fier align with the class feature centers, forming a self-dual
structure geometrically between the classifier and the Class
center.

NC4: Based on the structural convergence established
above, the final classifier weights are equivalent to the Class
center.

Prototype-Driven Bidirectional Optimization of
Within-View Features
To fully achieve the driving effect of weight-based proto-
types as prior information, we introduce an attention mech-
anism during the main training stage to calibrate the feature
representations of unlabeled data. This attention mechanism
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Figure 2: The NCPD-TSMVC method consists of two main stages. (a) In the pre-training stage (red part), only labeled samples
{xva, yva} are used, where each view extracts features through independent networks. Based on the labels, class centers {pva}
are computed and a shared classifier obtains consistent weight priors. (b) In the main training stage (blue part), both labeled
and unlabeled samples {xva+b} are utilized. The prior information from pre-training guides the feature learning of unlabeled
samples in each view through attention and contrastive learning. Additionally, evidential learning is incorporated during the
opinion aggregation to improve the decision-making capability and interpretability of multi-view fusion.

is centered on the weight prototypes, computing the similar-
ity between unlabeled samples and the class-specific weight
prototypes, and adaptively assigning aggregation weights. In
this way, it achieves a prior-driven bidirectional optimization
between sample features and prototypes, further enhancing
the guidance of semantic priors on model training.

Specifically, taking a single view v as an example, we first
apply two independent linear transformation layers, denoted
asW v

I andW v
P , to the sample featuresXv and the prototype

priors P , respectively, thereby obtaining the Query matrix
Qv = W v

I X
v and the Key matrix Kv = W v

PP . The at-
tention weight matrix Av is then computed using the scaled
dot-product attention:

Av = Softmax
(
Qv(Kv)⊤√

d

)
. (1)

Sample Representation Update(Li et al. 2023a): we apply
an independent linear transformation to the prototype priors
C, resulting in V v

P . We then aggregate it with the attention
weightsAv and add the result to the original sample features
Xv using a residual connection:

Zv = Xv +AvV v
P . (2)

Prototype Representation Update (Li et al. 2023a): we
pass the sample features Xv through another linear transfor-
mation to obtain V v

I . The attention weights are then trans-
posed and multiplied with V v , and the result is added to the
original prototype priors:

Uv = C + (Av)⊤V v
I . (3)

This attention mechanism not only calibrates the features
of unlabeled samples but also enables the prototype priors
to moderately adapt to the feature distribution of the unla-
beled data, thereby achieving dynamic adjustment and more
accurate representations.

Prototype-Driven Cross-View Contrastive
Learning

Within each view, the attention mechanism driven by proto-
type priors has effectively captured the correlations between
sample features and prototype priors. To further extend the
prior information to cross-view feature consistency learning,
we design a prototype-driven cross-view contrastive learn-
ing strategy. This strategy imposes consistency constraints
on sample and prototype representations across views, en-
abling them to be uniformly mapped into a more discrimi-
native and generalizable feature space, thereby significantly
enhancing the quality of cross-view feature representations.

Sample-wise Contrastive Learning: To effectively capture
semantic consistency across views, we design a sample-level
contrastive learning loss. The goal is to encourage consistent
representations of the same instance across different views,
while pushing apart features from different instances. The
loss is defined as:

Li =
1

V (V − 1)N

N∑
i=1

V∑
a=1

V∑
b=1
b̸=a

La,b
i , (4)

21479



where La,b
i is the contrastive loss between the i-th instance

in view a and view b, defined as:

La,b
i = − log

es(z
a
i ,z

b
i )/τI∑N

j=1

[
es(z

a
i ,z

a
j )/τI + es(z

a
i ,z

b
j )/τI

] , (5)

here, s(·, ·) denotes cosine similarity, τI is the temperature
parameter, zai represents the feature of the i-th sample in
view a, and zbi is its counterpart in view b.

