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to-one correspondences across views, we adopt a progres-
sive approach to identify well-aligned samples. Specifically,
we sample subsets of data by generating random view com-
binations from unaligned samples and propose an anomaly
combination detection module to evaluate the alignment con-
sistency of these combinations. In addition, our progressive
training framework alternates between updating model pa-
rameters and selecting high-confidence view combinations
for subsequent optimization. By reformulating view align-
ment as an anomaly detection task, our approach provides
a more robust and effective solution to partial view align-
ment. Experiments on benchmark datasets demonstrate that
our method outperforms state-of-the-art approaches in the
PVC problem.

Introduction

In real-world applications, data is often represented in mul-
tiple modalities, such as images, text, and videos, collec-
tively referred to as multi-view data. Multi-view Clustering
(MVC) aims to improve clustering performance by leverag-
ing consistent and complementary information across differ-
ent views (Han et al. 2022; Hassani and Khasahmadi 2020;
Zhang et al. 2022). By effectively capturing both the shared
and distinct features within multi-view data, MVC improves
clustering accuracy and robustness, making it a powerful ap-
proach for solving complex clustering problems across var-
ious domains. However, existing multi-view learning meth-
ods often assume that all views are perfectly aligned (Jiang
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Figure 1: This example demonstrates the core idea of the
proposed view alignment method. Distinct shapes corre-
spond to different views, while various colors represent
different clusters, and individual instances are denoted by
unique numbers. We randomly combine misaligned in-
stances and feed them into the anomaly detection process.
Based on the resulting anomaly scores, the most reliable
combinations are selected and assigned to the aligned sub-
set.

et al. 2022; Wan et al. 2022; Pan and Kang 2021; Liu et al.
2022). In practice, this assumption is often violated due to
factors such as sensor discrepancies or communication dis-
ruptions, leading to partially view-aligned data. In such sce-
narios, improper alignment can hinder multi-view represen-
tation learning, affecting downstream tasks and overall per-
formance. As a result, there is a pressing need for models
that can handle the partial view alignment problem.
Recently, several approaches have been proposed to ad-
dress the challenges of partially view-aligned clustering
(PVC), demonstrating promising performance (Li et al.
2024; Qian et al. 2024; Zhao et al. 2023; Gao et al. 2025a).
For instance, Huang et al. introduce a differentiable sur-
rogate of the Hungarian algorithm to establish correspon-
dences between partially aligned views, enabling the learn-
ing of a shared latent space for better alignment (Huang
et al. 2020). He et al. propose a robust variational contrastive
learning method that models each sample as a Gaussian dis-
tribution, where the mean captures shared semantics and



the variance reflects view-specific details, enhancing align-
ment and complementarity (He et al. 2024). Wang et al.
align semantic similarity graphs using Wasserstein distance
to learn view correspondences and apply cross-view con-
trastive learning to extract shared semantic features (Wang
et al. 2024a). While these PVC methods have achieved
promising results, they rely heavily on distance-based strate-
gies, such as cross-view instance similarity or graph dis-
tances, to establish correspondences. However, these meth-
ods are susceptible to perturbations, which may arise from
view-specific noise, semantic inconsistencies, or distribution
shifts across views. Such perturbations can distort similarity
measurements and lead to unreliable alignments. The prob-
lem becomes more pronounced in multi-view scenarios with
more than two views, where pairwise alignment is less effec-
tive. Moreover, many existing methods fail to fully leverage
the consistency and complementarity within realigned data
to enhance clustering performance.

