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Abstract
Multi-view clustering (MVC) seeks to uncover the intrinsic
group structures embedded in multi-view data, which has at-
tracted considerable attention in recent years. Existing ap-
proaches predominantly concentrate on incorporating suit-
able model priors to capture consistency across views. How-
ever, these explicit constraints often fail to hold in scenar-
ios involving significant modal differences between views or
the presence of noise, thereby limiting the efficacy of these
methods in more complex contexts. To address these issues,
this paper introduces BONE, a lightweight and interpretable
MVC framework that Bridges Optimization and Neural net-
works for Efficient MVC. By leveraging learnable param-
eters to extract high-level features from low-level features
derived through classical optimization, BONE integrates the
consistency information across views without the need for
explicit prior constraints, while eliminating the necessity for
pre-training or post-processing. Extensive experiments show
that BONE achieves clustering performance comparable to
or even better than existing deep MVC methods, while us-
ing only 1% of the parameters, offering a new perspective for
designing efficient MVC algorithms.

Code — https://github.com/NuclearLemon/BONE

Introduction
Multi-view data refers to data collected from different per-
spectives of the same object. In an era of increasingly diverse
data sources, effectively leveraging the complementary in-
formation across such views has become a key research fo-
cus in recent years (Yu et al. 2025; Tang et al. 2024). In this
context, multi-view clustering (MVC) has gained consider-
able attention for its ability to uncover the intrinsic cluster
structures underlying multi-view data (Guo et al. 2025; Ji
and Feng 2025; Cai et al. 2024; Chao, Jiang, and Chu 2024;
Sun et al. 2024).

Existing MVC methods can be broadly categorized into
traditional methods and deep MVC methods. Traditional
methods rely on rigorous formulations, solved iteratively
through classical optimization techniques. To achieve dis-
criminative decompositions, these methods frequently incor-
porate prior constraints or regularization terms designed to
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enforce consistency across views (Fang et al. 2023). How-
ever, such explicit assumptions (e.g., presupposing fully or
nearly identical representations across all views) often be-
come invalid when significant modal differences or sub-
stantial noise exist within the data, consequently limiting
their representational power (Wang et al. 2022b). Addition-
ally, certain priors introduce computationally intensive ma-
trix operations, such as singular value decomposition (SVD)
arising from orthogonality constraints, restricting scalabil-
ity and performance in large-scale settings. Moreover, most
traditional methods depend on post-processing clustering al-
gorithms (e.g., K-means or spectral clustering) to obtain fi-
nal assignments, further hindering their efficacy in handling
complex scenarios (Chen et al. 2024).

Deep MVC methods have garnered considerable atten-
tion due to their superior feature representation capabilities
(Zhou et al. 2024). Unlike traditional methods that explic-
itly design models, these methods typically employ autoen-
coders to implicitly capture features from multi-view data
through training. They generally adopt a two-stage training
strategy: first, pre-training the autoencoder using reconstruc-
tion loss, followed by training the network with consistency
losses to capture shared semantic information across views.
While these methods often achieve superior performance,
they require a substantial number of learnable parameters
and multiple rounds of pre-training, resulting in significant
computational costs (Long et al. 2025). Additionally, these
”black-box” models often suffer from low interpretability,
posing challenges for analysis and model refinement.

Recently, considerable research has focused on integrat-
ing classical model priors with the powerful representational
capacity of neural networks (Yan et al. 2025; Wang et al.
2025b; Liu et al. 2023; Wu et al. 2024; Li et al. 2024a).
The key motivation behind these hybrid methods is that
neural networks can effectively compensate for represen-
tational limitations arising from invalid classical priors un-
der challenging conditions, while classical priors mitigate
issues associated with excessive parameterization and poor
interpretability inherent to deep architectures. Therefore, a
natural question arises: Can we design a lightweight and
interpretable framework that efficiently captures cross-view
consistency without relying on explicitly crafted prior con-
straints or post-processing feature fusion?

