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Abstract
Multiview clustering (MVC) segregates data sam-
ples into meaningful clusters by synthesizing in-
formation across multiple views. Moreover, deep
learning-based methods have demonstrated their
strong feature learning capabilities in MVC sce-
narios. However, effectively generalizing feature
representations while maintaining consistency is
still an intractable problem. In addition, most
existing deep clustering methods based on con-
trastive learning overlook the consistency of the
clustering representations during the clustering pro-
cess. In this paper, we show how the above
problems can be overcome and propose a con-
sistent enhancement-based deep MVC method via
contrastive learning (CCEC). Specifically, seman-
tic connection blocks are incorporated into a fea-
ture representation to preserve the consistent in-
formation among multiple views. Furthermore,
the representation process for clustering is en-
hanced through spectral clustering, and the con-
sistency across multiple views is improved. Ex-
periments conducted on five datasets demonstrate
the effectiveness and superiority of our method in
comparison with the state-of-the-art (SOTA) meth-
ods. The code for this method can be accessed at
https://anonymous.4open.science/r/CCEC-E84E/.

1 Introduction
With the diversity and increasing complexity of data sources,
multiview clustering (MVC) has recently emerged as a key
research area. Multiview data are characterized by distinct
feature representations that capture different facets or modal-
ities of a single entity [Chen et al., 2022b]. The primary ob-
jective of MVC is to effectively segregate data samples into
meaningful clusters. The potency of MVC is derived from
its ability to leverage consistency information derived from
various perspectives, which leads to enhanced clustering pre-
cision and resilience [Xu et al., 2022]. MVC has attracted
increasing attention for use in many machine learning tasks,
including feature selection [Xu et al., 2023], scene recogni-
tion [Tang et al., 2023], and information retrieval [Han et al.,
2023; Chen et al., 2022a].
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Figure 1: Feature representations lacking consistency reduce the ac-
curacy of subsequent clustering representations.

In MVC, multiple feature representations are contained un-
der multiple views for a sample. These feature representa-
tions are in different latent spaces, but they still have a cer-
tain level of consistency. As shown in Figure 1, we present
the feature representations of three types of samples acquired
from different views. If we directly cluster these feature rep-
resentations, the clustering results will lose the consistency
information contained in the original features, resulting in
poor performance. However, if the consistency of the same
sample across different views can be mined and this consis-
tency is used to learn the sample representations for cluster-
ing, the ideal clustering effect will be attained.

In recent years, numerous MVC approaches have been pro-
posed, including subspace-based methods [Tao et al., 2023],
matrix decomposition methods [Zhao et al., 2021; Hu and
Chen, 2019], graph-based methods [Li et al., 2023], and mul-
tiple kernel-based methods [Liu et al., 2021; Liu et al., 2019].
However, these approaches possess poor representation capa-
bilities and high computational complexity. Numerous deep
learning-based methods have been proposed to alleviate the
above problems. MFLVC [Xu et al., 2022] learns different
levels of features via a contrastive strategy. GCFagg [Yan
et al., 2023] integrates global and cross-view feature aggre-
gation with structure-guided contrastive learning. DealMVC
[Yang et al., 2023] integrates a dual-contrastive calibration
mechanism to align features acquired from global and local
views. DMCE [Zhao et al., 2023] integrates ensemble clus-
tering to fuse similarity graphs derived from different views
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with a graph autoencoder. CVCL [Chen et al., 2023b] aligns
cluster centers across views to foster view-invariant represen-
tations.

These methods have shown that maintaining consistency
among views is crucial in multiview learning scenarios. How-
ever, the existing methods [Yan et al., 2023; Yang et al., 2023;
Zhao et al., 2023] exhibit deficiencies in terms of extracting
feature representations imbued with consistency information.
Inconsistent feature representations reduce the accuracy of
the subsequent clustering representations. Moreover, the pre-
vailing contrastive learning approaches [Chen et al., 2023b;
Tang and Liu, 2022a; Lin et al., 2022] for MVC overlook the
consistency of the clustering representations during the clus-
tering process.