To address the view alignment problem in partially
aligned multi-view data, we propose a novel strategy that re-
formulates the alignment task as an anomaly detection prob-
lem. Instead of directly learning a view-alignment matrix to
enforce strict one-to-one correspondences, we adopt a pro-
gressive approach that identifies semantically aligned sam-
ples across views. Specifically, we generate random cross-
view combinations from unaligned samples and assess their
alignment consistency using an anomaly combination detec-
tion module. Combinations with high scores are regarded as
reliable and added to an aligned subset. This process is illus-
trated in Fig. 1, where random combinations are evaluated,
and high-confidence samples are progressively selected for
alignment. Our progressive framework alternates between
model optimization and high-confidence alignment selec-
tion, gradually improving view consistency. Furthermore,
contrastive learning is employed to enforce semantic consis-
tency across selected combinations, enhancing both repre-
sentation learning and alignment robustness. The main con-
tributions of this work could be summarized as follows:

* We introduce a novel perspective by reformulating the
view alignment problem as an anomaly detection task.
By treating misaligned view combinations as anoma-
lies, our approach effectively identifies inconsistent data
distributions, thereby overcoming the limitations of
distance-based alignment methods that are sensitive to
noise and view-specific discrepancies.

We propose a progressive view alignment strategy that
iteratively updates the aligned set and model parame-
ters. This approach ensures the effective utilization of
reliable view combinations, enhancing view correspon-
dences and clustering performance, particularly under
noise and view-specific information perturbations.

Extensive experiments conducted on multiple benchmark
datasets, including both partially and fully aligned sce-
narios, validate the effectiveness and superiority of our
framework in addressing view alignment challenges in
partially aligned multi-view data.
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Related Work

Multi-view clustering (MVC) aims to enhance clustering
performance by leveraging the complementary and consis-
tent information across multiple views, with various meth-
ods developed based on different underlying assumptions
(Liu et al. 2024a; Yan et al. 2023; Ren et al. 2024; Gao et al.
2025b). For instance, Qin et al. address high-dimensional
data by enforcing structural and sample assignment consis-
tency across views, ensuring identical numbers of connected
components in similarity matrices and learning shared sub-
space representations through alternating optimization (Qin
et al. 2022). Liu et al. propose an anchor-based method that
improves anchor quality by incorporating inter-view corre-
lations. By constructing a view graph from aligned anchor
graphs and utilizing relationships across views, they enhance
anchors and boost clustering performance (Liu et al. 2024b).
Similarly, UMCGL (Du et al. 2024) balances consistency
and diversity in multi-view graph learning through four
modules: multi-channel graph, generative, contrastive, and
consensus, addressing challenges such as noise and varying
data distributions while improving consistency within views
and across groups.

While traditional MVC methods have made significant
advances, they typically assume that views are complete and
perfectly aligned. In real-world applications, however, these
assumptions are often violated, which introduces the chal-
lenges of Incomplete Multi-View Clustering IMVC) and
PVC. IMVC explicitly addresses the scenario where some
views may be missing, requiring methods that can handle
incomplete multi-view data. Recent studies (Lin et al. 2021;
Liu et al. 2023a,b) have been proposed to tackle these chal-
lenges. For example, SMILE (Zeng et al. 2023) leverages in-
variant semantic distributions across views to mitigate cross-
view discrepancies, allowing effective clustering even in the
presence of incomplete data. Similarly, Pu et al. propose
adaptive feature imputation with latent graphs, improving
clustering by integrating view-specific encoders and adap-
tive strategies based on global pseudo-labels and local as-
signments (Pu et al. 2024). Xu et al. employ variational au-
toencoders with view-specific encoders and a Product-of-
Experts framework, incorporating a coherence objective and
a Mixture-of-Gaussians prior to enhance shared representa-
tions for better clustering performance (Xu et al. 2024).