To this end, we propose BONE, a lightweight and inter-
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Figure 1: A flexible optimization-guided framework for MVC. Our BONE alleviates reliance on strict prior assumptions and
post-processing feature fusion, achieving better clustering performance, faster convergence without pre-training, and substan-
tially fewer parameters. Additionally, due to its optimization-based design, our method provides improved interpretability
compared to black-box deep methods.

pretable MVC method that Bridges Optimization and Neu-
ral networks for Efficient MVC. BONE leverages learn-
able parameters to extract high-level semantic representa-
tions from low-level semantic representations obtained via
classical optimization models, thereby efficiently integrat-
ing cross-view consistency without relying on explicit pri-
ors or post-processing feature fusion, and eliminating the
necessity for pre-training or post-processing clustering pro-
cedures. Specifically, our method offers the following ad-
vantages (as shown in Figure 1):
• Compared to traditional methods, (a) it avoids explicit

consistency constraints or post-processing feature fusion
by effectively leveraging learnable parameters to inte-
grate consistency information, thereby enhancing clus-
tering performance; (b) it directly obtains clustering as-
signments in an end-to-end manner, eliminating depen-
dence on post-processing clustering steps; (c) it requires
only a small part of the data to train the network, cir-
cumventing the computational overhead associated with
complex matrix operations in large-scale scenarios.

• Compared to deep learning methods, (a) it extracts high-
level semantic representations from low-level representa-
tions obtained via classical optimization, achieving com-
parable or better performance with substantially fewer
parameters (approximately 1%); (b) it effectively lever-
ages classical model priors, enabling rapid convergence
without the need for complex pre-training, thereby sig-
nificantly reducing training cost; (c) it offers higher inter-
pretability than existing ”black-box” models, facilitating
further evaluation and refinement.

The contributions of this paper are summarized as follows:
• Lightweight & Interpretable One-step MVC Method.

We propose a lightweight and interpretable one-step
MVC method, which effectively integrates consistency

information across views through learnable parameters,
thereby avoiding the need for explicit prior constraints or
post-processing feature fusion.

• Optimization-Guided Neural Network Framework.
We introduce a flexible optimization-guided neural net-
work framework for MVC, bridging classical optimiza-
tion and deep learning methods, thus providing a novel
perspective for designing efficient MVC methods.

• Compelling Empirical Evidence. Experiments con-
ducted on widely-used MVC datasets demonstrate that
our method achieves clustering performance comparable
or superior to existing methods, while using only 1% of
the parameters and accelerating convergence.

Related Work
In this section, we review the current research on MVC
methods. Consider a multi-view dataset denoted as {Xv ∈
Rmv×n}Vv=1, comprising V views and n samples, wheremv

denotes the feature dimensionality of the v-th view. Let k
denote the number of clusters, r the dimensionality of the
learned representation. The core challenge in MVC is to ef-
fectively balance consistency and complementarity across
views. Current MVC approaches can be broadly categorized
into traditional and deep MVC methods.

Traditional MVC Methods
Traditional MVC methods typically solve the MVC prob-
lem by designing models with prior assumptions. These
methods can be further divided into four main categories:
subspace learning-based methods (Zhang et al. 2024; Liu
et al. 2024b), matrix factorization-based methods (Chen
et al. 2024; Wan et al. 2023), graph learning-based methods
(Liang et al. 2025; Zhao et al. 2024a; Yu et al. 2024; Li et al.
2024b; Zhao et al. 2024b), and kernel-based methods (Liu
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Figure 2: The framework of BONE. We first independently obtain high-level semantic information for each view using view-
specific feature extraction modules. Then, we utilize a parameter-sharing label MLP to derive the clustering assignments for
each view. By employing contrastive training, we compel the network to capture consistency information across different views.
Finally, the clustering assignments are achieved end-to-end.

