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Abstract
In recent years, multi-view clustering (MVC) has
become a promising approach for analyzing het-
erogeneous multi-source data. However, during
the collection of multi-view data, factors such as
environmental interference or sensor failure often
lead to the loss of view sample data, resulting in
incomplete multi-view clustering (IMVC). Graph
contrastive IMVC has demonstrated promising per-
formance as an effective solution, which typically
utilizes in-graph instances as positive pairs and out-
of-graph instances as negative pairs. However,
the construction of positive and negative pairs in
this paradigm inevitably leads to graph noise Cor-
respondence (GNC). To this end, we propose a
new IMVC framework, namely robust graph con-
trastive learning (RGCL). Specifically, RGCL first
completes the missing data by using a multi-view
consistency transfer relationship graph. Then, to
mitigate the impact of false negative pairs from
graph contrastive, we propose noise-robust graph
contrastive learning to mine intra-view consis-
tency accurately. Finally, we present cross-view
graph-level alignment to fully exploit the comple-
mentary information across different views. Ex-
perimental results on the six multi-view datasets
demonstrate that our RGCL exhibits superiority
and effectiveness compared with 9 state-of-the-art
IMVC methods. The source code is available at
https://github.com/DYZ163/RGCL.git.

1 Introduction
With the continuous development of data acquisition meth-
ods, multi-view data [Zhu et al., 2025; Liang et al., 2024;
Xu et al., 2025] could be collected by various devices, in-
cluding cameras, infrared sensors, and audio sensors. As
an unsupervised analysis technique, multi-view clustering
(MVC) [Sun et al., 2024; Li et al., 2023b] aims to compre-
hensively analyze the cluster characteristics by leveraging the
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complementarity and consistency between the different views
of the same instance. Existing MVC methods primarily de-
pend on the assumption of the completeness of multi-view
data. However, due to various uncontrollable factors during
data collection, transmission, or storage, partial data could
be missing, thereby leading to incomplete multi-view prob-
lems. This could disrupt the consistency between different
views and create an imbalance in the available data informa-
tion, which makes incomplete multi-view clustering (IMVC)
more challenging.

To handle incomplete multi-view data, a variety of IMVC
methods [Li et al., 2025; Li et al., 2023c] have been pro-
posed, which could be roughly divided into two principal cat-
egories, i.e., shallow IMVC methods and deep IMVC meth-
ods. Thanks to the powerful feature representation capabili-
ties of deep learning, deep IMVC methods [Xue et al., 2021;
Yuan et al., 2025] can excavate more discriminative repre-
sentations to uncover inter-cluster relationships in incomplete
multi-view data, thereby significantly improving clustering
performance. Therefore, in recent years, deep IMVC [Liu et
al., 2024] has attracted widespread attention from scholars.

To effectively explore the consistency information in in-
complete multi-view data, some IMVC methods [Chao et al.,
2024; Tang and Liu, 2022] identify the cross-view neighbors
through the observed samples and utilize them to estimate the
missing data. However, these methods typically project all
views into a common space to learn inter-view consistency,
which unconsciously neglects view-specific information. To
fully utilize the information from multiple views, some stud-
ies employ predictors [Lin et al., 2022] and generators to
capture view-specific information. Nevertheless, the gener-
ative paradigm is inherently focused on identifying a unified
representation for the entire multi-view dataset, which may
result in the loss of semantic information that is critical for
clustering. To enhance the consistency and specificity of in-
complete view data, many contrastive learning-based IMVC
methods [Yuan et al., 2024] have been proposed. For in-
stance, COMPLETER [Lin et al., 2021] adopts contrastive
learning to maximize the mutual information between differ-
ent views and proposes dual prediction to recover the missing
data by minimizing conditional entropy. To further excavate
consistency and achieve data restorability, MRL CAL [Wang
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Figure 1: The motivation and key idea of our RGCL.

et al., 2024b] proposes adversarial learning to restore the
missing data and utilizes contrastive learning to enhance the
consistency of representations. Different from feature-level
contrastive learning, AGCL [Wang et al., 2022] constructs
positive and negative sample pairs based on whether the sam-
ple is in the relationship graph, thereby achieving graph con-
trastive learning. To achieve cluster-level alignment, CGCN
[Wang et al., 2024c] proposes cross-view graph contrastive
learning to enhance the discrimination of the learned repre-
sentations.

Although existing graph contrastive IMVC methods have
obtained delightful clustering performance, their superiority
is heavily dependent on the assumption of an ideal graph
structure. However, in practice, learning great graph relations
is very challenging. In Fig.1, due to the inherent one-to-many
graph contrastive characteristic and the strict distinction be-
tween positive and negative sample pairs, graph contrastive
MVC inevitably mistakes semantically similar positive pairs
as negative pairs, thus causing Graph Noisy Correspondences
(GNC). In brief, GNC represents the false negative problem
(FNP) caused by the noise presented in negative pairs.