Compared with MVC and IMVC, PVC specifically ad-
dresses the challenge of incomplete cross-view correspon-
dences, with several methods developed to leverage partial
correspondences effectively (Zhao and Xie 2024; Yang et al.
2023; Cao, Dong, and Chen 2024; Yu et al. 2021). CGCN
(Wang et al. 2024b) introduces an alignment-free cross-view
graph contrastive learning framework that utilizes nearest
neighbor relationships to learn consistent information across
both aligned and unaligned instances, effectively handling
unaligned data without requiring explicit alignment. Yang et
al. proposed a noise-robust contrastive learning approach to
capture cross-view consistency representations, leveraging
cross-view Euclidean distance to reconstruct the correspon-
dences between views (Yang et al. 2022). In contrast to the
previous methods, UPMGC-SM (Wen et al. 2023) refines
view alignments by utilizing cross-view similarity graphs,
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Figure 2: The architecture illustrates how our model processes partial view-aligned data {X"} ,. Each view undergoes view-

specific autoencoders to acquire view-specific features {Z"

m
v=1"

The green and purple shaded areas represent the progressive

view-alignment and consistency clustering modules, respectively. The solid and dashed golden lines represent correct and

incorrect correspondences, respectively.

providing a parameter-free solution for multi-view cluster-
ing in partially unpaired scenarios.

Unlike previous methods that rely on distance-based
alignment, our approach frames view alignment as an
anomaly detection task. By identifying misaligned represen-
tations as anomalies relative to the expected distribution, we
eliminate the need for explicit alignment and use pseudo-
labels from the self-supervised consistency clustering mod-
ule to characterize these outliers. Another key feature is our
progressive alignment strategy, which iteratively prioritizes
the most reliable re-aligned data, improving robustness to
noise and view-specific information perturbations.

Methodology
Preliminaries

Given a multi-view dataset {X"}"™ ; with ¢ clusters, where
m represents the number of views, NV is the number of sam-
ples, XV = {XY,XY4,..., X%} denotes the instance set of
the v-th view, and XY is the ¢-th sample in the v-th view.
In the context of partial view alignment, view correspon-
dences may be incomplete. The dataset can thus be parti-
tioned into two subsets: aligned data X and misaligned
data X g, where €2 and ¥ represent the index sets of aligned
and misaligned samples, respectively. The primary objective
of PVC is to re-align the misaligned instances Xy and uti-
lize the consistency and complementarity of the re-aligned
data to enhance clustering performance.

To tackle the challenges posed by multi-view data, which
often contains redundant or noisy information, we first em-
ploy view-specific autoencoders to extract discriminative
features for each view, as shown in Fig. 2. These autoen-
coders map the raw data into a compact latent space that
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retains essential view-specific characteristics while facili-
tating cross-view alignment. A reconstruction loss is intro-
duced to ensure that the learned features accurately recon-
struct the original data, thereby maintaining view-specific
information. The reconstruction loss is defined as:

m N
L= > IIXY =D X)) (1)

v=1i=1
where £7() and D?() are the encoder and decoder for the
v-th view, Z¢ = EY(XY) denotes the learned latent fea-

ture. This formulation enables efficient feature extraction
while ensuring that the latent representations preserve view-
specific information, thereby facilitating better alignment for
subsequent clustering tasks.

Anomaly Combination Detection Driven Progress
View Alignment

Motivation. MVC excels at integrating information across
views; however, PVC faces the challenge of missing cross-
view correspondences, which impedes the direct exploita-
tion of their consistency and complementary information.
Thus, the key task in PVC is to establish these correspon-
dences accurately. We argue that distance-based view align-
ment methods are susceptible to view-specific information
and noise, adversely affecting clustering performance. Con-
sequently, instead of relying on distance-based alignment
approaches, we redefine the view alignment problem as an
anomaly detection task involving a combination of anoma-
lies. As illustrated in Fig. 2, our view alignment process
treats the fused correctly aligned data as normal points
and leverages data augmentation to construct outlier points
based on clustering-consistent semantics. Without loss of



generality, for two views, normal and anomalous combina-
tions can be formally defined as follows:

Yi,j = {

where U represents the clustering-consistency semantics
extracted from the consistency clustering module, and the
argmax(*) function returns the index corresponding to the
maximum cluster assignment probability. A combination is
considered normal only when instances from each view be-
long to the same cluster; otherwise, it is classified as anoma-
lous. These normal and anomalous combinations are then
used to train the anomaly detection function g(). Therefore,
our primary task is transformed into learning a consistent
clustering pseudo-label to define anomalies, and training an
anomaly detection module to identify these anomalies. No-
tably, these two processes mutually supervise each other
within the proposed model.