To address these challenges, we propose a consistent
enhancement-based deep MVC method via contrastive learn-
ing (CCEC), which aims at resolving the issues of consistency
within MVC. We design a consistency preservation module to
obtain the original multiview-consistent data representation
and mine the consistency information of multiple views by in-
troducing semantic connection blocks. In contrast with most
existing contrastive learning methods, the proposed approach
introduces spectral clustering to capture consistent seman-
tic label information from multiple views. CCEC aligns the
clustering representations between multiple views by cross-
comparing the clustering labels generated by spectral cluster-
ing and a multilayer perceptron (MLP). Based on these view-
invariant representations, the contrastive loss of the proposed
CCEC method encourages the cluster assignments produced
for positive pairs to be similar and pushes the cluster assign-
ments provided for negative pairs apart.

Our major contributions are summarized as follows.

• We introduce an end-to-end deep MVC method termed
CCEC, which enhances the consistency of MVC.

• CCEC provides a consistency-preserving discrepancy
autoencoder structure that preserves the original data
features of multiple views by introducing semantic con-
nection blocks.

• CCEC designs a new cross-view contrastive clustering
module to reinforce the interview consistency informa-
tion within the framework.

• The proposed CCEC algorithm achieves a significant
improvement in performance over that of state-of-the-art
(SOTA) MVC methods on five datasets.

2 Related Work
In this section, we briefly review three topics related to this
work, i.e., MVC, contrastive learning, and spectral clustering.

2.1 Multiview Clustering (MVC)
The existing MVC methods can be divided into five cat-
egories: subspace learning-based approaches [Chen et al.,
2023c], nonnegative matrix factorization-based approaches
[Chen et al., 2023d], graph-based approaches [Pan and Kang,
2021; Lin and Kang, 2021], multiple kernel learning-based
approaches [Wang et al., 2021], and deep learning-based ap-
proaches [Tang and Liu, 2022a; Lin et al., 2022].

Although the traditional MVC methods are effective, they
often capture shallow data representations, which limits their
ability to discriminate among the derived data representa-
tions. To address this problem, recent developments have
shifted toward deep MVC methods. These methods utilize
deep neural networks to extract more detailed and hierarchi-
cal feature representations, effectively revealing the potential
clustering patterns contained in multiview data. DSIMVC
[Tang and Liu, 2022a] dynamically imputes missing views
and selectively uses the imputed samples for training to en-
sure semantic consistency. DSMVC [Tang and Liu, 2022b]
identifies and focuses on the most relevant features derived
from each view to effectively balance the extraction of useful
information from an increased number of views. DCP [Lin et
al., 2022] uses within-view reconstruction, dual cross-view
contrastive learning, and cross-view dual prediction to ad-
dress the challenges of consistency learning in multiview set-
tings. Unlike these existing methods, the goal of this work is
to present a new framework that can reduce the loss of consis-
tency information incurred during clustering and ensure im-
proved clustering performance.

2.2 Contrastive Learning
Contrastive learning, as a crucial paradigm in unsupervised
learning, has substantially advanced the field of represen-
tation learning [Hadsell et al., 2006; Tian et al., 2020;
Tsai et al., 2020; Trosten et al., 2021]. This approach is fun-
damentally based on the creation of a latent space in which
the similarity between positive pairs is maximized, while
that between negative pairs is minimized [Lin et al., 2022;
Chen et al., 2023d]. A key element of this approach is the In-
foNCE loss, a variant of noise-contrastive estimation (NCE),
which serves as a lower mutual information bound [Misra and
Maaten, 2020]. This concept has been effectively integrated
into models such as MoCo [He et al., 2020] and CPC [Oord
et al., 2018], focusing on maximizing the mutual information
between different views of a sample.

Within the sphere of MVC, contrastive learning adeptly ad-
dresses the challenge of ensuring representational coherence
across heterogeneous views [Chen et al., 2023b]. While con-
ventional methods predominantly rely on data augmentation
to generate these variegated views, our approach diverges by
adopting a novel pseudolabeling strategy.