To mitigate the aforementioned GNC problems, we pro-
pose a novel IMVC framework, namely Robust Graph Con-
trastive Learning (RGCL). As shown in Fig.2, we first con-
struct relation graphs by the similarities of nearest neighbors
to search for similar samples. Further, based on the basis of
semantic consistency, we adopt a graph transfer module to
impute the missing samples of incomplete multi-view data.
To alleviate the adverse impact of false negative pairs from
graph contrastive, we design a target distribution sharpen-
ing strategy and propose noise-robust graph contrastive learn-
ing to explore intra-view consistency accurately. Finally, we
present cross-view graph-level alignment to extract comple-
mentary information between different views. In general, the
main contributions of this paper are summarized as follows:

• To overcome the negative influence caused by the false
negative pairs, we propose a novel IMVC framework,
namely robust graph contrastive learning (RGCL). To
the best of our knowledge, this could be the first time
to reveal and study a persistent more practical problem
in graph contrastive MVC, dubbed graph noisy corre-
spondence (GNC).

• We propose a novel noise-robust graph contrastive learn-
ing to prevent the interference of false negatives, thereby
embracing the robustness of graph contrastive MVC
against GNC. Moreover, we propose cross-view graph-

level alignment to enhance cross-view consistency and
complementarity.

• Extensive experiments on six popular multi-view
datasets show the effectiveness and robustness of our
RGCL method over state-of-the-art IMVC competitors.

2 Related Work
2.1 Incomplete Multi-view Clustering
In recent years, researchers have proposed numerous incom-
plete multi-view clustering (IMVC) methods. These meth-
ods can be classified into traditional IMVC and deep incom-
plete multi-view clustering (DIMVC). The traditional IMVC
methods can be categorized into four categories: matrix
factorization-based methods [Wen et al., 2024], subspace-
based methods, graph-based methods and kernel learning-
based methods. Owing to the superior representation capabil-
ities of deep neural networks for highly heterogeneous data
[Liang et al., 2025; Sun et al., 2023], DIMVC has progres-
sively emerged as a predominant research direction. DIMVC
methods can be classified into three categories according to
the structure of the deep learning model used: (1) Deep Neu-
ral Network-based methods (DNN), Zhang et al. [Zhang et
al., 2020] employ DNN to cluster learning, thus facilitating
the discovery of the latent structure and information present
within the data. (2)Generative Adversarial Networks-based
(GAN) methods, Wang et al. [Wang et al., 2023] used a GAN
to fill in incomplete data and learn the consistency of multi-
view data through bi-contrastive learning. (3)Autoencoder-
based methods, URRL-IMVC [Teng et al., 2024] employs
autoencoders to extract features from complete data while uti-
lizing inter-view correlations to impute missing data, thereby
enabling the learning of consistent and clustering-friendly
representations.

2.2 Contrastive Learning
Contrastive learning [Liang et al., 2023], due to its power-
ful learning capabilities in areas such as image classification
and deep clustering within computer vision, has become one
of the most popular research topics in unsupervised learning.
The core idea is to optimize the feature space by maximiz-
ing the similarity of positive sample pairs and minimizing the
similarity of negative sample pairs. In DIMVC, contrastive
learning effectively increases the compactness of samples
within clusters and the separation between clusters. CC [Li
et al., 2021] introduces a novel online contrastive clustering
method that leverages data augmentation to generate positive
and negative sample pairs, enabling the alignment of instance
features and the separation of clusters through contrastive
learning. MCMVC [Geng et al., 2022] and Dealmvc [Yang
et al., 2023] adopt a dual contrastive learning approach, em-
ploying instance-level and class-level contrastive learning to
ensure consistency across views. However, traditional con-
trastive learning fails to fully exploit the local structure in
incomplete multi-view data. To solve this problem, UGCF
[Wang et al., 2024a] proposed a unified graph contrastive
learning framework, which recovers the missing data through
the relationship saved in the view, and then performs graph
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Figure 2: The framework of the proposed RGCL. First, RGCL employs the autoencoder to learn the specific embedding representation Zv

for each view Xv . Further, the complete relation graph Gv is constructed based on Zv . Then, we propose noise-robust graph contrastive
learning to reduce the influence of false negative pairs. Finally, we present a graph-level alignment strategy to fully use the complementary
information between different views.

contrastive learning on the unified graph to improve the dis-
crimination of features. Unlike existing studies, we reveal
the graph-noise correspondence problem in IMVC. Further,
we propose a robust graph contrastive learning framework to
mitigate the impact of false negative pairs.

