
RAC-DMVC: Reliability-Aware Contrastive Deep Multi-View Clustering Under
Multi-Source Noise

Shihao Dong1, Yue Liu2, Xiaotong Zhou1, Yuhui Zheng3*, Huiying Xu4, Xinzhong Zhu4

1School of Computer Science, Nanjing University of Information Science and Technology, Nanjing, China.
2School of Computing, National University of Singapore, Singapore.

3Key Laboratory of Tibetan Information Processing, Ministry of Education, Qinghai Normal University. Xining, China.
4School of Computer Science and Technology, Zhejiang Normal University. Jinhua, China.

{dongshihao, xiaotong zhou}@nuist.edu.cn, yliu@u.nus.edu, zhengyh@vip.126.com, {xhy, zxz}@zjnu.edu.cn

Abstract

Multi-view clustering (MVC), which aims to separate the
multi-view data into distinct clusters in an unsupervised man-
ner, is a fundamental yet challenging task. To enhance its
applicability in real-world scenarios, this paper addresses a
more challenging task: MVC under multi-source noises, in-
cluding missing noise and observation noise. To this end, we
propose a novel framework, Reliability-Aware Contrastive
Deep Multi-View Clustering (RAC-DMVC), which con-
structs a reliability graph to guide robust representation learn-
ing under noisy environments. Specifically, to address obser-
vation noise, we introduce a cross-view reconstruction to en-
hances robustness at the data level, and a reliability-aware
noise contrastive learning to mitigates bias in positive and
negative pairs selection caused by noisy representations. To
handle missing noise, we design a dual-attention imputation
to capture shared information across views while preserving
view-specific features. In addition, a self-supervised cluster
distillation module further refines the learned representations
and improves the clustering performance. Extensive exper-
iments on five benchmark datasets demonstrate that RAC-
DMVC outperforms SOTA methods on multiple evaluation
metrics and maintains excellent performance under varying
ratios of noise.

Code — https://github.com/LouisDong95/RAC-DMVC

Introduction
In recent years, advances in sensing and data acquisition
technologies have facilitated the widespread use of multi-
modal and multi-view data across a variety of practical ap-
plications. Multi-view data captures complementary infor-
mation from heterogeneous sources (e.g., images, text, sig-
nals) and offers multiple perspectives on the same entity,
thereby enhancing data expressiveness. Effectively integrat-
ing such information has become critical in domains such as
industrial inspection (Wang et al. 2023; Asad et al. 2025),
social network analysis (Chen, Chen, and Gan 2024; Huang
et al. 2018), healthcare (Li and Zhou 2025; Holm et al.
2025), and biomedicine (Cui et al. 2025; Rao et al. 2025).

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

Consequently, clustering multi-view data to uncover its la-
tent structure and patterns has attracted increasing attention
from the research community.

As a key technique for analyzing multi-view data, MVC
aims to leverage complementary information from diverse
perspectives or modalities to perform unsupervised clus-
tering. Early MVC methods were primarily rooted in tra-
ditional machine learning approaches, including subspace
learning (Gao et al. 2015; Cao et al. 2015; Kang et al.
2020), non-negative matrix factorization (Liu et al. 2013;
Zhao, Ding, and Fu 2017; Huang, Kang, and Xu 2020),
and graph-based learning (Tang et al. 2020; Wang, Yang,
and Liu 2019). These methods promote the effective fusion
of multi-view information by designing consistency con-
straints or shared latent representations. With the advent
of deep learning, deep multi-view clustering (DMVC) (Li
et al. 2019; Ren et al. 2024; Zhang et al. 2025a,b) has
emerged, offering superior performance under complex data
distributions through powerful end-to-end feature learning.
Although multi-view clustering methods have achieved re-
markable progress, they still encounter significant chal-
lenges caused by noise in real-world applications.