Since the latent space Z must capture both view-specific
information and noise, data distributions across views may
differ. Our view alignment module employs a cross-view
contrastive learning strategy to ensure distributional con-
sistency. This involves minimizing the cosine similarity
between features from different views, learned through a
shared alignment MLP F*. The process is formulated as:

3

where {H"V}7"; denotes the distribution-consistent seman-
tics, which is constrained by the cross-view contrastive loss
applied to the aligned subset, as formulated below:

1, argmax(U}) = argmaz(U?)

0. @

otherwise,

= FA2Y),

lq(H* HY) =

(d(HE HY) /7

N d(H{ HY)/mp
Zj:l Zv:a,b € ’ —€

1 / D ’

“
where 7p is the temperature parameter, and d(, ) represents
the cosine similarity between two vectors. Considering the

partial view alignment problem, the overall cross-view con-
trastive loss is given by:

Leon = Z Z Ed Q’ HQ

a=1 b#a

&)

To train the anomaly detection g() to identify incorrect
view alignments, we utilize known aligned data as nor-
mal combinations and construct anomalous combinations
through data augmentation on unaligned data. Specifically,
random sampling is performed across views within the un-
aligned data, and clustering-consistency semantics U are
used to determine whether the sampled combinations be-
long to the same cluster, thereby identifying anomalous view
combinations. This process can be formulated as follows:

H ={Sam(H},), Sam(H2), ...,
5. Y =0

Sem(HP)}. o
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where Sam denotes the random sampling function, and
then, the objective can be formulated as:
2
5 .
Laty = 11 = g(Ho)|[} + ||o(FD)||

where g() consists of a multi-head self-attention layer for
feature fusion, followed by an MLP and a Sigmoid activation
function.

In addition, our progressive view alignment strategy aims
to mitigate further the influence of view-specific information
and noise on the alignment process. This is accomplished
through an iterative procedure that concurrently updates the
aligned subset and model parameters. Specifically, after a
fixed number of epochs during model training, we update
the aligned €2 and unaligned ¥ subsets as follows:

Q argmax(ToplO(g(I:I))), 8)

This formula selects the top N/10 best random combi-
nations from the unaligned subset ¥ as aligned data. Sub-
sequently, the aligned subset €2 is used to update the model
parameters further.

)

Triplet Self-supervised Consistency Clustering

We introduce a triplet self-supervised consistency clustering
module with two primary objectives: (1) generating consis-
tency clustering pseudo-labels for each view and (2) miti-
gating the influence of incorrect view alignments on the final
clustering results. As previously mentioned, the anomaly de-
tection mechanism in our progressive view alignment mod-
ule relies on clustering pseudo-labels to detect misalign-
ments. Therefore, the quality of these pseudo-labels directly
impacts alignment performance.

To address these objectives, we leverage a triplet
self-supervised consistency learning framework that inte-
grates cross-semantic, cross-view, and cross-feature self-
supervision to learn clustering-consistent semantics. In par-
ticular, we introduce a shared clustering MLP, denoted
as FY, to learn clustering-consistency semantics {UY €
RAXxelm  from the view-specific latent features {ZV}™,.
This process can be mathematically represented as follows:

= Softmaz(FC(Z")). )

The matrix U" represents the probability distribution of
each instance assigned to a specific cluster. Specifically,
each entry u; g in U" corresponds to the probability that the
i-th instance in the v-th view is assigned to the j-th cluster.
Inspired by Contrastive clustering (Li et al. 2021), we aim
to achieve clustering consistency by ensuring that instances
of each sample across different views share the same clus-
tering assignment vector. The cross-view self-supervision is
then defined using the following contrastive loss:

1
£,(U,U% = —=
C
- ed(U:i’U:h,i)/TC (10)
1 )
Z og Z§=1 sza \ oAU, U /e _ 1/70

i=1
where 7¢ is the temperature parameter and U?; denotes the
i-th column of the matrix U® in the a-th view. To avoid



Algorithm 1: Optimization Algorithm

Input: Partially view-aligned dataset {X"}_,, the
index sets of aligned €2 and unaligned ¥ data,
and the number of clusters ¢

Output: Clustering result and trained model

1. Pre-training:

Pre-train autoencoders via reconstruction loss L.