3 Method
3.1 Notations
For the IMVC task, our goal is to recover the missing data
from different views to group the given incomplete dataset
X = {X1, . . . ,XV } with V views into different C clus-
ters. Formally, we denote Xv = {xv

1, . . . ,x
v
N} ∈ RN×dv

as the N sample data from the v-th view, where dv and xv
i

represent the feature dimension and i-th sample from the v-
th view, respectively. Note here, we use the mask matrix
Mv = {Mv

1 , . . . ,M
v
N} ∈ RN to represent the available and

missing case of N samples from the v-th view. Specifically,
Mv

i = 1 indicates that there exists the i-th sample from the
v-th view, otherwise, the corresponding sample is missing.

To achieve IMVC, we first construct a relationship graph
for multi-view data to represent the similarities between the
samples. However, since some views have missing data, we
cannot construct a complete relationship graph by calculating
the distance between the two views. To this end, according
to [Wang et al., 2022], we adopt the cross-view relationship
graph transfer scheme to fill in the missing data, thereby con-
structing a complete relationship graph. As shown in Fig.3,
for the missing data x2

i from the 2-th view, we can fill in
the missing data by the relational graph of the correspond-
ing sample x1

i from the 1-th view. Specifically, we first a K-
nearest relational graph for x1

i , i.e., G1
i = {x1

i1 , . . . ,x
1
iK},

where K is the number of nearest neighbors. Then, we can
utilize G1

i to obtain the transfer relational graph G2
i . Since

some neighbor samples of x̃2
i in G2

i are missing in the sec-
ond view, we remove these missing neighbor samples to ob-
tain the most accurate transition relationship graph, G2

i =
{x1

i1 , . . . ,x
1

iK
′ }. Finally, we can calculate the mean of sam-

ples in the transferred relational graph G2
i = {x1

i1 , . . . ,x
1

iK
′ }

to complete the missing data x2
i . Mathematically, when

Mv
i = 0, the missing sample could be formalized as follows:

x̃v
i =

1

K

K∑
k=1

xv
ik , (1)

where xv
ik is the k-th sample in the transferred relation graph

Gv
i . x̃v

i is the filled sample for the missing data xv
i .

3.2 Overview of RGCL
In this paper, we propose a new graph contrastive IMVC
framework, namely RGCL. As illustrated in Fig. 2, RGCL
first constructs the relation graph Gv and further uses graph
transfer to complete the missing samples. Then, an autoen-
coder is used to encode the multi-view data Xv into the em-
bedded representation Zv , which is reconstructed into the
original feature itself. To reduce the influence of the false

… …
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Figure 3: This is the process of completing data in incomplete multi-
view datasets using relationship graphs.
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negative pairs, we design the target distribution sharpening
to achieve noise-robust graph contrastive learning and cross-
view graph-level alignment, thereby endowing the robust-
ness against GNC. In summary, the total loss function of our
RGCL could be expressed as follows:

L = LREC + αLNGC + βLCGA + LCLU , (2)

where LREC , LNGC , and LCGA are multi-view reconstruc-
tion loss, noise-robust graph contrastive loss, and cross-view
graph-level alignment loss, respectively. α and β are two
hyper-parameters.

3.3 Multi-view Reconstruction
To obtain the view-specific representations, we employ the
widely used multi-view reconstruction loss to learn more
cluster-friendly representations from multi-view data. Specif-
ically, after the multi-view completion, we first use the spe-
cific encoders Ev

θv (.) to extract the embedding representa-
tions zv

i for the v-th view, which is formulated as:

zv
i = Ev

θv (xv
i ) , (3)

where θv is the parameters of the encoders Ev
θv (.). Note here

that zv
i ∈ RC , where C is the number of clusters. Then,

we adopt the specific decoders to obtain the reconstruction
samples x̂v

i , i.e.,

x̂v
i = Dv

ηv (zv
i ) = Dv

ηv (Ev
θv (xv

i )) , (4)

where ηv is the parameters of the decoders Dv
ηv (.). Therefore,

the total multi-view reconstruction loss can be written as:

LREC =
1

V N

V∑
v=1

N∑
i=1

∥x̂v
i −Mv

i x
v
i − (1−Mv

i )x̃
v
i ∥

2
2 .

(5)
In other words, when Mv

i = 1, the multi-view reconstruc-
tion focuses on minimizing the reconstruction error of xv

i . If
Mv

i = 0, it minimizes the bias in reconstructing x̃v
i .

3.4 Noise-robust Graph Contrastive Learning
To mitigate the adverse effects caused by false negatives
in graph contrastive IMVC, we propose noise-robust graph
contrastive learning, which leverages a relational graph to
sharpen the target distribution, thereby endowing the robust-
ness of the noise-robust graph contrastive learning. Specifi-
cally, in the training stage, we first use the K-Nearest Neigh-
bors to construct a relational graph Gv

i = {zv
i1 , ..., z

v
iK} for

the learned embedding representations zv
i . In order to pre-

vent semantically similar positive pairs from being mistaken
for negative pairs, we propose the concept of semi-positive
pairs. To be specific, for each representation, we consider the
samples in the same relationship graph to be absolute positive
pairs, while outside the relational graph but have high similar-
ity to be semi-positive pairs. The samples with low similarity
outside the relational graph are regarded as negative pairs.