2.3 Spectral Clustering
Spectral clustering is rooted in graph theory and uses graph
representations of data to construct a clustering structure.
This approach reveals the inherent clustering representation
by refining the feature vectors of the input graph [Huang et
al., 2019; Chen et al., 2023c]. Different views in MVC may
produce unique graphical layouts, leading to consistency is-
sues. Spectral clustering can unify these different graphs, pro-
viding a method for solving this consistency problem and im-
proving the obtained clustering results. CSRF [Chen et al.,
2023a] improves upon the traditional spectral clustering ap-
proach by learning a fused affinity matrix at the spectral em-
bedding feature level, expanding the applicability of spectral
clustering in the MVC domain.
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Figure 2: The framework of CCEC. Our module includes consistency-preserving autoencoder and cross-contrastive consistency learning
modules. The former learns a consensus representation via semantic connection blocks, which fully explore the consistent information
among multiple views. The latter integrates the pseudolabels generated by neural networks and spectral clustering into the contrastive
learning process to capture potential consistency information.

3 METHODOLOGY
3.1 Motivation
In multiview learning, achieving feature consistency across
disparate views is crucial. A traditional autoencoder predom-
inantly focuses on representing a single view and might not
effectively encapsulate the consistent features between views.
Inspired by the architecture of ResNet [He et al., 2016], we
incorporate semantic connection blocks into the multiview
feature extraction process to achieve feature consistency. The
consistency information can be represented in a two-layer
MLP-based feature extraction module as follows:

C =
n∑

i=1

f(f(xi, (w1i, w
′

1i)), w2i)−
n∑

i=1

f(f(xi, w1i), w2i)

(1)
where: C is the consistency information, xi is the input for
the i-th view, f represents the transformation function, w1i,
w2i and w

′

1i are weight matrices.
We design a new contrastive learning method to enhance

the consistency among multiple views. The cluster pseudola-
bels obtained through the spectral clustering method and the
cluster pseudolabels generated by a neural network are used
as positive pairs for contrastive learning. The mechanism for
ensuring semantic alignment among the features in different
views by minimizing the clustering distribution differences
between different views of the same sample emphasizes the
essence of our solution.

In pursuit of directly extracting semantic labels for end-
to-end clustering from raw instances across multiple views,
we present the CCEC framework. As depicted in Figure

2, the CCEC architecture is bifurcated into two primary
modules: consistency-preserving autoencoder and cross-
contrastive consistency learning modules. The task of the
autoencoder, which preserves consistency, is to extract fea-
tures with consistent information. The cross-contrastive con-
sistency learning module refines the clustering outcome by
juxtaposing cluster assignments, ensuring coherence and ro-
bustness.

3.2 Consistency Retention
A standard residual connection [He et al., 2016] can be ex-
pressed as follows:

y = F (x, {W1}) +W2x) (2)

where: x is the input, y is the output, F represents the trans-
formation function, W1 and W2 are weight matrices. This
equation signifies that the transformed input F (x,W1) and
the original input x both contribute to the output. In a multi-
view scenario, ensuring that the main attributes of x remain in
the output can help with retaining consistent features across
views.

By using semantic connection blocks, we can mathemati-
cally represent the focus of the model on consistent features
as follows:

C = α · F (x,W1) + (1− α) · x, (3)

where C is the consistent feature vector and α is a weighting
factor that determines the balance between the transformed
features and the original input.

Leveraging the concept of residual connections, we design
a novel encoder architecture. This design consists of multiple



stacked semantic connection blocks, which are represented as
follows:

Ei(x) = F (Ei−1(x),W
1
i ) +W 2

i Ei−1(x), (4)

where Ei is the output derived from the i-th semantic connec-
tion block and Ei−1 is the output obtained from the previous
semantic connection blocks (or the input for i=1). Each block
retains the raw input data, ensuring that even as the data un-
dergo transformations, the consistent features are accentuated
and preserved.