In the acquisition and processing of multi-view data,
the presence of noise is inevitable—particularly view miss-
ing, which often results from acquisition errors, sensor
failures, or communication interruptions. Existing methods
for handling missing views include imputation-based meth-
ods (Tang and Liu 2022; Jin et al. 2023; Li et al. 2023; Pu
et al. 2024; Yuan et al. 2025; Chao, Jiang, and Chu 2024)
which aim to restore the missing views using available in-
formation, and non-imputation methods (Lin et al. 2023; Xu
et al. 2022; Lu et al. 2024; Feng et al. 2024), which avoid the
additional noise caused by imputation through cross-view
prediction. Although existing methods perform well in han-
dling missing noise, they often overlook observation noise,
such as lighting artifacts in nighttime images, background
interference in audio signals, or blurred handwriting in text
data. In real-world scenarios, observation noise is not only
more prevalent than missing noise but also more likely to
be overlooked. Noisy views often fail to provide useful in-
formation and may even degrade the quality of fused fea-
tures, posing a significant challenge to multi-view cluster-
ing. Therefore, developing a unified and robust framework
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to jointly handle both missing and observation noise has be-
come a crucial step toward enhancing the reliability and ap-
plicability of MVC in practical noisy environments.

To effectively address the challenge of multi-source noise
in MVC, we propose a Reliability-Aware Contrastive Deep
Multi-View Clustering framework. This framework con-
structs a reliability graph based on inter-sample similarity
to guide noise contrastive learning and dual-attention impu-
tation to mitigate the adverse effects of observation noise
and missing noise on clustering performance. Specifically,
we first cross-view reconstruct clean view from noisy views,
enhancing robustness at the data level. Then, a feature simi-
larity graph is constructed to simultaneously guide the con-
trastive learning against observation noise and the imputa-
tion process for missing data. For observation noise, the
graph serves as the weights of positive and negative pairs
for reliability-aware noise contrastive to mitigate the bias
in positive and negative pair selection caused by noise.
For missing noise, we design a dual-attention imputation to
jointly model view-specific features and cross-view shared
representations to assign adaptive attention weights, thereby
improving imputation accuracy. Finally, we incorporate a
self-supervised cluster distillation strategy to leverage the
cluster distribution information to regularize and guide the
learning of view representation learning. This collaborative
design significantly improves the clustering performance
under noisy scenarios. Our main contributions are as fol-
lows:

• For the first time, we systematically consider the impact
of missing and observation noise in the MVC task and
propose a reliability-aware contrastive deep multi-view
clustering method.

• By constructing a reliable graph to guide noise con-
trastive learning and dual-attention imputation, our
method effectively mitigates the effects of both observa-
tion and missing noise.

• On five widely used multi-view datasets, the performance
of our method under various noise ratios is systematically
evaluated, and the results fully verify the superiority of
our method compared with the SOTA methods.

Related Works
Deep Multi-view Clustering
In recent years, DMVC has been greatly developed due
to the powerful feature extraction ability of deep nerual
networks. According to the clustering method can be di-
vided into three categories: 1) DEC-based: These ap-
proaches are typically built upon Deep Embedded Cluster-
ing, which jointly optimizes feature learning and cluster-
ing in a unified framework. DAMC (Li et al. 2019) pro-
poses a deep adversarial MVC network to learn the in-
trinsic structure embedding in multi-view data. AIMC (Xu
et al. 2019) extends it to handle incomplete multi-view
data. Multi-VAE (Xu et al. 2021) proposes a VAE-based
MVC framework by learning disentangled visual represen-
tations. 2) Subspace clustering-based: These methods aim
to project multi-view data into a common latent subspace

where self-expressiveness holds. DMSC (Abavisani and Pa-
tel 2018) inserts self-expression layers in AEs and com-
pares the clustering performance of the fusion methods
at different stages. DMVSSC (Tang et al. 2018) proposes
a deep multi-view sparse subspace clustering model con-
sisting of convolutional-AE and self-expressive module. 3)
GNN-based: These methods utilize graph neural networks
to model and aggregate multi-view relational information
through graph structures. MAGCN (Cheng et al. 2021)
proposes a multi-view attribute graph convolution network
model to handle node attributes and graph reconstruction.
DFMVC (Ren et al. 2024) proposes a dynamic graph fusion
method to guide the learning of each view feature through
the consistent features fused.