Inspired by [Zheng et al., 2021], we design a target dis-
tribution sharpening strategy to measure the similarity of
semi-positive pairs, which could prevent the introduction
of false negative pairs. The similarity distribution svki =

[svki0 , s
vk
i1 , . . . , s

vk
iN ] ∈ RN−1 between semi-positive samples

can be represented as:

svkim =
1i̸=m · exp (zv

ik · zv
mk/θ)∑N

j=1 1i̸=j · exp (zv
ik
· zv

jk
/θ)

, (6)

where zv
ik , zv

mk , and zv
jk represent the embedding represen-

tations in the relational graphs of zv
i , zv

m, and zv
j , respec-

tively. Note here that zv
i , zv

m, and zv
j are in the same mini-

batch. To maintain the dominant role of absolute positive
pairs in noise-robust graph contrastive learning, we set the
similarity of the absolute positive pairs to 1. Then, we joint
the similarity distribution svki and the similarity of the abso-
lute positive pairs to obtain the target similarity distribution
wvk

i = [wvk
i0 , w

vk
i1 , . . . , w

vk
iN ] ∈ RN , i,e.,

wvk
im = λ · 1i=m + (1− λ) · svkim, (7)

where 1i=m denotes the indicator function, i.e. 1i=m = 1
when i = m, otherwise 1i=m = 0. λ is the weighting factor
and is fixed as 0.5 in our paper.

To bring absolute positive pairs and semi-positive pairs
closer while separating negative pairs, we hope to minimize
the divergence between the predicted similarity distribution
pvk
i and the target similarity distribution wvk

i . Specifically,
we first construct the predicted similarity distribution pvk

i
by calculating the similarity between zv

i and the relationship
graph zv

mk within the same mini-batch. Thus, we can obtain
the predicted similarity distribution as follows:

pvkim =
exp (zv

i · zv
mk/σ)∑N

j=1 exp (z
v
i · zv

jk
/σ)

. (8)

The temperature parameter σ is used to adjust the predicted
similarity distribution pvk

i , where σ > θ makes the con-
structed predicted similarity distribution smoother. Clearly,
we can obtain pvk

i = [pvki0 , p
vk
i2 , . . . , p

vk
iN ] ∈ RN .

In general, we could assume that samples situated within
the same relational graph and those situated outside it with
high similarity should be pulled closer together. That is to
say, absolute positive pairs and semi-positive pairs should
be pulled closer together. Conversely, samples situated out-
side the same relational graph with low similarity should be
pushed apart. By treating samples with high similarity from
different relational graphs as semi-positive pairs, Lk

i can ef-
fectively use the repulsion effect of negative pairs. At the
same time, it avoids overly penalizing negative samples that
are semantically similar to positive samples, thereby enhanc-
ing the discriminative power of the embedding representa-
tions. Therefore, the loss function Lk

i could be calculated by
the cross-entropy between wk

i and pk
i , i.e.,

Lk
i = − 1

V

V∑
v=1

N∑
m=1

wvk
im log

(
pvkim

)
. (9)

Finally, the total noise-robust graph contrastive learning loss
can be described as follows:

LNGC =
1

NK

N∑
i=1

K∑
k=1

Lk
i . (10)
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3.5 Cross-view Graph-level Alignment
To fully exploit the inter-view complementarity information,
we propose cross-view graph-level distribution alignment.
Specifically, the cross-view predicted distribution cvhki =
[cvhki0 , cvhki1 , . . . , cvhkiN ] can be expressed as follows:

cvhkim =
exp (zv

i · zh
mk/σ)∑N

j=1 exp (z
v
i · zh

jk
/σ)

, (11)

where zh
mk and zh

jk represent the relationship graphs of zh
m

and zh
j , respectively.

According to Eq.7, the cross-view graph-level target dis-
tributions whk

i are obtained from different relational graphs.
The predictive distribution of the cross-view cνhki and the
target distribution of the cross-view graph whk

i are aligned
by cross-entropy to achieve the alignment of the cross-view
graph-level distribution. The loss function Lvk

i is as follows:

Lvk
i = − 1

V

V∑
h=1

N∑
m=1

1v ̸=h · whk
im log

(
cvhkim

)
. (12)

By extending Eq.12 from zνi to the entire dataset, the final
cross-view graph-level alignment loss can be written as:

LCGA =
1

NVK

N∑
i=1

V∑
v=1

K∑
k=1

Lvk
i . (13)

In summary, this cross-view graph-level alignment can ef-
fectively ensure the distribution of cνhki aligns with whk

i ,
thereby fully leveraging the complementary information be-
tween views.