et al. 2023; Su et al. 2024). A broad category of traditional
models can be expressed as:

min
Av,Zv

V∑
v=1

fv(X
v,Av,Zv) + ϕv(A

v) + ψv(Z
v),

s.t. Av ∈ Xv,Z
v ∈ Yv,

(1)

where Xv ∈ Rmv×n, and ϕ and ψ represent different regu-
larization terms. The sets Xv and Yv denote the feasible re-
gions for Av and Zv , respectively. For models based on dif-
ferent prior assumptions, Av and Zv have varying interpre-
tations. For instance, in anchor-based subspace MVC meth-
ods, Av represents the anchor matrix, and Zv represents the
representation matrix. In matrix factorization-based MVC
methods, Av represents the basis matrix, and Zv represents
the coefficient matrix.

Traditional methods generally achieve consistency be-
tween views in two ways. The first approach explicitly con-
strains the representations or assignment matrices across dif-
ferent views to be identical (Chen et al. 2025; Zhang et al.
2024; Chen et al. 2024; Wang et al. 2021b). However, this
strict constraint may overlook the noise and discrepancies
naturally occurring between views, potentially limiting the
effectiveness of the representations (Zhou et al. 2024).

The second approach adopts relaxed constraints, allowing
each view to have its own representation matrix Zv (Kong
et al. 2025; Zhang et al. 2023; Kang et al. 2020). After ob-
taining view-specific representations, an additional fusion
step is often performed to achieve consistency (e.g., concate-
nating columns and applying spectral clustering). Although
these methods achieve some degree of consistency between
views, they fail to fully exploit the inter-view relationships
and suffer from the computational overhead of the fusion

step like SVD (Wan et al. 2024; Liu et al. 2022).
Another challenge for traditional methods is obtaining

clustering assignments after achieving consistent represen-
tations. Existing methods typically rely on clustering algo-
rithms (like K-means) to obtain the final assignments. How-
ever, this decoupling of the learning process from the final
assignment can lead to performance degradation (Liu et al.
2021). Moreover, K-means is computationally expensive on
large-scale datasets and highly sensitive to initializations,
which limits its applicability in complex scenarios.

Furthermore, several works have explored the incorpo-
ration of learnable parameters into the update processes of
classical methods to enhance performance (Du et al. 2025;
Lin et al. 2025; Wang et al. 2021a). However, they still rely
on explicit prior constraints to extract view-consistent repre-
sentations and depend on extra post-processing steps, mak-
ing them inadequate for handling complex MVC scenarios.

Deep Learning-based Methods
Deep learning-based methods typically adopt a data-driven
approach, training autoencoders to extract features from the
original multi-view data (Fang et al. 2023). The pre-training
phase is usually guided by reconstruction loss (Trosten et al.
2023), defined as:

Lpre =
V∑

v=1

n∑
i=1

∥xv
i − fvd (f

v
e (x

v
i ;W

v
e);W

v
d)∥22, (2)

where fve and fvd represent the encoder and decoder for
the v-th view, respectively, and Wv

e and Wv
d are learnable

parameters. These methods first pre-train the autoencoder
using reconstruction loss (Trosten et al. 2021), then apply
various training strategies (e.g., contrastive loss and self-
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representation loss (Wang et al. 2025b)) to capture the con-
sistency between multi-view data.

Based on the training strategy, deep MVC methods can
be divided into two categories: non-contrastive (Wang et al.
2025a, 2024; Xu et al. 2021) and contrastive methods (Xu
et al. 2022; Chen et al. 2023; Cui et al. 2024; Lu et al. 2024;
Wang et al. 2025b). Due to the remarkable success of con-
trastive learning in unsupervised learning (Hu et al. 2024),
contrastive deep MVC methods have gained more attention
in recent years and typically achieve better clustering results
(Cui et al. 2024). However, these methods heavily rely on the
assumption that autoencoders can effectively extract seman-
tic features, which requires a complex training process and
results in higher computational costs (Trosten et al. 2023).