Prototype-wise Contrastive Learning: The
prototype-based attribution paradigm requires that pro-
totypes be capable of capturing both the diversity and
the complementarity of different views. After introducing
unlabeled data in the formal training stage, it becomes
necessary to balance cross-view consistency with diversity
and complementarity. To this end, we impose a bounded
optimization constraint on the similarity of cross-view
prototypes, which not only prevents prototype representa-
tions from excessive collapse and preserves view-specific
discriminative information, but also achieves moderate con-
sistency among prototypes under shared semantics, thereby
enabling richer and more robust cross-view prototype
representations. The bounded prototype-level contrastive
loss is defined as follows:

Lp =
1

V (V − 1)

V∑
a=1

V∑
b=1
b̸=a

[
2

K

K∑
i=1

∣∣s (uai , ubi)− α
∣∣

τP

+
1

K2

K∑
i=1

log

(
e
|s(ua

i ,ub
i)−α|

τP +
K∑
j=1
j ̸=i

e
s(ua

i ,ub
j)

τP

)]
,

(6)
where α = 0.75 is the similarity bound, and τP = 2.0 is the
temperature parameter.

Attention Regularization: From the computation of the at-
tention weight matrix, each row represents the probability of
the i-th sample belonging to the j-th cluster. To enable each
sample to confidently indicate which cluster it belongs to,
we introduce an attention regularization term to encourage
the model to produce clearer and more definite cluster as-
signments. The regularization term is defined as:

La =
1

V

V∑
v=1

K∑
j=1

[
Av

·j logA
v
·j − β

N∑
i=1

Av
ij logA

v
ij

]
, (7)

specifically, Av
·j =

∑N
i=1A

v
ij , and β denotes a weight pa-

rameter that controls the trade-off between the sharpness and
the uniformity of the attention distribution.

Trusted Semi-Supervised Multi-View Learning
Currently, traditional neural networks and most deep learn-
ing models typically use the softmax output as the predic-
tion confidence. However, this often leads to overconfident
predictions and lacks interpretability in multi-view opin-
ion aggregation. To address this, this paper introduces an
evidential learning framework based on Subjective Logic
(SL) on top of prototype-driven feature optimization (Han

et al. 2022): optimized features from each view, guided by
prototype priors, are mapped through a non-negative acti-
vation function (e.g., ReLU) into evidence vectors ev =
[e1, . . . , eK ], which are then mapped into the Dirichlet pa-
rameter space and aggregated based on the uncertainty of
each view. This framework combines the structural guidance
of prototype priors with the explicit uncertainty modeling of
evidential learning, not only promoting effective feature op-
timization but also enhancing the interpretability and relia-
bility of multi-view opinion fusion, thereby improving the
classification accuracy of the model.

Mapping In The Dirichlet Space: SL defines the cor-
respondence between the The evidence vector ei =
[eik, . . . , eik] corresponds to the parameters of the Dirichlet
distribution αi = [αi1, . . . , αik]. In our framework, we map
the evidence of each view to the parameters of the Dirichlet
distribution as

αv = ev + 1, (8)
where αv = [αv

1, . . . , α
v
K ]. Based on this distribution, the

belief mass for each class and the overall uncertainty mass
can be computed by

bvk =
evk
Sv

=
αv
k − 1

Sv
, uv =

K

Sv
, (9)

where Sv =
∑K

k=1 e
v
k + K. Furthermore, the uncertainty

and the K belief masses satisfy the normalization condition
uv +

∑K
k=1 b

v
k = 1:

uv +
K∑

k=1

bvk = 1, uv ≥ 0, bvk ≥ 0. (10)

Opinion Aggregation: According to the formula X, We
can obtain the subjective opinion of each sample from each
view as Mv

i =
{
{bvik}Kk=1, u

v
i

}V
v=1

. Based on the Dirichlet-
space opinion fusion rule, we aggregate the opinions from
all views into a comprehensive joint opinion. This process
not only integrates multi-view information but also provides
interpretability for the reliability of multi-view classification
decisions.