3.6 Implementation
The overall training process of our proposed method mainly
contains two stages, i.e., warm-up and fine-tuning. The
warm-up stage is summarized in the supplementary material.
Afterward, we fine-tune the network during the second-stage
training using clustering loss. Specifically, to obtain cluster-
ing predictions, a parametric mapping is employed for each
zv
i , thereby resulting in the generation of soft clustering as-

signments, represented by the variable qvij . Here, µv
j denotes

the centroid of the j-th cluster in the v-th view, while qvij indi-
cating the probability of the embedding representation zv

i be-
ing assigned to the j-th cluster. Given that the embedding rep-
resentations of different views for a given sample exhibit sim-
ilarity following learning, a fusion representation, denoted by
z∗
i , is obtained by summing these embedding representations.

Where µ∗
j denotes the center of the fusion representation z∗

i
and q∗ij denotes the probability that the fusion representation
z∗
i is assigned to the j-th cluster. Then, the assignment prob-

ability with the highest probability value is selected as the
high-confidence assignment probability qij :

qvij =
(1 + ||zvi − µv

j ||2)−1∑C
c=1(1 + ||z∗i − µc||2)−1

,

q∗ij =
(1 + ||z∗i − µ∗

j ||2)−1∑C
c=1(1 + ||z∗i − µ∗

c ||2)−1
,

qij = max{q1ij , q2ij , · · · , qvij , q∗ij},

(14)

where µv
j and µ∗

j are initialized on zv
i and z∗

i by K-means
[Vassilvitskii and K-means+, 2006], respectively. Q = [q∗ij ]
is the distribution of high-confidence assignment probabili-
ties. P represents the high-confidence target distribution of
Q, which could be computed by the following formula:

pij =
q2ij/

∑N
i=1 qij∑C

c=1(q
2
ic/

∑N
i=1 qic)

. (15)

Finally, following [Xu et al., 2022], we fine-tune the network
by using a clustering loss based on KL divergence to obtain
the final clustering results. By adjusting Q to make it as close
as possible to P , high-confidence predictions are used to gen-
erate representations more suitable for clustering. In conclu-
sion, we obtained a more discriminative fused representation
z∗. The clustering loss can be expressed as follows:

LCLU = KL(P ||Q) =
N∑
i=1

C∑
j=1

pijlog
pij
qij

. (16)

4 Experiments
4.1 Datasets
In this section, we evaluate the performance of the proposed
method on the six multi-view datasets, including HandWrit-
ten [LeCun et al., 1989], COIL20 [Nene et al., 1996], BDGP
[Cai et al., 2012], LandUse-21 [Yang and Newsam, 2010],
ALOI-100 [Geusebroek et al., 2005], and AWA [Romera-
Paredes and Torr, 2015]. The details of all multi-view datasets
we illustrate in the supplementary material.

4.2 Baselines and Metrics
To evaluate the effectiveness of our RGCL, we compare it
with nine state-of-the-art IMVC methods, i.e., CDIMC-Net
[Wen et al., 2020], COMPLETE [Lin et al., 2021], SURE
[Yang et al., 2022], ProImp [Li et al., 2023a], DCP [Lin
et al., 2022], APADC [Xu et al., 2023], CPSPAN [Jin et al.,
2023], ICMVC [Chao et al., 2024], and IMVC-IE [Huang et
al., 2024]. In our experiments, we adopt three popular evalu-
ation metrics (i.e., ACC, NMI, and ARI) to comprehensively
assess the effectiveness of these methods.

4.3 Experimental Settings
In our experiments, we use full connected layers to construct
the view-specific autoencoders. To be specific, the view-
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Figure 4: The performance on two datasets with different missing
rates.
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HandWritten COIL20 ALOI-100 BDGP LandUse-21 AWA
Metrics ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI

0.1

CDIMC-Net(IJCAI’20) 74.30 70.80 59.17 80.48 88.57 77.45 35.37 59.76 12.49 65.40 49.60 34.18 22.61 31.87 10.75 50.35 63.85 36.66
COMPLETER(CVPR’21) 71.55 77.18 63.24 37.43 58.45 29.21 21.85 57.39 14.23 51.55 41.91 13.98 21.88 29.29 10.96 25.63 45.88 17.70
SURE(TPAMI’22) 73.85 62.22 53.43 61.04 76.45 52.23 33.71 71.34 21.70 58.00 35.97 27.65 24.52 28.48 10.93 34.22 52.61 26.93
ProImp(IJCAI’23) 82.45 80.21 72.95 72.08 80.15 65.29 62.80 78.05 50.17 96.62 90.79 92.03 24.81 28.33 11.84 38.98 51.98 28.07
DCP(PAMI’23) 72.70 76.51 56.98 53.54 72.18 42.22 23.18 58.60 13.27 48.06 45.51 18.71 25.11 31.29 12.03 27.18 47.00 17.79
APADC(TIP’23) 81.23 78.81 71.38 63.40 73.57 52.54 36.32 64.61 22.01 39.31 22.31 6.84 17.34 24.33 5.34 34.05 48.61 22.81
CPSPAN(CVPR’23) 87.15 79.59 74.47 66.74 78.30 59.84 54.85 74.80 41.41 90.44 77.78 77.08 21.05 30.25 10.65 47.29 60.23 37.37
ICMVC(AAAI’24) 84.18 82.97 76.87 78.39 87.04 75.50 61.05 78.56 48.13 90.42 84.51 83.15 26.32 30.07 13.51 45.08 61.82 35.53
IMVC-IE(ICASSP’24) 65.05 54.50 45.11 46.66 53.88 33.06 38.53 63.50 26.89 90.76 75.62 78.51 21.76 24.05 8.89 24.92 39.65 23.74
RGCL(Our) 92.30 85.71 83.88 84.51 90.83 82.63 71.41 82.24 59.38 97.40 91.37 93.64 28.24 34.31 13.80 59.92 68.87 49.82

0.3

CDIMC-Net(IJCAI’20) 64.40 64.13 43.72 76.13 84.91 70.10 28.57 55.57 12.45 73.92 67.60 62.62 21.57 32.14 9.60 47.42 59.30 33.44
COMPLETER(CVPR’21) 75.21 73.04 55.10 56.89 72.28 44.88 22.14 56.66 11.37 49.46 44.33 17.47 22.09 29.18 10.50 23.72 42.86 15.47
SURE(TPAMI’22) 80.35 67.88 63.05 50.69 73.36 49.20 29.82 67.75 19.86 62.52 56.16 44.84 26.19 29.85 12.10 27.28 24.28 21.21
ProImp(IJCAI’23) 81.60 79.31 71.19 72.36 79.12 59.20 60.53 76.73 48.67 82.84 71.61 67.19 24.86 28.38 11.84 37.66 50.83 25.34
DCP(PAMI’23) 77.59 79.07 63.75 58.96 72.92 47.38 22.76 57.79 11.48 46.26 41.17 14.45 24.32 30.45 12.11 24.65 44.03 16.19
APADC(TIP’23) 31.91 47.61 17.34 16.80 21.52 4.87 43.09 33.41 11.02 33.10 62.67 23.36 16.80 21.54 4.87 31.91 47.61 17.34
CPSPAN(CVPR’23) 86.70 78.43 73.47 66.88 78.31 58.70 48.69 69.81 34.01 91.96 78.31 80.70 24.67 31.30 11.73 49.92 60.99 38.91
ICMVC(AAAI’24) 81.95 79.36 72.25 77.71 86.15 74.66 61.98 78.40 47.30 80.67 72.97 69.48 26.14 29.11 12.24 48.20 62.56 38.28
IMVC-IE(ICASSP’24) 46.98 46.98 40.36 33.40 37.51 14.26 38.06 61.83 25.76 79.52 53.30 55.88 19.76 19.20 6.45 24.85 39.88 22.09
RGCL(Our) 90.95 79.41 75.38 83.47 89.66 81.03 69.23 81.02 56.93 93.52 81.55 84.58 28.10 34.73 14.77 57.66 64.03 45.04

0.5

CDIMC-Net(IJCAI’20) 50.90 52.17 33.39 57.86 71.80 46.28 24.17 52.43 8.85 56.16 33.25 24.44 20.61 30.69 9.56 41.44 55.29 27.75
COMPLETER(CVPR’21) 66.60 68.59 42.95 58.64 74.75 49.31 18.69 52.89 10.43 48.17 38.97 15.01 20.97 25.44 9.48 23.85 43.68 15.03
SURE(TPAMI’22) 80.10 69.03 63.69 44.17 69.15 43.62 28.94 67.29 20.04 56.24 33.25 25.86 24.00 27.50 10.64 28.91 42.11 19.57
ProImp(IJCAI’23) 75.00 74.61 66.06 67.57 78.42 60.50 57.00 74.18 44.49 90.12 75.66 77.14 22.67 26.76 10.18 36.36 47.62 22.71
DCP(PAMI’23) 71.43 75.40 57.12 58.68 73.57 50.06 21.50 56.38 8.96 47.64 39.97 13.96 23.25 28.81 9.48 24.14 43.15 14.60
APADC(TIP’23) 70.35 68.96 57.00 51.85 65.67 41.30 30.53 60.96 21.92 35.26 23.51 4.28 17.39 22.31 5.61 34.54 47.55 19.26
CPSPAN(CVPR’23) 79.95 73.94 65.99 74.79 81.86 66.72 51.48 69.62 37.90 76.48 61.55 55.73 24.57 31.13 9.73 52.81 63.42 42.47
ICMVC(AAAI’24) 74.92 71.84 63.13 77.17 85.17 73.71 60.27 76.82 44.88 79.40 67.52 64.96 25.14 26.94 11.46 47.93 60.21 36.11
IMVC-IE(ICASSP’24) 58.25 43.41 35.26 28.81 32.54 11.51 34.39 60.55 23.30 71.44 40.46 42.07 16.80 14.28 4.20 21.58 36.33 21.41
RGCL(Our) 86.50 79.10 74.46 82.77 88.54 79.88 70.23 80.10 56.91 91.52 76.74 80.14 27.76 33.63 13.94 53.99 60.60 40.50