The Proposed Method
This section provides a detailed description of BONE
(shown in Figure 2). Our goal is to develop a lightweight and
interpretable one-step MVC method that bridges the clas-
sical models’ priors with the feature extraction capabilities
of neural networks. The proposed method requires no pre-
processing or post-processing clustering steps and thus is
better adapted to handle complex MVC tasks.

View-Specific Feature Extraction Module
The primary challenge in MVC lies in effectively extracting
view-specific representations. Traditional methods typically
leverage explicit prior models, whereas deep learning-based
methods rely on data-driven feature extraction. However, the
former often encounter representational limitations due to
rigid or invalid priors, while the latter suffer from excessive
parameter complexity and computationally expensive pre-
training process. To address these issues, we bridge these
two approaches and design a lightweight, interpretable view-
specific feature extraction module. Specifically, we consider
the following classical MVC model:

min
Av,Zv

V∑
v=1

∥Xv −AvZv∥2F + α∥Av∥2F + β∥Zv∥2F , (3)

where Av ∈ Rmv×r,Zv ∈ Rr×n, which is an unconstrained
version of (1). We leverage the prior knowledge from this
model to design the view-specific feature extraction module.
By differentiating and applying algebraic transformations,
we derive the following update rules:

Zv = (Av⊤Av + βI)−1Av⊤Xv, (4)

Av = XvZv⊤(ZvZv⊤ + αI)−1, (5)
where I ∈ Rr×r denotes the identity matrix.

From (4), we observe that the operation (Av⊤Av +

βI)−1Av⊤ essentially performs a basis transformation that
maps the original mv-dimensional data to an r-dimensional
space. This can be viewed as an optimization-based encoder
extracting r-dimensional representations from the original
data without any learnable parameters. Instead of directly
using data-driven methods to implicitly learn latent struc-
tures, we first employ model priors to extract low-level se-
mantic features and then use a limited number of learnable

parameters for high-level feature extraction. This approach
is expected to significantly reduce the model parameter com-
plexity while obtaining discriminative low-dimensional rep-
resentations. The process can be expressed as:

Zv = gve (g
v
o (X

v),Wv
e), (6)

where gve represents the learnable encoding process for the
v-th view, and gvo = (Av⊤Av + βI)−1Av⊤ represents the
optimization-guided encoding process. This approach has
several characteristics:
• The encoding process gvo serves as an initial low-level

semantic representation extraction step, eliminating the
need for complex pre-training and significantly reduc-
ing parameter complexity, while maintaining competitive
performance.

• By incorporating the feature extraction capabilities of
neural networks, this approach mitigates the representa-
tional limitations of classical models.

• The output of each layer is interpretable, facilitating fur-
ther model evaluation and refinement.

We interpret (4) and (5) as iterative updates within each net-
work layer, stacking L layers to construct the final view-
specific feature extraction module. Given multi-view input
data {Xv}Vv=1, the module alternately applies these updates
across L layers, ultimately producing {Av,L,Zv,L}Vv=1
(shown in Figure 2 (a) and (b)).

Additionally, since the initialization of {Av
0}Vv=1 signif-

icantly influences the performance of traditional methods
(Liu et al. 2024a; Wang et al. 2022a), we set the initial-
ization matrices {Av

0}Vv=1 as learnable parameters. Specif-
ically, these learnable matrices are initialized by solving the
following standard low-rank matrix factorization problem:

min
Av

init,Z
v
init

V∑
v=1

∥Xv −Av
initZ

v
init∥2F , s.t. Av

init
⊤Av

init = I. (7)

This optimization problem can be efficiently solved via al-
ternating least squares. Given Av

init, the optimal solution for
Zv

init is directly obtained by Zv
init = Av

init
⊤Xv . Subsequently,

given Zv
init, solving for Av

init becomes an orthogonal Pro-
crustes problem (Gower and Dijksterhuis 2004), which ad-
mits a closed-form solution via SVD:

XvZv
init

⊤ = UΣV⊤, Av
init = UV⊤. (8)

We then use the resulting Av
init as initial values for the learn-

able parameters Av
0 .