For two views with subjective opinions Mn
i ={

{bnik}Kk=1, u
n
i

}
and Mm

i =
{
{bmik}Kk=1, u

m
i

}
, the fusion

is performed as

Mi = Mn
i ⊕Mm

i , n ̸= m, (11)

where the combined belief masses and uncertainty are cal-
culated by

bik =
bnikb

m
ik + bniku

m
i + bmiku

n
i

1− F
, ui =

uni u
m
i

1− F
, n ̸= m,

(12)
with F =

∑
i̸=j b

n
ikb

m
jk representing the conflict degree be-

tween the two opinions, and 1
1−F being the normalization

factor.
The analysis of opinion aggregation across multiple views

is as follows: (a) when the predictions from two views are
consistent and both exhibit high confidence, the fused opin-
ion will also show high confidence, indicating a highly re-
liable classification decision for the sample; (b) when both
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views have considerable uncertainty, the aggregated opin-
ion will similarly reflect high uncertainty, signaling that the
classification decision is less robust; (c) if one view has high
confidence while the other is uncertain, the fusion mecha-
nism will tend to rely more on the confident view, thereby
maintaining the reliability and robustness of the final classi-
fication result.

This fusion rule can be naturally extended to the multi-
view setting as

Mi = M1
i ⊕M2

i ⊕ · · · ⊕Mv
i . (13)

Finally, after multi-view fusion, we obtain the compre-
hensive subjective opinion of each sample as Mi ={
{bik}Kk=1, ui

}
.

Evidence loss : In evidential learning networks, we fol-
low previous methods, and the overall optimization objec-
tive consists of two core loss terms: the classification loss
Lacc and the regularization loss LKL, whose overall form is:

Le =
N∑
i=1

[(
Lacc(αi)+LKL(α̃i)

)
+

V∑
v=1

(
Lacc(α

v
i )+LKL(α̃

v
i )
)]
.

(14)
First, the classification loss Lacc models the evidence vec-
tor output by the network using a Dirichlet distribution and
treats it as a prior over the likelihood. Specifically, for a sam-
ple with a one-hot label yi, the non-negative evidence vector
ei is converted into the parameter αi = ei + 1. The classi-
fication loss is then computed in the form of a negative log-
likelihood, which significantly enhances the evidence cor-
responding to the true class and thus improves the model’s
ability to distinguish the target class:

Lacc(αi) =

∫ [
−

K∑
k=1

yik log pik

] ∏K
k=1 p

αik−1
ik

B(αi)
dpi

=
K∑

k=1

yik
(
ψ(Si)− ψ(αik)

)
,

(15)
where Si =

∑K
k=1 eik +K, αi = ei + 1, and ψ(·) denotes

the digamma function.
Next, the regularization loss LKL(α̃i) is used to suppress

the accumulation of evidence for incorrect classes. It mini-
mizes the KL divergence between the predicted distribution
and the uniform Dirichlet distribution, thereby shrinking the
evidence for non-ground-truth classes toward zero and re-
ducing the model’s attention to irrelevant classes:

LKL(α̃i) = λt KL
[
Dir(pi | α̃i) ∥Dir(pi | 1)

]
= λt

(
log

Γ
(∑K

k=1 α̃ik

)
Γ(K)∏K

k=1 Γ(α̃ik)

+
K∑

k=1

(α̃ik − 1)
[
ψ(α̃ik)− ψ

(
K∑

m=1

α̃im

)])
,

(16)
here, Γ(·) denotes the gamma function, which serves to reg-
ulate the shrinkage speed of evidence during the training
process.

Overall Loss
By combining all the aforementioned losses, the overall loss
of our model is formulated as:

L = Le + λ1Li + λ2Lp + λ3La, (17)

where λ1, λ2, and λ3 are the balance coefficients for
the instance-level contrastive loss, the prototype-level con-
trastive loss, and the attention regularization loss, respec-
tively. It is worth noting that this overall loss is applied dur-
ing the formal training stage. During the pre-training stage,
we optimize the evidence loss using only the labeled data
and the class centers generated from them.

Experiments
Datasets
We conduct a comprehensive evaluation of the proposed
method’s classification performance on six widely used
datasets: LandUse21 (Yang and Newsam 2010), Cifar10
(Krizhevsky, Sutskever, and Hinton 2012), Animal (Lam-
pert, Nickisch, and Harmeling 2009), MNIST (Deng 2012),
ACM (Wang et al. 2019), and Cora (Fang et al. 2023).

Compared Methods
In this study, we compare six representative semi-supervised
multi-view classification methods, including MLAN (Nie
et al. 2017), LMSSC (Bo et al. 2019), JCD (Zhuge et al.
2020), LACK (Yu et al. 2022), MMatch (Wang et al. 2022b),
and TSMVC (Wang et al. 2024).