Noisy Multi-view Learning
Multi-view learning faces the challenge of multi-source
noise in real-world scenarios, mainly including missing
noise and non-missing noise. For missing noise, existing re-
search is relatively mature, including: 1) Imputation meth-
ods (Tang and Liu 2022; Yang et al. 2023; Jin et al. 2023)
use observable neighboring samples to achieve imputation,
thereby retaining isomorphic structural information; Some
works (Li et al. 2023; Pu et al. 2024; Yuan et al. 2025)
perform imputation by calculating reliable prototypes to en-
hance the discriminability of imputation results. 2) Predic-
tion methods (Xu et al. 2022; Lin et al. 2023; Lu et al.
2024) adopt cross-view prediction strategies to avoid addi-
tional noise introduced by the interpolation process. In addi-
tion, DMVG (Wen et al. 2024) introduces a conditional dif-
fusion model to use available views as conditions to guide
the generation of missing views. For non-missing noise, it
mainly includes observation noise (Xu et al. 2024; Yang
et al. 2025), pseudo-label noise (Sun et al. 2025) and mis-
alignment noise (Yang et al. 2023; Guo et al. 2024): For ob-
servation noise, MVCAN (Xu et al. 2024) combines feature
representation with soft labels to optimize robust targets to
improve noise resistance; AIRMVC (Yang et al. 2025) mod-
els noise recognition as anomaly detection tasks, introduces
gaussian mixture models for anomaly modeling, and weak-
ens the impact of noise through a hybrid rectification strat-
egy, while combining contrastive learning to obtain a more
robust feature representation.

Methods
Preliminaries
Given a multi-view dataset X = {X1, ...,XV } of N sam-
ples V views, Xv = {xv

1, ...,x
v
N} ∈ Rdv×N , where xv

i rep-
resents the i-th sample of the v-th view, and dv represents
the dimension of the v-th view data. Due to the presence
of noise, the multi-view data is divided into normal data
Xnormal and noise data Xnoisy, X = Xnormal

⋃
Xnoisy.

Due to the existence of multi-source noise, the noise in-
cludes missing noise X and observation noise X̃, Xnoisy =

X
⋃

X̃, Let ηm, ηn ∈ [0, 1] denote the ratios of missing
noise and observation noise, respectively. Our objective is
to divide the unlabeled data into K clusters when there is
complex noise in the multi-view data, so that the samples in
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Figure 1: Overview of the our pipeline. The processing flow begins with cross-view reconstruction for robust representation.
Subsequently, a similarity-based reliability graph is constructed to guide both contrastive learning and a dual-attention imputa-
tion module. Finally, self-supervised clustering distillation is applied to refine the view-specific representations.

the same cluster are closer and the samples in different clus-
ters are farther away. The pipeline of our method is shown
in the Fig. 1.

Cross-view Reconstruction for Denoising
In multi-view learning, heterogeneous data typically con-
tain both view-specific features and shared correlation in-
formation across views. Existing methods often employ
intra-view reconstruction via autoencoders to capture view-
specific representations. However, this strategy suffers from
two key limitations in noisy scenarios. 1) Overfitting to lo-
cal noise: Noisy observations within a view are directly re-
constructed, leading to corrupted latent features. 2) Lack of
semantic integration: Independent view-wise encoding over-
looks the cross-view complementarity and global consis-
tency. To address these issues, we propose a cross-view re-
construction to guide the encoded features of one view to
reconstruct the data from another view:

ℓcrec(u, v) =
∥∥∥Xv −Dv

(
Eu(X̃u)

)∥∥∥2
2
, (1)

ℓcrec =
V∑
u,v
v ̸=u

ℓcrec(u, v). (2)

Among them, Eu,Dv represent the u-th encoder and the v-
th decoder respectively. Through the cross-view reconstruc-
tion mechanism, not only can the observation noise be ef-
fectively fitted, but also the view-specific features can be
retained while incorporating information between different
views.

Reliability-aware Noise Contrastive Learning
Traditional multi-view contrastive learning methods usually
regard the representations of the same sample under differ-

ent views as positive pairs, and other sample pairs as nega-
tive pairs, so as to pull positive pairs closer and push negative
pairs further away:

ℓcon = − 1

N

N∑
i=1

log
exp

(
zui

⊤zvi /τ
)∑N

j=1 exp
(
zui

⊤zvj/τ
) . (3)

However, this hard segmentation strategy inevitably pro-
duces false negative pairs during the sample pair construc-
tion process, i.e., samples of the same type are regarded
as negative pairs, which significantly reduces the quality of
feature representation. To address this issue, recent meth-
ods (Lu et al. 2024; Guo et al. 2024) use similarity as
weights to calculate additional positive pairs. While this ap-
proach improves the diversity of positive pairs and alleviates
the issue of false negatives, the problem of false positive
pairs remains unresolved. Moreover, the selection of posi-
tive and negative pairs is not reliable due to the influence
of noisy representation. This instability ultimately degrades
the robustness and generalization of MVC. To address these
limitations, we propose a reliability-aware noise contrastive
learning that introduces a reliability graph to model inter-
sample relationships and guide sample pair selection. The
reliability graph is constructed as follows:

suvij =

exp

(
−
∥zui − zvj∥2

σ

)
, if i ̸= j

1, if i = j

(4)