2. Training using all data:

while t < T do

e Update view-specific autoencoders using L, to obtain
latent features Z.

* Refine the distribution-consistent semantics H and
clustering-consistent semantics U from Z and €2 using
Leon and Ly, A

* Construct anomalous view combinations H using Eq. 6
based on the unligned subset W.

 Update the anomaly detection g using L4, and refresh
the aligned index set ) by Eq. 8.

e t=1t+1.

end

3. Clustering: The clustering results are obtained
from cluster consistency features via argmax.

the occurrence of multiple peaks in the clustering assign-
ment vector, we introduce a cross-feature self-supervision
constraint, defined as:

C

1 N 1 N
(U =) (5 D uip)los( D _uiy) (D
=1 1

j=1 i=

Additionally, to prevent invalid solutions where all in-
stances are assigned to a single cluster while enhancing clus-
tering performance, we combine the clustering-consistency
semantics with the distribution-consistent semantics from
the progressive view alignment. We then implement cross-
semantic self-supervision using the following cross-entropy
loss:

gs(QvU’U) = 7Q10nga (12)
where Q is the one-hot encoding obtained by applying K-
means clustering on the combination of the distribution-
consistent and clustering-consistent semantics, finally, the
overall clustering loss is expressed as:

1 & u
»Cclu: izzgv( SZ?U?Z)
a=1 b#a (13)

m

+ D 0(UG) + Y 4:(Qa, UY)
v=1

v=1

Optimization

We adopt a two-phase strategy: pre-training to optimize
view-specific autoencoders, and fine-tuning to update model
parameters and cross-view correspondences in an alternat-
ing manner. The training process is summarized as follows:
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Dataset ‘ Samples  Classes Features
WebKB 1051 2 {2949,334}
Caltech5V 1400 7 {40,254,928,512,1984}
HandWritten 2000 10 {240,216,76,47,64,6}
BDGP 2500 4 {1750,79}
Fashion 10000 10 {784,784,784}
Reuters 18758 6 {10,10,10,10,10}

Table 1: Statistics of the datasets.

* We adopt a pre-training strategy to optimize the param-
eters of view-specific autoencoders. In this phase, both
the encoder and decoder are trained with a reconstruction
loss L., ensuring that the input of each view is mapped
into a unified latent space of consistent dimensionality.

* The fine-tuning alternates between two key steps: updat-
ing model parameters to obtain clustering-consistent se-
mantics, distribution-consistent semantics, and anomaly
detection results, and updating the aligned and unaligned
index sets, €2 and W. First, the progressive view align-
ment module is optimized using distribution alignment
loss Lcon and anomaly detection loss L;4. In contrast,
the consistency clustering module uses the triplet self-
supervised consistency clustering loss L.;,. Then, the
most reliable view combinations, identified by anomaly
detection, are assigned to the aligned subset €2 for fur-
ther optimization. These steps are iteratively refined to
improve performance.

* Finally, a unified representation is derived by averaging
the re-aligned clustering consistency semantics across
views. The clustering results are subsequently obtained
by identifying the index of the maximum value in the
feature dimensions.

The overall optimization process of the proposed method is
summarized in Algorithm 1.

Experiments
Experimental Settings

Datasets. Six popular multi-view datasets are used to eval-
uate the proposed method, including: WebKB, Caltech5V
(Xu et al. 2024), HandWritten (Liu et al. 2023b), BDGP
(Wang et al. 2024a), Fashion (Xu et al. 2022), Reuters
(Yang et al. 2021). A brief description of these datasets is
summarized in Table 1.