3.3 Consistency Enhancement
Given a set of feature representations Z = {zm1 , zm2 , ..., zmi }
(where zmi = Em(xm

i )) from multiple views, where m repre-
sents the m-th view, we stack an MLP and the softmax func-
tion on Z to obtain a clustering distribution matrix H . A sim-
ilarity matrix S is then derived by taking the product of H
with its transpose: S = HHT . The resulting matrix S serves
as a pivotal representation, capturing the intrinsic similarities
among different cluster distributions. Then, we perform spec-
tral clustering on S to obtain a clustering distribution matrix
Q such that Q = f(S) , where f denotes the spectral cluster-
ing function.

To reinforce the consistency across various views, we har-
ness the power of contrastive learning for the clustering dis-
tributions. For two given distributions C1 and C2, which are
derived from different views, our objective function is defined
as follows:

L =

n∑
i=1

n∑
j=1

d(C1(i, j), C2(i, j)), (5)

where d represents a distance metric, which ensures that the
differences between various clustering distributions are min-
imized. This mechanism ensures the semantic alignment of
the features across distinct views, underpinning the essence
of our approach.

3.4 Pretraining Phase with Consistency Feature
Extraction

We first construct a pretraining network for optimizing the pa-
rameter initialization process. This network combines paired
encoder-decoder modules, each of which is fine-tuned for dis-
tinct views from a given set. For every view v within V , a
specific data sample xv

i undergoes a transformation through
the encoder to manifest as an embedded feature representa-
tion denoted by zvi . Mathematically, this transformation is
defined as follows:

zvi = fv
e (x

v
i ;W

v
e ), (6)

where fv
e and W v

e symbolize the encoder function and the
associated weight parameters for view v, respectively.

This embedding representation zvi aims to reconstruct the
original data samples through the decoder module. The out-
come of this decoding process is represented as x̃v

i , which is
described by the following equation:

x̃v
i = fv

d (z
v
i ;W

v
d ), (7)

where fv
d stands for the decoder function and W v

d pertains to
the decoder weights, both of which are tailored for view v.

As we continue through the pretraining phase, our overar-
ching goal centers around minimizing the reconstruction loss
spanning all views, which is captured succinctly by the loss
function shown below:

Lpre =

M∑
v=1

N∑
i=1

||xv
i − x̃v

i ||2. (8)

3.5 Fine-Tuning the Contrastive Learning Process
for Cross-View Consistency

Given a set of features {Zm}Mm=1 obtained by Eq. (6), we no-
tice that these features represent weakly consistent multiview
feature representations. We denote them as weak consistency
representations. To enhance these representations, our goal is
to derive strong consistency clustering labels, which we term
strong consistency representations. To achieve this goal, a
three-layer linear MLP, represented as F ({Zm}Mm=1;WH),is
applied over {Zm}Mm=1. This results in a set of cluster repre-
sentations {Hm}Mm=1. Spectral clustering is then employed
to reconstruct these labels, resulting in additional cluster rep-
resentations denoted as {Qm}Mm=1.

In the weak consistency space, the reconstruction objective
given by Eq. (6) ensures that the representational capacity
of {Zm}Mm=1 is retained, thus mitigating the model collapse
problem. In the strong consistency space, contrastive learn-
ing is employed to ensure that Hm and Qm converge toward
learning universal semantics across all views.

Both types of cluster representations hm and qm consist of
(2MN − 1) label pairs. Among these, (M − 1) are positive
feature pairs, while the remaining (M(2N − 1)) are negative
feature pairs. Following the SwAV [Caron et al., 2020] con-
trastive learning approach, we prioritize maximizing the sim-
ilarity between the positive pairs and disregard the negative
pairs. Taking inspiration from NT-Xent [Chen et al., 2020],
we use the cosine distance to measure the similarity between
two features:

d(hm
i ,qm

j ) =

〈
hm
i ,qn

j

〉
∥hm

i ∥
∥∥qn

j

∥∥ , (9)

where ⟨·, ·⟩ signifies the dot product operation.
Subsequently, the feature-contrastive loss between Hm

and Qn is expressed as:

ℓ(mn)
ec = − 1

N

N∑
i=1

d(hm
i ,qn

i )