Auv = SD−1. (5)
where, σ is scaling factor, suvij represents the similarity be-
tween the i-th sample of the u-th view and the j-th sample of
the v-th view. D is degree matrix, dii =

∑
j sij , aij repre-

sents the probability that sample i and sample j are judged
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as positive pairs. By converting the similarity information
between samples into probability weights, similarity is used
as a measure of the reliable relationship between samples to
guide noise contrastive learning:

ℓncon(u, v) = −
N∑
i=1

log
exp(

∑N
j=1 a

uv
ij · zui ⊤zvj/τc)∑N

j=1(1− auvij ) · exp(zui ⊤zvj/τc)
.

(6)
Where aij denote the reliability-aware indicator of a positive
pair, where (1−aij) naturally reflects a negative pair. τc de-
notes the temperature parameter in contrastive learning. By
incorporating the reliability weights into contrastive train-
ing, the model can adaptively emphasize trustworthy sample
pairs and downweight noisy or uncertain ones. This strategy
not only improves the robustness of contrastive objectives
under noisy conditions but also enhances the discriminative
capacity of the learned representations by preserving reli-
able semantic structures. The final noise contrastive loss is
defined as follows:

ℓncon =
1

N

V∑
u,v
v ̸=u

(
ℓncon(u, v) + ℓncon(u, u)

)
. (7)

The noise contrastive loss consists of inter-view contrastive
and intra-view contrastive.

Dual-attention Imputation
To reduce the impact of missing samples on model perfor-
mance, we propose a method that combines intra-view and
inter-view dual attention imputation. Specifically, for miss-
ing samples in u-th view, we use the corresponding samples
in v-th view as queries, calculate their similarity with the
observable samples in u-th view and the observable samples
in v-th view. These observable samples are then treated as
keys and values in an attention module to perform weighted
imputation, thereby estimating the missing representations.
The inter-view and intra-view attention weights are com-
puted as follows:

Sinter = Softmax
(
(2Zv

[mu]
⊤Zu

[¬mu] − 2)/σ
)
, (8)

Sintra = Softmax
(
(2Zv

[mu]
⊤Zv

[¬mv ] − 2)/σ
)
. (9)

Where, [mu], [¬mu] represent the missing index and observ-
able sample index of the u-th view respectively. Zv

[mu] indi-
cates that the samples corresponding to v-th view are miss-
ing in u-th view. Zu

[¬mu],Z
v
[¬mv ] represent the observable

samples of views u and v respectively. Sinter,Sintra repre-
sent the inter-view and intra-view attention relations respec-
tively. The final imputation of missing samples in the u-th
view is given by:

Zu
[mu] = α · Zu

[¬mu]Sinter + (1− α) · Zv
[¬mv ]Sintra. (10)

This strategy not only retains the homogeneous structural
information within the view, but also effectively integrates
the heterogeneous completion information across views,
thereby achieving a more robust estimation of missing fea-
tures.

Self-supervised Cluster Distillation
In order to more effectively utilize the shared information
to guide view-specific feature learning, we designed a self-
supervised cluster distillation to constrain the distribution re-
lationship between the fusion features and the view-specific
features. Specifically, the view-specific features Zv ∈ Rd×N

are first concatenated to form a fusion feature matrix Z ∈
RD×N , D = V d. Then, the fused features are clustered with
k-means to obtain pseudo labels and calculate K cluster cen-
ters C ∈ RD×K :

ck =
1

|Mk|
∑

i∈Mk

zi. (11)

where, Mk represents the feature set with pseudo label k.
For each fused feature zi, the soft target distribution Q of
cluster assignment is defined as follows:

qij =
exp(zi

⊤cj/τd)∑K
k=1 exp(z

⊤
i ck/τd)

. (12)

Where, qij represents the probability that the i-th feature
belongs to the j-th cluster. τd represents the temperature pa-
rameter, which is used to control the sharpness of the distri-
bution.