Remark: The problem in (7) is intended to provide an ap-
proximate initialization rather than an exact solution. It can
efficiently be solved through random sampling and limited
iterations, making it well-suited for large-scale scenarios.

Consistency Feature Fusion Module
After obtaining the view-specific representations {Zv}Vv=1,
the key challenge is to effectively fuse them and obtain the
final clustering assignments. Traditional methods typically
employ explicit consistency constraints or post-processing
feature fusion. However, these methods either impose strict
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Method Handwrite BDGP MRSC COIL20
ACC NMI Purity ACC NMI Purity ACC NMI Purity ACC NMI Purity

LMVSC 0.671 0.651 0.708 0.556 0.304 0.556 0.352 0.308 0.375 0.692 0.792 0.706
SFMC 0.757 0.868 0.782 0.378 0.352 0.379 0.600 0.603 0.638 0.748 0.893 0.788

FPMVS-CAG 0.823 0.792 0.823 0.556 0.376 0.590 0.805 0.688 0.805 0.602 0.780 0.633
FDAGF 0.823 0.794 0.823 0.525 0.368 0.547 0.739 0.657 0.749 0.740 0.837 0.760

AWMVC 0.875 0.793 0.877 0.478 0.297 0.478 0.666 0.556 0.668 0.772 0.848 0.774
RCAGL 0.794 0.827 0.840 0.518 0.345 0.526 0.776 0.680 0.776 0.651 0.843 0.874
CFMC 0.864 0.837 0.864 0.626 0.428 0.626 0.738 0.651 0.771 0.693 0.815 0.729
ALPC 0.632 0.619 0.702 0.922 0.814 0.922 0.643 0.495 0.643 0.764 0.841 0.779

TLRLF4 0.764 0.919 0.800 0.927 0.799 0.927 N/A 0.763 0.877 0.801
Ours 0.977 0.944 0.977 0.992 0.973 0.992 0.938 0.881 0.938 0.769 0.844 0.790

Method Caltech5V MNIST-USPS ALOI CCV
ACC NMI Purity ACC NMI Purity ACC NMI Purity ACC NMI Purity

LMVSC 0.461 0.349 0.484 0.560 0.529 0.613 0.603 0.781 0.630 0.143 0.113 0.182
SFMC 0.468 0.550 0.484 0.989 0.971 0.989 0.672 0.757 0.682 0.105 0.006 0.106

FPMVS-CAG 0.809 0.682 0.809 0.783 0.725 0.790 0.348 0.664 0.358 0.222 0.179 0.236
FDAGF 0.813 0.697 0.813 0.561 0.508 0.567 0.662 0.804 0.684 0.221 0.184 0.247

AWMVC 0.785 0.701 0.791 0.587 0.539 0.600 0.670 0.802 0.691 0.218 0.181 0.243
RCAGL 0.836 0.725 0.836 0.609 0.637 0.626 0.398 0.664 0.417 0.209 0.194 0.240
CFMC 0.799 0.693 0.799 0.761 0.719 0.783 0.576 0.794 0.595 0.194 0.168 0.225
ALPC 0.461 0.257 0.473 0.502 0.496 0.520 N/A 0.183 0.127 0.217

TLRLF4 0.755 0.713 0.794 0.992 0.977 0.992 0.737 0.822 0.757 0.214 0.216 0.263
Ours 0.906 0.831 0.906 0.982 0.952 0.982 0.784 0.856 0.799 0.345 0.304 0.366

Table 1: Clustering performance of different traditional methods across various datasets, where N/A indicates program errors
or timeouts. It can be observed that our method generally achieves better performance compared to existing methods.

priors or inadequately exploit inter-view relationships, thus
limiting applicability to complex MVC scenarios. Alter-
natively, to avoid reliance on explicit constraints or post-
processing feature fusion, we employ a contrastive strategy
to extract discriminative consistency information.