Compared methods. We compare our method with seven
MVC methods, including: LMVSC (Kang et al. 2020),
GMC (Wang, Yang, and Liu 2019), SMVSC (Sun et al.
2021), OPMC (Liu et al. 2021), AE>-NETs (Zhang, Liu, and
Fu 2019), FastMICE (Huang, Wang, and Lai 2023), MFLVC
(Xu et al. 2022), and seven PVC methods, including: PVC
(Huang et al. 2020), MVC-UM (Yu et al. 2021), MvCLN
(Yang et al. 2021), SURE (Yang et al. 2022), VITAL (He
et al. 2024), CGCN (Wang et al. 2024b), CGDA (Wang et al.
2024a). For a fair comparison, we present the experimental
results of all competing methods by either referencing the
reported outcomes from relevant studies (Yang et al. 2021;
Wang et al. 2024b,a) or by utilizing the released source code
with their recommended optimal parameter settings.



Methods WebKB Caltech2V HandWritten-2V BDGP Fashion-2V Reuters-2V
ACC NMI ARI | ACC NMI ARI | ACC NMI ARI | ACC NMI ARI | ACC NMI ARI | ACC NMI ARI
GMC 77.93  0.50 1.76 | 19.71 1025 0.49 | 43.50 51.29 30.50 | 31.40 16.06 2.56 | 47.28 5596 2342|2698 450 046
AE?-NETs | 60.61 0.17 135 | 17.43  1.44 040 | 69.10 6645 56.08 | 39.16 17.77 6.15 | 6543 61.09 47.86 | 3549 10.61 8.07
LMVCS | 61.27 0.81 1.00 | 43.14 26.84 1898 | 7555 67.35 59.73 | 4820 25.07 17.08 | 65.99 60.19 49.60 | 45.13 17.86 17.03
SMVSC | 7231 486 1345 | 36.78 19.74 1345 | 6420 53.14 4226 | 50.88 29.63 24.59 | 59.95 54.28 4383 | 4572 1498 17.09
OPMC 5519 559  0.17 | 3736 21.09 1498 | 56.15 51.34 39.66 | 46.36 27.52 2253 | 57.10 61.27 4724 | 40.83 11.54 10.73
MFLVC | 66.03 1343 1022 | 41.79 2933 2333 | 5455 42.12 30.32 | 59.88 27.82 2649 | 80.68 70.16 65.04 | 37.43 16.50 12.78
FastMICE | 78.74 3.23 10.53 | 4791 30.75 25.08 | 72.67 63.94 56.01 | 57.68 30.60 27.42 | 70.58 63.22 54.77 | 3491 1596 10.87
PVC 1732 644 1533 | 26.64 20.34 12.06 | 76.45 7447 6622 | 8476 64.83 66.17 | 68.34 68.66 54.82 | 42.07 2043 16.95
MVC-UM | 72.12 005 0.82 | 46.28 3191 2533 | 7145 69.16 6047 | 46.68 21.88 881 | 52.07 47.15 3421 | 3402 11.10 1225
MvCLN | 68.98 4.17 10.53 | 5421 4255 3426 | 73.10 70.00 57.93 | 73.04 46.15 4428 | 84.37 7548 71.46 | 50.16 30.65 24.90
SURE 63.65 1.62 490 | 3271 1634 10.04 | 77.31 7242 63.01 | 79.29 5795 55.87 | 84.88 77.19 72.76 | 50.09 29.61 22.08
VITAL 6049 1220 4.29 | 58.63 48.10 4049 | 87.18 76.61 73.79 | 66.14 50.15 42.63 | 90.06 81.62 80.20 | 50.34 35.52 21.92
CGCN 57.09 1235 0.09 | 60.29 49.19 4038 | 71.15 71.79 61.05 | 86.64 66.41 6991 | 81.35 7422 68.39 | 51.81 3198 26.61
CGDA 78.12 447 426 | 53.07 3896 3096 | 83.16 79.24 73.01 | 90.74 77.40 78.84 | OM OM OM OM oM oM
Ours 83.63 24.22 40.25 | 63.14 50.70 42.29 | 9445 88.56 88.19 | 92.76 80.57 82.90 | 91.45 84.66 82.81 | 5479 35.38 26.78