Implementation Details
In this work, a unified architecture is employed across all
datasets. The encoder is implemented as a fully connected
network, while the classifier consists of a linear layer fol-
lowed by a Softplus activation function. The Adam op-
timizer is used for training, with a weight decay set to
0.00005. To ensure stable training and good generaliza-
tion, the learning rate is adjusted based on the character-
istics of each dataset. Specifically, a learning rate of 0.001
is used for the Animal and Landuse21 datasets, 0.0003 for
CIFAR10 and MNIST, and 0.00003 for ACM and Cora.
The hyperparameters λ1, λ2, and λ3 are selected from the
set {0.1, 0.2, 1, 10}. Other parameters are fixed as follows:
τI = 0.5, τP = 2, α = 0.75, β = 0.02, λt = 1. The model
is implemented in Visual Studio using Python and trained
in an environment equipped with an NVIDIA GeForce RTX
4090 GPU (24 GB) and 32 GB of RAM. For all the datasets
used, we run the experiments under 10 different random
seeds and report the mean of the results. The evaluation met-
ric is classification accuracy (ACC), where higher values in-
dicate better performance.

Performance Evaluation
We compare the proposed NCPD-TSMVC method with
six semi-supervised multi-view classification methods, and
present the experimental results of all methods under differ-
ent datasets and label rate conditions in Table 1. To further
verify the robustness of NCPD-TSMVC in noisy environ-
ments, we also provide the t-SNE visualization comparison
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Dataset Rate MLAN LMSSC JCD LACK MMatch TSMVC Ours

MNIST

0.1 95.74 95.81 96.77 95.94 99.26 99.24 99.36
0.2 96.03 96.74 97.26 96.77 99.28 99.25 99.38
0.3 96.12 97.02 97.95 97.08 99.33 99.29 99.38
0.4 97.26 97.14 98.53 98.19 99.30 99.30 99.39

Cifar10

0.1 94.81 96.73 97.16 96.91 97.27 99.35 98.38
0.2 95.46 97.24 98.08 97.53 98.30 98.75 99.43
0.3 96.94 97.86 98.34 98.18 98.57 98.80 99.74
0.4 97.26 98.33 98.47 98.31 98.58 98.82 98.84

Animal

0.1 24.07 25.97 27.49 26.88 31.46 27.88 35.51
0.2 27.46 27.81 28.37 28.67 38.94 31.05 45.44
0.3 29.89 29.95 29.44 29.74 43.31 33.42 50.83
0.4 33.48 32.42 32.05 32.41 46.51 34.94 53.14

Landuse21

0.1 34.65 36.18 37.79 36.56 44.65 36.86 41.33
0.2 41.19 41.52 40.94 41.29 50.88 43.56 52.74
0.3 43.51 44.23 44.09 44.43 54.20 46.21 58.69
0.4 44.17 46.37 45.59 46.79 55.60 47.80 63.69

ACM

0.1 67.49 68.34 73.02 71.28 79.65 81.58 80.12
0.2 71.15 74.22 77.48 77.32 83.88 85.13 85.29
0.3 74.34 76.53 79.94 80.14 85.20 87.04 87.50
0.4 77.08 79.04 82.56 83.69 88.60 88.92 89.54

Cora

0.1 37.45 38.62 39.07 38.26 51.65 50.42 41.33
0.2 43.61 45.89 46.15 44.52 55.93 57.25 57.56
0.3 45.53 47.93 48.39 48.72 59.02 62.03 66.59
0.4 49.71 51.84 43.26 53.02 63.50 66.92 70.28

Table 1: Classification accuracy (%) comparison under different labeled rates. The best results are shown in bold, and the
second-best results are underlined.

of NCPD-TSMVC with TSMVC and MMatch in Figure 3.
From the experimental results, it can be observed that:

• NCPD-TSMVC achieves the best classification perfor-
mance across most settings compared to all baseline
methods. However, under low labeled sample rates, its
performance on certain complex datasets is slightly infe-
rior to some competing methods. This is mainly because
NCPD-TSMVC relies on labeled data to construct the
prototype weights. When the proportion of labeled data
is too low, the learned prototypes may be insufficiently
representative, limiting their ability to effectively guide
the learning of unlabeled samples.