For each view, we introduce a trainable clustering layer,
use randomly initialized parameters µv as cluster centers,
and calculate the predicted distribution Pv between view
features and view cluster centers:

pvij =
exp(zvi

⊤µv
j/τd)∑K

k=1 exp(z
v
i
⊤µv

k/τd)
. (13)

Finally, the cluster distillation loss is defined as the sum of
the Kullback-Leibler divergence between the target distribu-
tion Q and the prediction distribution Pv for each view:

ℓdist =
V∑

v=1

KL(Pv ∥ Q). (14)

To summarize, the total loss of our method consists of
cross-view reconstruction loss, noise contrastive loss, and
distillation loss:

ℓ = ℓcrec + ℓncon + ℓdist. (15)

Experiments
Datasets and Evaluation Metrics
• Scene-15 (Fei-Fei and Perona 2005) includes 4,485 im-

ages across 15 categories. We employ PHOG and GIST
as two distinct views following (Yang et al. 2023).

• Caltech-101 (Li et al. 2015) consists 8,677 images col-
lected from 101 classes. We use two kinds of deep fea-
tures extracted by the DECAF and VGG19 neural net-
works as two views following (Han et al. 2021).

• LandUse-21 (Yang and Newsam 2010) contains 2,100
satellite imagery samples in 21 categories. We employ
the PHOG and LBP features as two views following (Lin
et al. 2023).
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Ratio Methods Scene15 Caltech101 LandUse21 Reuters NUS-WIDE

ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI

0%

DCCAE (Wang et al. 2015) 34.6 39.0 19.7 45.8 68.6 37.7 15.6 24.4 4.4 42.0 20.3 8.5 47.5 17.1 37.6
DSIMVC (Tang and Liu 2022) 31.7 35.6 17.2 19.7 40.0 19.7 18.1 18.6 5.6 43.2 23.3 19.0 44.1 35.7 27.6
DIMVC (Xu et al. 2022) 35.5 36.4 18.1 38.7 56.7 17.1 26.7 32.4 12.5 48.2 22.8 19.4 54.0 43.3 33.8
DCP (Lin et al. 2023) 41.1 45.1 24.8 51.3 74.8 51.9 26.2 32.7 13.5 36.2 18.9 4.8 53.3 42.4 28.6
SURE (Yang et al. 2023) 41.0 43.2 25.0 43.8 70.1 29.5 25.1 28.3 10.9 52.1 36.9 26.6 57.4 44.8 38.3
ProImp (Li et al. 2023) 43.6 45.0 26.8 37.6 67.0 25.0 23.7 27.9 10.8 56.5 39.4 32.8 52.2 43.6 31.2
DIVIDE (Lu et al. 2024) 49.1 48.7 31.6 62.2 83.0 50.5 32.3 39.7 18.1 59.3 39.5 29.0 45.1 30.9 19.4
CANDY (Guo et al. 2024) 42.0 41.6 24.7 67.3 83.8 60.0 30.6 36.5 16.2 57.7 30.8 37.1 62.1 49.0 37.0
PMIMC (Yuan et al. 2025) 32.8 36.8 18.4 45.0 71.1 35.4 25.7 33.7 11.6 51.3 31.6 25.3 39.9 34.7 21.6
Ours 49.7 49.6 32.6 67.9 83.1 49.8 32.6 40.3 18.7 65.3 43.8 39.5 65.9 52.6 47.0

20%

DCCAE (Wang et al. 2015) 30.0 28.3 13.6 45.6 71.1 32.2 21.2 21.6 7.3 42.8 18.4 15.0 43.9 31.1 22.5
DSIMVC (Tang and Liu 2022) 27.4 27.1 14.1 18.7 29.7 12.4 15.1 14.5 3.7 36.8 16.4 14.0 18.5 13.6 7.2
DIMVC (Xu et al. 2022) 30.4 30.2 14.1 40.9 56.9 35.3 20.6 25.4 7.4 48.1 23.4 18.4 41.8 30.9 22.4
DCP (Lin et al. 2023) 38.5 40.2 22.8 44.0 66.3 58.9 26.0 28.4 12.1 38.8 21.6 7.8 47.4 41.2 25.8
SURE (Yang et al. 2023) 40.1 38.8 22.0 52.1 74.8 39.1 27.3 31.0 13.8 53.3 36.9 28.5 54.3 41.9 35.5
ProImp (Li et al. 2023) 39.8 42.4 24.2 39.9 68.0 27.3 22.4 26.3 9.8 54.4 39.3 30.8 55.8 44.0 38.0
DIVIDE (Lu et al. 2024) 41.1 41.0 24.1 67.6 83.1 60.9 31.4 37.7 16.9 57.0 37.6 31.8 59.3 44.6 37.7
CANDY (Guo et al. 2024) 40.7 38.1 21.6 68.6 83.8 62.7 30.7 33.3 15.1 60.3 38.0 33.9 60.0 37.5 33.6
PMIMC (Yuan et al. 2025) 33.3 30.9 17.3 37.9 66.2 30.8 18.4 23.3 6.2 46.3 24.3 19.4 26.4 15.0 7.5
Ours 45.2 42.9 26.9 69.3 83.9 64.4 31.7 38.8 18.3 65.1 42.0 39.4 62.6 47.4 40.8