τL
, (10)

where τL represents the temperature parameter.
We further define an accumulated multiview feature-

contrastive loss spanning all views as follows:

Lenh =
1

2M

M∑
m=1

∑
n ̸=m

ℓ(mn)
ec . (11)

However, in practical scenarios, some views may still
have inconsistent clustering labels due to the influence of
view-specific information. To ensure robustness, we aim to



achieve clustering consistency, where identical clustering la-
bels across all views should represent the same semantic clus-
ters. In other words, {Hm

j }Mm=1(Hm
j ∈ RN ) should remain

consistent.
To achieve this consistency objective, we employ con-

trastive learning. For the m-th view, similar cluster labels Hm
j

form (MK − 1) label pairs, i.e., {Hm
j ,Hn

k}
n=1,...M
k=1,...,K , where

the {Hm
j ,Hn

j }n̸=m
are constructed as (M −1) positive label

pairs and the remaining M(K − 1) label pairs are considered
negative label pairs. We further define the label-contrastive
loss between Hm and Hn as follows:

ℓ
(mn)
fc = − 1

K

K∑
j=1

log
ed(H

m
j ,Hn

j )/τS

K∑
k=1

n∑
v=m

ed(H
m
j ,Hv

k )/τS − e1/τL
,

(12)
where τS represents the temperature parameter.

Thus, the clustering consistency objective is defined as fol-
lows:

Lfine =
1

2

M∑
m=1

∑
n ̸=m

ℓ
(mn)
fc +

M∑
m=1

K∑
j=1

smj log smj , (13)

where smj = 1
N

∑N
i=1 h

m
ij

[Van Gansbeke et al., 2020]. The
first part of Eq. (13) aims to learn the clustering consistency
across all views, while the second part serves as a regulariza-
tion term, which is typically used to prevent all samples from
being assigned to a single cluster.

The overall loss of the proposed method consists of three
main components: the reconstruction loss of the pretrained
network, the cross-contrastive consistency loss, and the con-
sistency comparison fine-tuning loss:

L = Lpre + Lenh + Lfine. (14)

4 Experiment
In this section, we conduct experiments on real-world
datasets and report the results obtained by our model as well
as some SOTA baselines to demonstrate the effectiveness of
our model. This study aims to evaluate the performance and
capabilities of our model with a focus on four key areas.

• Performance: The performance of our model is com-
pared with that of the SOTA methods.

• Feature Extraction: The ability of our cross-contextual
embedding consistency approach to extract consistent
semantic features is assessed.

• Consistency Enhancement: We evaluating the effec-
tiveness of the consistency enhancement module in our
model.

• Hyperparameter Sensitivity: The effectiveness of our
model under various hyperparameter settings is tested.

4.1 Experimental Setup
Datasets
To ascertain the efficacy of our proposed CCEC method, we
carry out comprehensive experiments across five datasets: the

Table 1: Descriptions of the employed multiview datasets.

Datasets Samples Views Clusters

MNIST-USPS 5000 2 10
Handwritten 2000 6 10
MSRC-v1 210 5 7
Scene 2688 4 8
Caltech-2V 1400 2 7
Caltech-3V 1400 3 7
Caltech-4V 1400 4 7
Caltech-5V 1400 5 7

MNIST-USPS [Peng et al., 2019], MSRC-v1 [Winn and Jo-
jic, 2005], Handwritten Digit [Asuncion and Newman, 2007],
Outdoor Scene (O-Scene) [Oliva and Torralba, 2001], and
Caltech Multiview Image datasets [Fei-Fei et al., 2004]. The
specifics and statistical details of each dataset are comprehen-
sively summarized in Table 1.

Baselines
We select representative methods to conduct an overall com-
parison, namely, DSIMVC [Tang and Liu, 2022a], DCP [Lin
et al., 2022], DSMVC [Tang and Liu, 2022b], MFLVC [Xu
et al., 2022], CVCL [Chen et al., 2023b], DealMVC [Yang et
al., 2023], GCFaggMVC [Yan et al., 2023] and DMCE [Zhao
et al., 2023]. For DCP, the best clustering result is reported
from the combinations of different pair of individual views in
each dataset.