To achieve this, we adopt a view-shared label projection
head fl({Zv}Vv=1;Wl) to derive the clustering assignment
matrix Pv ∈ Rk×n from {Zv}Vv=1:

Pv = fl(Z
v;Wl). (9)

Subsequently, contrastive learning is employed to enhance
consistency of Pv ∈ Rk×n across views. The primary goal
of contrastive learning is to maximize the similarity between
positive pairs (features from the same sample across dif-
ferent views) and minimize the similarity between negative
pairs (features from different samples across all views), thus
encouraging discriminative and consistent multi-view rep-
resentations. To this end, we construct positive pairs from
features of the same sample across different views, and nega-
tive pairs from features of different samples across all views.
Formally, for each sample i, pairs {(pa

i ,p
b
i ) | a ̸= b} con-

stitute positive samples, whereas pairs {(pa
i ,p

b
j) | i ̸= j}

are treated as negative samples. The contrastive loss for
{Pv}Vv=1 is then formulated as:

s(i, v, v′) = − log
exp

(
d(pv

i ,p
v′

i )/τ
)

n,V∑
j=1,u=1

1(j,u)̸=(i,v) exp
(
d(pv

i ,p
u
j )/τ

) ,

Lreg =
1

V

V∑
v=1

(1
k

k∑
i=1

qvi log q
v
i

)
,

LP =
1

nV

n,V∑
i=1
v=1

( 1

V − 1

V∑
v′=1
v′ ̸=v

s(i, v, v′)
)
+ λrLreg, (10)

where d(pi,pj) =
⟨pi,pj⟩

∥pi∥∥pj∥
denotes the cosine similarity

between two clustering assignment vectors. The function
s(i, v, v′) denotes the contrastive score, and the temperature
coefficient τ controls the scale of similarity values (Chen
et al. 2020). The empirical cluster-assignment distribution
qvi = 1

n

∑n
j=1 p

v
ij , which measures the average fraction of

samples assigned to cluster i in view v. The regularization
term Lreg is an entropy-based regularizer, encouraging a bal-
anced use of clusters and thereby preventing degenerate so-
lutions where most samples collapse into only a few clus-
ters. The regularization coefficient λr balances the trade-off
between the contrastive loss and the regularization term.

Finally, the overall clustering assignment P is obtained by
a weighted sum of the individual view assignments:

P =
V∑

v=1

γvPP
v, (11)

where 0 ≤ γvP ≤ 1 is the weight for the v-th view, and∑V
v=1 γ

v
P = 1. We simply set the view weights equally, as

is commonly done in deep MVC methods. The complete op-
timization procedure for BONE is outlined in Algorithm 1.
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Dataset MFLVC CVCL DCMVC Ours
ACC NMI Purity Params ACC NMI Purity Params ACC NMI Purity Params ACC NMI Purity Params

HandWrite 0.859 0.864 0.859 28M 0.968 0.929 0.968 27M 0.901 0.822 0.901 21M 0.977 0.944 0.977 55K
BDGP 0.990 0.967 0.990 11M 0.990 0.967 0.990 9M 0.991 0.971 0.991 8M 0.992 0.973 0.992 18K
MRSC 0.795 0.711 0.795 19M 0.910 0.820 0.910 11M 0.586 0.501 0.610 15M 0.938 0.881 0.938 31K

COIL20 0.628 0.733 0.647 24M 0.750 0.816 0.767 28M 0.757 0.841 0.782 21M 0.769 0.844 0.790 227K
Caltech5V 0.747 0.681 0.747 26M 0.738 0.641 0.753 17M 0.901 0.832 0.901 21M 0.906 0.831 0.906 116K

MNIST-USPS 0.996 0.988 0.996 10M 0.997 0.990 0.997 15M 0.990 0.971 0.990 8M 0.982 0.952 0.982 69K
ALOI 0.494 0.778 0.510 18M 0.895 0.932 0.903 23M 0.928 0.956 0.932 14M 0.784 0.856 0.799 397K
CCV 0.290 0.302 0.330 27M 0.278 0.275 0.322 25M 0.347 0.335 0.396 24M 0.345 0.304 0.366 863K

Table 2: Performance of different deep MVC methods across various datasets. It can be observed that our method achieves
comparable or even better performance to existing methods, while utilizing only 1% of their parameter complexity.