0.7

CDIMC-Net(IJCAI’20) 49.35 53.15 28.98 55.20 72.47 44.51 25.92 55.28 10.54 36.24 18.31 8.56 20.23 25.35 7.90 37.00 51.33 24.07
COMPLETER(CVPR’21) 78.77 73.82 62.44 59.11 73.37 50.72 19.31 53.18 7.68 42.49 38.41 14.57 20.65 25.43 7.96 22.53 40.63 14.68
SURE(TPAMI’22) 79.15 67.13 61.99 44.93 63.82 40.32 36.19 64.92 15.60 53.72 38.66 29.86 23.38 27.29 9.72 30.55 46.10 20.18
ProImp(IJCAI’23) 78.40 74.01 67.16 70.89 78.25 62.26 55.84 73.98 44.02 65.44 54.36 44.54 23.29 26.00 9.79 34.75 47.34 23.15
DCP(PAMI’23) 66.31 68.17 43.10 56.96 72.33 35.75 20.88 54.47 8.10 39.82 30.95 7.19 19.74 26.88 4.99 23.24 41.02 14.55
APADC(TIP’23) 53.50 63.69 45.84 43.43 59.11 32.07 26.59 56.60 16.89 37.64 24.36 5.32 15.92 20.42 4.45 32.74 44.57 17.85
CPSPAN(CVPR’23) 77.55 70.58 63.89 67.15 78.78 59.69 45.91 66.50 31.16 74.56 54.68 49.97 25.85 32.08 11.37 41.16 54.61 30.01
ICMVC(AAAI’24) 72.38 69.77 59.52 77.01 84.41 73.13 50.50 71.12 38.75 75.18 58.98 55.75 21.64 25.63 8.20 42.25 55.78 31.75
IMVC-IE(ICASSP’24) 67.65 53.98 45.87 27.70 26.32 10.01 34.32 60.08 22.80 73.04 46.35 46.60 19.38 19.00 6.17 19.88 29.88 18.31
RGCL(Our) 83.15 74.23 68.50 77.50 85.12 73.29 66.24 77.31 52.27 83.52 62.04 63.80 26.29 31.83 12.00 50.21 56.68 34.52

Table 1: Performance comparison across six datasets with four distinct missing rates. The best results are highlighted in black.

specific encoder and decoder layers are configured with di-
mensions of (0.8dv , 0.8dv , 1500, C) and (C, 1500, 0.8dv ,
0.8dv , dv), respectively. Note here, dv and C represent the
feature dimension from each view and the number of clus-
tering categories, respectively. We set the temperature pa-
rameters to σ = 0.1 and θ = 0.05. To evaluate the perfor-
mance for incomplete multi-view data, we randomly set the
instances with a certain ratio (i.e., [0.1, 0.3, 0.5, 0.7]) as the
missing pairs. For all experiments, we employ a Linux plat-
form equipped with an NVIDIA RTX 4090 GPU and 32GB
of memory, using PyTorch version 2.3.0.

4.4 Experimental Analysis
The experimental results on the six datasets are shown in
Tab.1. To visually illustrate the performance trends exhib-
ited by each method as the missing rate varies, we plot the
Fig.4. By analyzing the data in the above tables and figures,
the following conclusions can be drawn:

• In six datasets, our RGCL method outperforms nine

Dataset HandWritten COIL20 BDGP LandUse-21 ALOI-100 AWA
MR 0.3 0.7 0.3 0.7 0.3 0.7 0.3 0.7 0.3 0.7 0.3 0.7
RGCL-1 83.25 79.00 78.06 69.37 80.48 63.60 21.81 22.95 38.21 38.22 49.70 42.73
RGCL-2 90.50 82.95 81.94 72.29 84.48 80.44 27.71 25.67 62.01 61.54 56.12 47.89
RGCL-3 89.30 82.85 79.37 74.24 88.84 69.40 27.29 24.24 48.40 50.93 54.60 46.93
RGCL-4 90.95 83.15 83.47 77.50 93.52 83.52 28.10 26.29 69.23 66.24 57.66 50.21

Table 2: Ablation studies on six datasets with different missing rates,
where MR indicates the missing rates.

other IMVC methods in most cases, demonstrating
higher overall metrics. Specifically, on the ALOI-100
dataset with a 0.7 missing rate, RGCL achieves signifi-
cant performance gains over the best baseline, ProImp.
It improves ACC by 10.4%, NMI by 3.33%, and ARI
by 8.25%.In contrast, the performance of other meth-
ods tends to decline significantly. This indicates that
the RGCL is more accurate in representing incomplete
multi-view data and identifying cluster relationships.