50%

DCCAE (Wang et al. 2015) 19.6 17.5 6.5 35.0 65.6 27.7 13.4 12.2 2.6 33.1 9.9 12.0 33.8 23.7 14.6
DSIMVC (Tang and Liu 2022) 26.9 26.1 13.8 16.0 24.0 4.8 11.5 9.1 2.6 34.6 14.3 12.6 12.2 1.5 0.1
DIMVC (Xu et al. 2022) 23.2 21.9 8.9 27.9 47.5 15.3 13.6 13.6 2.7 44.6 18.7 15.4 33.3 20.1 14.2
DCP (Lin et al. 2023) 31.4 31.3 16.8 48.3 70.4 59.6 21.5 22.3 8.4 37.0 21.6 5.8 17.7 13.5 8.4
SURE (Yang et al. 2023) 35.4 34.7 18.2 52.2 75.1 40.9 26.1 28.1 12.6 52.2 36.0 28.7 52.2 39.0 32.7
ProImp (Li et al. 2023) 36.8 34.4 19.2 34.7 63.7 24.5 19.0 18.2 5.8 41.7 16.7 14.9 50.2 33.9 25.2
DIVIDE (Lu et al. 2024) 32.5 33.9 17.5 64.3 83.2 59.9 24.0 27.1 9.5 54.8 36.0 31.3 54.7 40.3 31.1
CANDY (Guo et al. 2024) 34.9 32.7 16.9 67.7 83.2 62.7 23.8 26.3 10.1 54.9 38.4 30.0 48.2 33.9 25.7
PMIMC (Yuan et al. 2025) 30.7 29.1 15.2 41.2 68.5 31.7 18.0 21.9 5.5 43.2 17.8 17.3 21.3 8.2 4.8
Ours 42.1 35.3 21.5 73.6 85.9 73.9 25.9 24.4 10.8 61.7 36.6 34.6 55.9 39.2 32.8

80%

DCCAE (Wang et al. 2015) 16.6 15.6 5.1 26.5 58.2 24.0 15.7 13.6 3.5 29.5 8.5 7.4 20.7 14.0 6.8
DSIMVC (Tang and Liu 2022) 18.9 16.6 9.6 16.1 23.5 5.3 11.8 7.8 1.5 32.5 9.7 9.1 12.6 1.2 0.1
DIMVC (Xu et al. 2022) 14.9 9.4 2.3 30.7 53.0 27.5 14.5 13.1 2.7 38.7 13.0 8.3 17.8 6.2 1.9
DCP (Lin et al. 2023) 20.1 20.0 7.2 39.7 61.3 50.4 17.1 16.0 3.2 39.5 25.5 14.9 12.0 1.0 0.1
SURE (Yang et al. 2023) 36.0 37.7 20.1 50.4 72.8 41.8 25.9 27.8 12.1 46.3 31.2 23.5 40.3 32.2 22.5
ProImp (Li et al. 2023) 25.8 21.4 10.2 34.3 63.7 25.4 15.5 14.4 4.0 26.6 5.5 4.4 31.8 19.0 12.4
DIVIDE (Lu et al. 2024) 27.6 29.3 15.5 61.8 80.5 49.2 28.3 34.1 13.6 53.1 34.3 30.2 48.7 33.5 25.2
CANDY (Guo et al. 2024) 26.5 29.9 14.1 61.5 80.1 48.6 29.0 35.3 13.5 47.2 25.8 22.9 44.0 24.4 20.3
PMIMC (Yuan et al. 2025) 27.6 23.4 12.0 39.6 67.6 31.4 15.9 19.4 4.9 44.5 17.6 15.2 20.4 6.8 3.7
Ours 32.4 27.5 16.8 67.8 82.9 57.1 29.2 36.1 15.9 55.5 31.7 27.6 50.6 35.0 30.8

Table 1: The clustering performance on five multi-view datasets at different noise ratios (The missing noise is set to the same
ratio as the observation noise)
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Figure 2: Ablation study on five dataset with 50% noise ratio
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• Reuters (Amini, Usunier, and Goutte 2009) is a reposi-
tory of news content in multiple languages with 18,758
samples. Following (Huang et al. 2019), we transform
the texts into a 10-dimensional latent space with a con-
ventional autoencoder and use English and French as two
different views.