Algorithm 1: The optimization process of BONE.

Input: Multi-view dataset {Xv}Vv=1; Number of clusters k,
layers L; Dimension of representation r; Model penalty
coefficients α and β; Contrastive loss temperature coef-
ficient τ ; Cluster assignment regularization coefficient
λr; Batch size b; Number of training epochs E.

1: Initialize {Av
0}Vv=1 by solving (7).

2: for e = 1 to E do
3: for l = 1 to L do
4: Solve for semantic features {Zv,l}Vv=1 using (4).
5: Update the base matrix {Av,l}Vv=1 using (5).
6: Extract high-level semantic features using (6).
7: end for
8: Solve for the assignments {Pv}Vv=1 using (9).
9: Compute the loss using (10) and backpropagate.

10: end for
11: Obtain the final cluster assignments from (11).
Output: Cluster assignments P.

Parameter Complexity
In our proposed method, the parameters to be optimized
mainly consist of two components: the view-specific fea-
ture extraction modules {{gv,le }Ll=1,A

v
0}Vv=1 and the label

projection head fl. Specifically, the label projection head
is a single fully connected layer structured as r → k.
Consequently, the total number of parameters is r(V Lr +∑V

v=1mv+k). Given that r is typically set as a small integer
(commonly a few times the number of clusters k), the overall
parameter complexity of BONE remains substantially lower
compared to existing deep MVC methods.

Experiments
This section evaluates the effectiveness of the proposed
method through clustering experiments conducted on sev-
eral common datasets, including BDGP (Liu et al. 2024b),
HandWrite (Chen et al. 2024), MNIST-USPS, COIL20, Cal-
tech5V (Xu et al. 2022), MSRC (Winn and Jojic 2005),
ALOI (Zhang, Huang, and Wang 2023), CCV (Jiang et al.
2011), YouTubeFace50 (Wan et al. 2023). All experiments
are performed on a Windows 11 laptop equipped with an
AMD Ryzen 7 7840HS CPU and 64GB of memory.

Metric MFLVC CVCL DCMVC Ours
ACC 0.5672 0.705 0.7093 0.7001
NMI 0.7235 0.8289 0.8366 0.8426

Purity 0.4655 0.7431 0.7405 0.7544
Time Cost 83+3009s 582+374s 424+7498s 7+80s
Parameters 20M 25M 16M 156K

Table 3: Clustering performance of various deep MVC
methods on the YouTubeFace50 dataset. Our method
demonstrates comparable performance to existing methods
while significantly reducing time expenditure.

Experimental Setup
For our method, the number of layers L is set between 2
and 5. The setting of r follows the strategy commonly used
in traditional methods, with values set as k× [1, 2, 3, 4, 5].
The batch size b is set to values in [128, 256, 512]. We per-
form grid search to determine the optimal values for these
three parameters. All remaining parameters were fixed con-
sistently across datasets: regularization coefficients α = 0.1
and β = 0.1, contrastive loss temperature parameter τ = 1,
clustering assignment regularization coefficient λr = 1,
number of training epochs E = 100, and maximum itera-
tions for the initialization matrix optimization set to 100. To
validate the proposed method, we compare it with classical
and deep MVC methods, including: LMVSC (Kang et al.
2020), SFMC (Li et al. 2020), FPMVS-CAG (Wang et al.
2021b), FDAGF (Zhang et al. 2023), AWMVC (Wan et al.
2023), RCAGL (Liu et al. 2024b), CFMC (Chen et al. 2024),
ALPC (Chen et al. 2025), TLRLF4 (Long et al. 2025),
MFLVC (Xu et al. 2022), CVCL (Chen et al. 2023) and
DCMVC (Cui et al. 2024). For fair comparison, the hyper-
parameters of these methods are optimized via grid search
as per the authors’ recommendations. The clustering perfor-
mance of all methods is evaluated using three commonly
used metrics in MVC: Accuracy (ACC), Normalized Mu-
tual Information (NMI), and Purity. Higher values of these
metrics correspond to better clustering performance.