Evaluation Metrics
The clustering effectiveness of each model is evaluated by
four metrics, i.e., the clustering accuracy (ACC), normal-
ized mutual information (NMI), automated readability index
(ARI) and purity (PUR). The ACC measures the proportion
of correctly labeled data points, while the NMI assesses the
mutual agreement between the clustering results and the true
labels (adjusted for the cluster size). The ARI offers a strin-
gent clustering evaluation measure by considering the correct
pairings of data points, and PUR measures the dominance of
a single class within each cluster. For these metrics, larger
values indicate better clustering performance.

4.2 Overall Performance Evaluation
The clustering outcomes generated by all the competing
methodologies across the four multiview datasets are doc-
umented in Table 2, and the clustering results obtained
on the Caltech datasets are presented in Table 3. The
best and second-best values among the clustering results
are emphasized in bold and underlined text, respectively.
The methods that prioritize interview consistency, including
CCEC, CVCL, and DSMVC, typically achieve substantial
enhancements over the competing approaches on large-scale
datasets, such as MNIST-USPS, Handwritten, and Scene.
Furthermore, the CCEC method significantly outperforms
the other contrastive learning-based approaches, including
CVCL, DSMVC, DCP, DSIMVC, and MFLVC, across all the
evaluated datasets. This result corroborates the importance of
the consistency amplification strategy employed by CCEC.



Table 2: Results obtained on the MNIST-USPS, Scene, Handwritten, and MSRC-v1 datasets.

MNIST-USPS MSRC-v1 Scene Handwritten

Method ACC NMI ARI PUR ACC NMI ARI PUR ACC NMI ARI PUR ACC NMI ARI PUR

DealMVC 98.24 98.55 98.16 98.24 82.00 74.54 68.68 82.00 69.57 59.44 48.78 69.57 89.20 87.54 78.65 89.20
DSIMVC 99.17 98.13 98.42 99.17 79.05 69.00 66.17 79.05 70.15 62.51 60.06 70.15 87.20 80.39 76.51 87.20
DCP 99.02 97.29 99.25 99.02 78.57 74.84 80.04 79.43 76.15 63.19 52.49 76.15 85.75 85.05 88.64 85.75
GCFAgg 99.56 98.71 99.00 99.56 92.54 91.66 90.98 92.54 67.07 60.97 48.68 67.36 93.19 89.05 88.06 93.19
DMCE 99.04 89.94 86.71 99.04 90.47 81.99 79.19 90.47 73.33 65.13 61.46 73.33 90.00 81.63 78.60 90.00
DSMVC 99.34 99.07 99.00 99.34 90.42 86.72 85.63 90.42 75.45 61.26 57.19 75.45 96.85 94.07 94.29 96.80
MFLVC 99.66 99.01 99.25 99.66 94.29 89.17 87.43 94.29 64.57 54.58 43.16 64.57 83.55 82.62 74.42 84.65
CVCL 99.70 99.13 99.07 99.70 97.62 94.98 92.57 97.62 77.83 63.35 57.19 77.83 97.35 94.05 94.55 97.35
CCEC 99.86 99.59 99.69 99.86 98.57 96.77 96.63 98.57 79.76 65.79 59.99 79.76 97.95 95.20 95.49 97.95

Table 3: Results obtained on Caltech.