• NUS-WIDE (Hu et al. 2019) includes 9,000 images
paired with their respective captions from 10 classes. We
adopt a VGG19 neural network for the extraction of vi-
sual features, and a Sentence CNN to extract the text fea-
tures by following (Zhen et al. 2019).

There are three metrics are widely used in MVC, including
clustering accuracy (ACC), normalized mutual information
(NMI) and adjusted rand index (ARI). Higher values of these
indicate better clustering performance.

Implementation Details

The encoder is a four-layer MLP, and the decoder adopts a
symmetric architecture per view. The latent feature dimen-
sion d is set to 128, and the clustering layer is d − K. We
use the Adam optimizer with a learning rate of 2×10−3 and
a batch size of 1024. Temperature parameters τc and τd are
both set to 0.5, the scaling factor σ is 0.07, and the imputa-
tion weight α is 0.5. Unless otherwise noted, missing noise
ratio ηm and observation noise ratio ηn are both set to 0.5.
All experiments are repeated multiple times, and average re-
sults are reported. Training is performed on a desktop with
an Intel i7-12700KF CPU, NVIDIA RTX 3080Ti GPU, and
32GB RAM using the PyTorch framework. For all baselines,
we use publicly available source code and official configu-
rations to ensure fair comparisons.

Comparisons with State of the Arts

We compared the proposed method with nine representa-
tive DMVC methods, including DCCAE (Wang et al. 2015),
DSIMVC (Tang and Liu 2022), DIMVC (Xu et al. 2022),
DCP (Lin et al. 2023), SURE (Yang et al. 2023), ProImp (Li
et al. 2023), DIVIDE (Lu et al. 2024), CANDY (Guo et al.
2024) and PMIMC (Yuan et al. 2025). As shown in Table 1,
our method maintains stable performance in both the noise-
free setting and under varying ratios of multi-source noise.
These results indicate the effectiveness and robustness of
the framework in handling missing noise and observation
noise. It is worth noting that DIVIDE and CANDY reduce
the impact of false negative pairs by adjusting the contrastive
weights by introducing high-order graph structures. How-
ever, high-order graphs may amplify noise through propa-
gation. In addition, the presence of false positive pairs can
further impair the clustering performance. In contrast, our
method leverages a reliability-aware graph to guide con-
trastive learning under noise, explicitly accounting for the
effects of both false negative and false positive pairs. This
design effectively enhances the discriminative ability of the
learned features and improves the robustness of the model in
noisy environments.

(a) Clean 0 (b) Noisy 0 (c) Clean 99 (d) Noisy 99

Figure 3: Visualization of the training process on Cal-
tech101. 0 and 99 represent the epoch of training.

Scene15 Caltech101

ACC NMI ARI ACC NMI ARI

Con 40.8 34.1 20.4 58.7 81.8 39.9
FN con 41.7 34.4 21.1 65.7 82.8 51.1
Ours 42.1 35.3 21.5 73.6 85.9 73.9

Table 2: Effectiveness of noise contrastive learning

Visualization Analysis
To illustrate the data distribution under noisy conditions, we
use t-SNE to visualize and compare the training process of
the Caltech101 dataset under clean views and 50% multi-
source noise. As shown in Fig. 3, before training, the dis-
tribution of noisy views is noticeably more scattered than
that of the clean views. After 100 epochs of training, the
distributions become more aligned. Under noisy conditions,
the learned representations have more compact intra-cluster
structure and clearer inter-cluster separation compared to the
initial state, demonstrating that the our method maintains
good clustering performance even in multi-source noise sce-
narios.