Table 2: Comparison of clustering performance under the partially aligned two-view

results are in bold, second-best in underline. ’"OM” denotes Out of Memory.”

setting on six benchmark datasets. Best

Methods Caltech3V Caltech4V Caltech5V Fashion-3V Reuters-5V HandWritten-6V
ACC NMI ARI | ACC NMI ARI | ACC NMI ARI | ACC NMI ARI | ACC NMI ARI | ACC NMI ARI
GMC 1779 623  0.18 | 1821 844 020 | 29.00 1598 423 | 60.31 6349 3924 | 3191 941 0.35 | 4225 5198 18.00
LMVCS | 4371 30.24 21.04 | 41.00 2227 15.64 | 44.85 2733 20.01 | 64.60 57.16 4545 | 42.09 1546 15.72 | 67.65 6507 54.19
SMVSC | 41.57 1897 13.77 | 4350 19.93 12.52 | 45.14 22.08 14.57 | 57.19 53.75 46.03 | 4439 1398 15.15 | 63.65 59.24 4872
OPMC 37.00 16.63 11.73 | 4250 2292 16.02 | 4743 2237 1720 | 63.06 59.74 47.03 | 40.88 2032 12.61 | 82.15 7544 68.97
MFLVC | 3357 2237 1528 | 35.64 1792 1139 | 3729 1931 13.60 | 8046 68.80 64.04 | 33.54 13.59 9.16 | 69.35 5821 4878
FastMICE | 41.74 23.62 16.28 | 4221 2271 15.10 | 4321 24.12 1827 | 69.85 61.70 57.90 | 3225 13.69 8.66 | 7899 69.62 63.48
pvCt 4457 3243 2230 | 42.79 3350 2227 | 4486 3478 2532 | 66.69 7027 5296 | 40.33 2253 15.03 | 29.35 36.83 19.13
MVC-UM | 4842 32.68 2591 | 4871 3276 2593 | 61.14 43.20 36.07 | 57.30 55.67 42.04 | 36.74 14.15 1531 | 70.90 69.08 58.52
VITAL" | 64.00 51.72 43.89 | 71.17 5776 51.48 | 76.14 59.52 52.69 | 90.52 80.03 80.48 | 53.18 33.71 20.06 | 78.70 74.17 67.15
CGCN 6343 5575 4631 | 66.50 5570 48.77 | 73.93 66.57 61.84 | 90.02 82.81 80.34 | 46.27 28.09 23.97 | 5695 51.73 39.66
Ours 65.29 5395 45.87 | 71.79 59.63 53.73 | 78.00 62.65 59.22 | 93.70 87.73 86.92 | 56.65 37.81 30.42 | 86.20 84.87 79.29

Table 3: Comparison of clustering performance under the partially aligned more than two-view setting on six benchmark

datasets. Best results are in bold, second-best in underline.

r C r Caltech3V HandWritten-2V Reuters-5V
elu con alg ACC NMI ARl ACC NMI ARl ACC NMI ARI
2450 9.17 212 1000 000 000 29.72 256 0.32
v 2793 1929 591 1870 2273 477 3996 1492 774
v 2457 972 394 2235 2836 7.62 3545 5.05 1.80
v v 31.00 2244 793 2590 3032 657 3106 14.07 0.86
v 60.07 48.01 40.16 8515 8579 79.83 53.14 33.15 28.12
v v 6121 S51.74 41.15 93.00 86.04 8520 54.66 3633 2845
v v 63.07 5125 4409 8525 85.07 79.16 50.04 3684 30.14
w/o Progressive 64.07 52.65 45.19 93.60 86.92 86.42 5485 3736 30.35
Complete 65.29 5395 4587 9445 88.56 88.19 56.65 37.81 30.42

Table 4: Ablation studies on different loss functions and pro-
gressive training strategy.