• From the t-SNE visualizations, we can observe that even
in noisy environments, NCPD-TSMVC is still able to
learn highly discriminative feature spaces. Compared
with TSMVC and MMatch, our method exhibits clearer

(a) NCPD-TSMVC (b) TSMVC (c) MMatch

Figure 3: t-SNE visualization comparison on the MNIST
dataset with Gaussian noise (σ = 1) during the test phase.

inter-class separation and intra-class compactness on the
test samples, further demonstrating the effectiveness and
robustness of the proposed method in feature learning.
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Figure 4: Density of uncertainty.

Components Landuse21
ID Le Li Lp La ACC
(A)

√ √ √
61.43

(B)
√ √ √

63.33
(C)

√ √ √
64.52

(D)
√ √ √ √

66.19

Table 2: Ablation study on the Landuse21 dataset.

Uncertainty Estimation
To provide an intuitive assessment of the uncertainty esti-
mation capability of the proposed method, We visualize the
uncertainty distributions of both in-distribution and out-of-
distribution (OOD) samples on the Cifar10 dataset. Specifi-
cally, 50% of the training set is used as labeled data to train
the model, while the test set is split evenly into two subsets.
One subset is treated as in-distribution data, and the other
is perturbed by adding scaled Gaussian noise 0.2×N (0, σ)
with standard deviations σ = 0.1, 0.5, 1 and 10 to sim-
ulate OOD samples. The experimental results are shown
in Figure 4. When the noise level is low (σ = 0.1), the
uncertainty distribution of the perturbed samples remains
close to that of the clean samples. However, as the noise
level increases, the uncertainty associated with the per-
turbed samples also rises. These results indicate that the pro-
posed NCPD-TSMVC framework effectively distinguishes
in-distribution data from OOD instances.

Ablation Study
This study conducts an ablation experiment on the Lan-
duse21 dataset to verify the effectiveness of three loss func-
tions: the sample-based contrastive loss (Li), the prototype-
based contrastive loss (Lp), and the attention regularization
loss (La), and Table 2 presents the experimental results un-
der different combinations of these losses, and it is worth

(a) λ3 = 0.1 (b) λ3 = 1

Figure 5: We conducted a parameter sensitivity analysis ex-
periment on the MNIST dataset with a labeled rate of 0.1.

noting that the labeled evidence learning loss (Le) is used
as the base loss and is not ablated, and the experimental
results show that removing any one of the loss functions
leads to a performance degradation while the model achieves
the best performance when all three losses are employed si-
multaneously, and furthermore by comparing (A) with (B)
and (C) a relatively large performance drop can be observed
which indicates that although introducing the prototype-
based contrastive loss (Lp) effectively constrains prototype
at a global level, from the perspective of feature distribu-
tion the sample-based contrastive loss (Li) directly pulls to-
gether samples of the same class and pushes apart those of
different classes in the local feature space thus contributing
more significantly to improving intra-class compactness and
inter-class separability, and these findings demonstrate that
all three loss functions are indispensable.

Parameter Sensitivity Analysis
Owing to space constraints, we only include two represen-
tative sensitivity plots for our model on the MNIST dataset
with a label rate of 0.1 in Figure 5. These plots characterize
how key hyperparameters affect clustering performance and
reveal smooth, small-magnitude variations, providing initial
evidence of the model’s robustness and stability.

Conclusion
This study proposes a trusted semi-supervised multi-view
classification framework (NCPD-TSMVC) driven by proto-
type priors derived from the Neural Collapse phenomenon.
By leveraging the stability and high discriminability of these
priors, the framework effectively calibrates the feature rep-
resentations of unlabeled data, significantly mitigating the
impact of noise and redundant information introduced by
unlabeled data during training. We also provide a theoreti-
cal justification for the proposed prototype priors. Further-
more, in the multi-view information fusion stage, we design
a trusted fusion strategy based on evidential learning, which
not only improves decision accuracy but also enhances the
interpretability of the model. Finally, we validate the effec-
tiveness and superiority of NCPD-TSMVC on six bench-
mark datasets as well as datasets with added Gaussian noise.
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