Performance Evaluation
In Table 1, we present the performance of the proposed
method compared with competitive traditional methods
across different datasets, with the best and second-best re-
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Figure 3: Detailed training processes of different deep methods on the YouTubeFace50 dataset, where all methods except ours
are pre-trained for 200 epochs. It can be observed that BONE can quickly achieve clustering performance comparable to existing
deep methods, without the need for any pre-training procedure.

sults highlighted in bold and underlined, respectively. It can
be observed that our method outperforms existing methods
on the majority of datasets, while showing comparable re-
sults on the remaining datasets, even without the introduc-
tion of explicit consistency or additional constraint assump-
tions. This improvement is attributed to the feature extrac-
tion capabilities of the neural network, which alleviates the
representational limitations of classical methods by extract-
ing high-level semantic representation from representations
obtained by optimization. Our method does not rely on ex-
plicit consistency assumptions or post-processing feature fu-
sion to obtain view consistency information, making it more
robust to complex MVC scenarios characterized by large
modality discrepancies or the presence of noise.

More importantly, the proposed method does not rely on
a decoupled post-processing clustering process. Instead, it
employs a contrastive strategy that forces the consistency
feature fusion module to extract a consistent clustering as-
signment matrix from the multi-view high-dimensional se-
mantic information, directly yielding the final clustering
assignment. This end-to-end approach avoids the perfor-
mance degradation typically caused by the decoupling of
consistency learning and final clustering assignment, while
also eliminating the computational overhead associated with
additional post-processing clustering algorithms, making it
well-suited for large-scale MVC tasks.

Furthermore, Table 2 compares the performance of the
proposed method with representative deep MVC methods.
Even without pre-training and with only approximately 1%
of the parameter complexity, our method achieves perfor-
mance that is comparable to or even surpasses existing meth-
ods. This is because our method does not solely rely on
a data-driven approach to implicitly learn latent represen-
tations from the data. Instead, it incorporates model priors
from classical methods to obtain semantic features. This
strategy not only significantly reduces parameter complexity
but also eliminates the need for pre-training, thereby greatly
simplifying the model’s training cost.

Training Efficiency
To provide a more intuitive observation of the training pro-
cess, we evaluate the performance of various deep methods
on YouTubeFace50 dataset (including 126,054 samples).

Due to the significant computational cost of full training, we
restrict all methods to a maximum of 10 batches per epoch
and train for 100 epochs. All deep methods except ours are
pre-trained for 200 epochs. For BONE, 1% of the samples
are randomly sampled for solving the initial matrix. Table 3
presents detailed performances for each method. The time
complexity of BONE is composed of the initialization of
{Av

0}Vv=1 and contrastive training, while the other methods
include both pre-training and contrastive training.

As shown by the results, BONE achieves satisfactory
performance with significantly reduced computational cost,
without the need for any pre-training process. In contrast, the
other methods require more training epochs to capture con-
sistency information, leading to higher computational costs.
Figure 3 illustrates the changes in clustering metrics during
the training process for each method. Even without any pre-
training process, our approach yields satisfactory clustering
performance in the early epochs of training.

Conclusion
This paper introduces BONE, a lightweight and inter-
pretable framework for MVC. By bridging optimization and
neural networks, BONE extracts high-level features from
low-level features derived through the classical optimiza-
tion process, thereby integrating consistency across views
without relying on explicit prior constraints. The experi-
mental results demonstrate that BONE efficiently integrates
view consistency information without the need for explicit
prior constraints or post-processing feature fusion, achiev-
ing satisfactory performance compared to existing compet-
itive methods. This work provides a novel perspective for
designing efficient MVC algorithms, showcasing significant
potential for practical applications.
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