Caltech-2V Caltech-3V Caltech-4V Caltech-5V

Method ACC NMI ARI PUR ACC NMI ARI PUR ACC NMI ARI PUR ACC NMI ARI PUR

DealMVC 60.00 52.96 40.42 61.14 68.57 60.28 51.00 68.57 76.64 76.28 67.82 76.64 88.71 80.95 82.34 88.71
DSIMVC 59.30 54.00 59.77 59.30 65.39 61.73 55.40 65.39 73.50 70.20 69.18 73.50 75.76 76.21 72.55 75.76
DCP 59.36 56.92 43.94 59.36 67.71 70.57 59.11 67.25 75.73 70.61 74.88 75.73 85.86 84.75 79.57 85.86
GCFAgg 66.43 50.08 55.60 66.43 64.00 53.45 46.11 65.29 73.43 66.10 60.50 73.43 83.36 73.31 69.75 83.36
DSMVC 61.00 50.01 42.36 61.00 74.93 64.83 59.05 74.93 83.79 81.81 77.25 84.43 92.57 83.37 84.16 92.57
DMCE 60.57 64.60 52.89 64.92 69.64 63.99 54.65 73.14 74.21 69.10 61.71 77.57 85.14 77.52 70.08 87.71
MFLVC 62.00 54.30 43.50 62.00 66.79 58.42 49.64 68.36 78.43 71.06 64.42 78.43 86.21 77.01 72.65 86.21
CVCL 63.79 51.78 44.06 64.57 77.93 70.92 65.19 78.14 82.50 71.85 66.10 82.50 90.67 86.82 76.04 90.67
CCEC 76.00 64.15 59.76 76.00 79.29 72.52 65.76 79.29 90.21 83.74 78.71 90.21 94.36 89.90 88.29 94.36

These findings validate the efficacy of our proposed CCEC
method. The CCEC approach consistently attains the highest
clustering results on all datasets in terms of the ACC metric.
Notably, the CCEC method manifests performance gains of
approximately 1.9%, 3.5%, 4.6%, and 1.9% over the second-
best performing method on the Caltech-5V dataset with re-
spect to the ACC, NMI, ARI, and purity metrics, respectively.
Similarly, the performance of the CCEC method is markedly
superior to that of the other competing methods on additional
datasets, underscoring the preeminence of CCEC over the al-
ternative techniques.

CCEC demonstrates notably better performance on
datasets with greater numbers of views than on those with
fewer views. The performance gaps between CCEC and
the other methods are more pronounced on datasets such as
Handwritten and Caltech-5V than for Scene and Caltech-2V.
This is attributable to the capacity of CCEC to extract and
amplify more consistent information in multiview scenarios,
thereby enhancing its clustering performance.

4.3 Semantic Extraction Effectiveness
As shown in Figure 3, as the number of views increases,
both the traditional feature extraction methods and the con-
sistency information preservation methods can extract more
consistency information to improve the accuracy of the sub-
sequent clustering process. However, the traditional methods
cannot fully preserve the complete consistency information
in different views, which results in lower clustering accuracy
than consistency clustering accuracy preservation methods.
The consistency-preserving feature extraction process yields

Figure 3: The clustering accuracies achieved by traditional feature
extraction methods and consistency information preservation meth-
ods under different numbers of views.

a large amount of consistency information in the fourth view,
significantly improving the resulting clustering accuracy and
surpassing the accuracy attained by the traditional clustering
methods with five views. This indicates that the consistency
information preservation method is crucial for improving the
clustering results.

4.4 The Role of Representation Enhancement
According to the overall reconstruction loss, three different
loss components are included. To verify the importance of
each component in CCEC, we perform ablation studies un-
der the same experimental settings to isolate the necessity
of each component. We conduct two experiments, one us-
ing traditional feature extraction methods and another us-



Table 4: Results of an ablation study concerning the main components of the proposed CCEC method conducted on all the datasets.

LOSS Caltech-2V Caltech-3V Caltech-4V Caltech-5V

Method Lp Le Lf ACC NMI ARI PUR ACC NMI ARI PUR ACC NMI ARI PUR ACC NMI ARI PUR

CCEC(tra) ✓ ✓ 56.57 45.79 36.80 57.64 65.64 57.69 47.10 66.71 77.86 75.04 65.41 77.86 81.07 81.90 77.48 81.07
CCEC(con) ✓ ✓ 71.14 55.51 51.45 71.14 75.64 77.33 61.94 75.64 81.14 83.05 70.63 84.21 86.93 87.42 80.56 89.86
CCEC ✓ ✓ ✓ 76.00 64.15 59.76 76.00 79.29 72.52 65.76 79.29 90.21 83.74 78.71 90.21 94.36 89.90 88.29 94.36

Table 5: Results of an ablation study concerning the main components of the proposed CCEC method conducted on all the datasets.