• Compared to several baselines based on contrastive
learning, RGCL shows superior performance in clus-
tering for all missing rates. On the BDGP dataset
with a 0.1 missing rate, RGCL achieves a 45.85% im-
provement in ACC over COMPLETER and a 6.64%
improvement over IMVC-IE. Moreover, as the missing
rate increases in the incomplete multi-view dataset, the
performance improvement of all evaluation metrics be-
comes more obvious. The results show that the proposed
noise-robust graph contrastive learning effectively alle-
viates the impact of false negative pairs. Additionally,
the cross-view graph-level alignment fully leverages the
complementary information between views.

• On all datasets, RGCL shows lower variability in ACC,
NMI, and ARI values as the missing rate increases, re-
flecting the stability of the model. In comparison to
methods such as DCP and CPSPAN, RGCL demon-
strates smoother values, indicating its broad applicabil-
ity across various multi-view datasets and resilience to
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Figure 5: Parameter sensitivity analyses on the two datasets with 0.3 missing rate.
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Figure 6: Visualization results on HandWritten with 0.5 missing rate.

data fluctuations.

4.5 Ablation Study
To investigate the importance of each component in RGCL,
we conduct an ablation study by isolating LREC, LCLU, LNGC,
and LCGA to verify their significance. As shown in Tab.2,
four sets of experiments were conducted with different miss-
ing rates on six datasets. Here, RGCL-1 represents the use
of components LREC and LCLU, RGCL-2 represents the use
of components LREC, LCLU, and LNGC, RGCL-3 represents
the use of components LREC, LCLU, and LCGA, and RGCL-4
represents the use of all components. The results from these
experiments indicate that LREC and LCLU plays a critical role
in the autoencoder. Nevertheless, adding either LNGC or LCGA
further improves performance, suggesting that both LNGC and
LCGA support learning cluster-friendly representations. Opti-
mal performance is achieved when all three losses are uti-
lized. It is proved that LNGC mitigates the adverse effects
of false negatives, thereby preventing semantic information
loss. Meanwhile, LCGA maximizes the utilization of comple-
mentary information across views.

4.6 Parameter Sensitivity Analysis
In this section, we first analyze the effect of the two hyperpa-
rameters (i.e., α and β) in our loss on the whole model, we
conduct parameter sensitivity analysis on the COIL-20 and
BDGP datasets. Specifically, we set the missing rate to 0.5
and vary the parameter range from 0.001 to 0.05. As shown
in Fig.5(a)-(b), excessively large or small parameter values
adversely affect clustering performance.

Further, we analyze the effect of parameter λ on solving the
false negative problem. In Fig.5(c)-(d), the ACC results of the
parameter λ from 0.1 to 1 process are presented. The over-

all trend of ACC shows a gradual increase at first, followed
by a subsequent decrease. The parameter λ can balance the
relationship between positive sample pairs and semi-positive
sample pairs. It shows that noise-robust graph contrastive
learning can effectively mine the information beneficial to
clustering in false negative samples, thereby alleviating the
false negative problem. Thus, based on the analysis of the
experimental results, we obtain the optimal value of λ,α and
β, i.e. λ = 0.5, α=0.005 or 0.01, and β=0.005 or 0.01.

4.7 Visualization
To illustrate the clustering advantage of RGCL, we compare
it with three state-of-the-art methods (APADC, ICMVC, and
CPSPAN) on the HandWritten dataset with 0.5 missing rate.
As shown in Fig.6, ICMVC shows large intra-cluster and
small inter-cluster dispersion, while RGCL achieves more
compact intra-cluster and more dispersed inter-cluster distri-
butions, highlighting its superior clustering capability.

5 Conclusion
In this paper, we reveal and study a practical graph noisy cor-
respondence (GNC) in the field of graph contrastive IMVC.
To be specific, graph contrastive learning could lead to false
negative pairs caused by the inherent one-to-many graph con-
trastive characteristic. To overcome this problem, we propose
a novel robust graph contrastive learning framework (RGCL)
for IMVC. Specifically, RGCL first completes the missing
data through the multi-view consistency transition relation-
ship graph. Afterward, we propose noise-robust graph con-
trastive learning to reduce the effect of false negative pairs.
Finally, we design a cross-view graph alignment to exploit
view complementarity. Extensive experiments confirm the
superiority of RGCL over existing IMVC methods.
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