Ablation Study
Effectiveness of design modules: To assess the contri-
bution of each component to the overall performance, we
conduct a systematic ablation study. As illustrated in the
Fig. 2, ”(w/o) dist”, ”(w/o) crec” and ”(w/o) ncon”, and
”ours” denote the model variants obtained by removing the
self-supervised distillation module, cross-view reconstruc-
tion module, noise contrastive learning module, and the
complete model, respectively. We evaluate all variants on
five benchmark datasets using three standard clustering met-
rics under 50% noise ratio. The results demonstrate that
each module contributes positively to performance improve-
ment. In particular, the noise contrastive learning module
plays a critical role by enhancing multi-view feature con-
sistency and significantly mitigating the influence of ob-
servation noise. Additionally, the cross-view reconstruction
mechanism improves robustness by suppressing noise at the
data level, while the self-supervised distillation module fur-
ther refines feature representations and improves clustering
performance.

Effectiveness of noise contrastive learning: To analyze
the effectiveness of the proposed reliability-aware noise con-
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Reuters NUS-WIDE

ACC NMI ARI ACC NMI ARI

Directly 39.9 21.1 13.3 34.4 23.8 9.4
Prototype 51.8 26.7 22.6 52.0 35.3 29.2
k-nn 57.6 32.6 32.1 43.0 31.0 13.9
Ours 61.7 36.6 34.6 55.9 39.2 32.8

Table 3: Effectiveness of imputation
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0.0

0.2

0.4

0.6

0.8

1.0
Scene15
Caltech101
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Figure 4: The impact of σ on performance.

trastive learning, we compare it against two baselines: the
traditional contrastive learning method (Con) and the false
negative pair-aware contrastive method (FN Con) on two
datasets under 50% noise ratio. As shown in Table 2, both
the traditional and FN contrastive methods fail to perform
effectively in noisy environments. In contrast, our method
dynamically adjusts the weights of sample pairs based on
their estimated reliability. This strategy not only mitigates
the effects of both false negative and false positive pairs,
but also reduces the impact of noise on the constructions,
thereby enhancing the robustness and discriminability of the
learned representations.

Effectiveness of imputation: To evaluate the effective-
ness of the proposed missing view imputation method, we
compare it with three commonly used imputation strate-
gies on two benchmark datasets under 50% noise ratio:
direct imputation, prototype imputation, and k-nn imputa-
tion. As shown in Table 3, direct imputation replaces the
missing view with features from the corresponding view,
which may lead to feature homogenization and degradation
of multi-view representation quality. Prototype imputation
uses the cluster centroid of the observable view for imputa-
tion, which introduces discriminative information but com-
promises view-specific information. k-nn imputation fills in
missing data using neighboring features from the same view,
preserving view-specific information but ignoring cross-
view interactions. In contrast, our method effectively in-
tegrates information from multiple views while preserving
view-specific features, leading to improved imputation qual-
ity and clustering performance.
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Figure 5: The impact of τc, τd on performance.

Hyper-parameter Analysis
Sensitivity analysis of hyperparameter σ: To evaluate
the effect of the graph construction scaling factor σ on model
performance, we conduct experiments on five datasets un-
der 50% noise ratio with σ ∈ {0.01, 0.05, 0.1, 0.5, 1.0}. As
shown in Fig. 4, the model maintains generally stable per-
formance across different values. Notably, performance im-
proves consistently when σ ≤ 0.1, indicating that a smaller
σ facilitates better separation of positive and negative pairs
and reduces the impact of noisy samples.

Sensitivity analysis of hyperparameter τc, τd: We fur-
ther analyzed the impact of the contrastive temperature pa-
rameter τc and the distillation temperature parameter τd on
the performance on the Reuters and NUS-WIDE datasets
under 50% noise ratio. As shown in Fig. 5, on the Reuters
data, when τc ∈ [0.05, 0.5] and τd ∈ [0.5, 1.0], the model
performs best; on NUS-WIDE, the better performance cor-
responds to τc ∈ [0.05, 0.1] and τd ∈ [0.1, 0.5]. This shows
that smaller contrastive and distillation temperatures help
sharpen the similarity between feature distributions and the
discriminability of cluster-level distributions, thereby im-
proving clustering performance.

Conclusion
In this paper, we proposed a reliability-aware contrastive
framework for robust multi-view clustering under multi-
source noise. The framework is designed to handle both
observation noise and view missingness through integrated
mechanisms. Extensive experiments on five benchmarks
confirm that our method achieves superior performance and
maintains robustness across varying noise levels, demon-
strating its effectiveness in noisy real-world scenarios.
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