LOSS MNIST-USPS MSRC-v1 Scene Handwritten

Method Lp Le Lf ACC NMI ARI PUR ACC NMI ARI PUR ACC NMI ARI PUR ACC NMI ARI PUR

CCEC(tra) ✓ ✓ 99.22 97.85 98.28 99.22 88.57 89.41 89.79 84.76 70.80 60.06 49.75 70.80 84.36 82.35 80.36 84.36
CCEC(con) ✓ ✓ 99.60 99.03 99.14 99.60 89.05 85.26 85.40 90.00 73.58 71.63 51.68 73.58 90.55 88.63 88.52 90.55
CCEC ✓ ✓ ✓ 99.86 99.59 99.69 99.86 98.57 96.77 96.63 98.57 79.76 65.79 59.99 79.76 97.95 95.20 95.49 97.95

ing consistency-preserving feature extraction modules but not
cross view consistency enhancement modules. Table 4 and
table 5 show the obtained clustering results in terms of the
three metrics produced with different combinations of the loss
components. The clustering results in the first two rows of
Table 4 and table 5 are produced by the two special cases.

As expected, the best performance can be achieved when
all loss terms are considered. Moreover, the clustering perfor-
mance is significantly improved when the pretraining stage
is employed in CCEC. For example, CCEC performs much
better than CCEC(tra), with improvements of approximately
13.29%, 8%, 10.81% and 13.29% in terms of the ACC,
NMI, ARI and purity metrics, respectively, achieved on the
Caltech-5V dataset. In addition, we find that all the results
produced by CCEC(con) are greater than those of CCEC(tra),
indicating that the consistency enhancement module yields a
lower overall performance improvement than the consistency
preservation module. However, at the same time, we also
find that the consistency preservation module does not signif-
icantly improve the process of extracting consistency infor-
mation from each view. The consistency preservation mod-
ule has a relatively flat effect on improving the results, while
the consistency enhancement module can fully utilize consis-
tency information. An increase by a single view substantially
improves the resulting accuracy. Therefore, each component
in the overall reconstruction loss plays a crucial role in learn-
ing view-invariant representations.

4.5 Hyperparameter Sensitivity Analysis
We conduct experiments on four representative datasets, i.e.,
the Caltech-5V, MNIST-USPS, Handwritten, and MSRC-v1
datasets, to investigate the sensitivity of the τL(α) and τS(β)
parameters in the proposed CCEC method. Figure 4 shows
the clustering performance achieved by the CCEC method in
terms of the ACC values obtained with different combina-
tions of τL and τS . The clustering performance attained by
the CCEC method on the Caltech dataset and MNIST-USPS
dataset does not seriously fluctuate under different combina-
tions of τL and τS . This finding indicates the robustness of
the CCEC method. In addition, we find that on the Handwrit-
ten and MSRC-v1 datasets, the clustering results impact the

(a) Caltech-5V (b) MNIST-USPS

(c) Handwritten (d) MSRC-v1

Figure 4: The ACC values yielded by the CCEC method with differ-
ent combinations of α and β on the four representative datasets.

τL(α) parameter, making the model more sensitive to this pa-
rameter. The clustering results of CCEC are insensitive to the
hyperparameters and exhibit stability.

5 Conclusion
In this paper, we have proposed CCEC to achieve enhanced
consistency in MVC tasks. Specifically, we incorporate se-
mantic connection blocks into the feature representation pro-
cess to preserve the consistent information across multiple
views. We have also implemented spectral clustering and
contrastive learning on the obtained consistent feature rep-
resentations to obtain a strong consistency clustering repre-
sentation. The strong consistency clustering representation
of CCEC contains rich consistency information, improves the
accuracy of MVC, and demonstrates the importance of pseu-
dolabels for improving the consistency of multiview learning.
We have conducted extensive experiments and ablation stud-
ies on MVC datasets to validate the superiority of the pro-
posed model and the effectiveness of each of its component
in terms of the overall reconstruction loss metric.
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