Evaluation metrics. To assess the clustering performance,
we utilize three commonly used evaluation metrics: Accu-
racy (ACC), Normalized Mutual Information (NMI), and
Adjusted Rand Index (ARI).

Clustering Results Comparision

Comparison in classic settings. To evaluate the effective-
ness of the proposed method, we comprehensively compared
its clustering performance with that of the state-of-the-art
(SOTA) MVC and PVC methods. Given the limitations of
traditional MVC methods in addressing partial alignment is-
sues, we first applied PCA for dimensionality reduction and
used the Hungarian algorithm for realignment before clus-
tering. Since most PVC methods are evaluated on two-view
datasets, we present clustering results with a 50% alignment
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rate in a two-view setting for fair comparison, as shown
in Table 2. The key observations are as follows: 1) PVC
methods, designed specifically for partial alignment scenar-
ios, consistently outperform traditional MVC methods, par-
ticularly on datasets such as BDGP, HandWritten-2V, and
Fashion-2V. This improvement can be attributed to the abil-
ity of PVC methods to realign partially aligned data, thereby
enhancing clustering outcomes effectively. 2) Compared to
other advanced PVC methods, our approach demonstrates
consistent superiority across all datasets, highlighting the
effectiveness of the proposed progressive view alignment
strategy and triplet self-supervised clustering mechanism in
handling partial alignment challenges.

Comparision of varying view number. To further evalu-
ate the robustness of our model in multi-view scenarios, we
compared clustering performance under 50% alignment rate
across varying number of views, as shown in Table 3. For
fairness, we extended PVC and VITAL into multi-view set-
tings, denoted as PVC™ and VITAL™, respectively. In con-
trast, MvCLN, SURE, and CGDA, which rely on mecha-
nisms tailored specifically for two-view setting, cannot be
easily adapted to multi-view scenarios. The results demon-
strate that VITAL', CGCN, and our approach consistently
exhibit clear advantages in multi-view alignment tasks. Our
method achieves the best or second-best clustering perfor-
mance across all settings, underscoring its robustness in ef-
fectively handling view alignment beyond two views.



—+— MFLVC PVC SURE —— CGCN
—— FastMICE —+— MvCLN VITAL —— Our
HandWritten-6V Reuters-2V

—.—

——

20
0.10.20.30.40.50.60.70.80.91.0
aligned rate

3%‘1 0.20.30.40.50.60.70.80.91.0
aligned rate

Figure 3: The clustering performance compared with several
competing methods under varying alignment ratios.

Comparision of varying alignment ratio. Finally, we as-
sessed the performance of our method under varying align-
ment ratios, ranging from 10% to 100% in increments of
10%, across two datasets. As shown in Fig. 3, the clustering
performance of all PVC methods improves with increasing
alignment ratios. However, our method consistently outper-
forms other SOTA approaches across all alignment ratios.
Notably, it maintains competitive performance even at lower
alignment ratios, demonstrating its robustness and reliabil-
ity. These findings suggest that higher alignment ratios en-
hance clustering performance by providing more cross-view
correspondences, and our method remains stable and effec-
tive under challenging conditions with limited alignment.

Model Analysis

Ablation Studies. We conducted ablation experiments with
different loss combinations to evaluate the effectiveness of
the proposed model. By analyzing the clustering results
across three datasets in Table 4, it is evident that the best per-
formance is achieved when all three loss functions are uti-
lized simultaneously. The clustering loss £, plays a critical
role in determining the quality of pseudo-labels, directly in-
fluencing both clustering results and view alignment. Conse-
quently, removing the clustering loss results in a significant
decline in performance. Additionally, the clustering perfor-
mance improves markedly when contrastive loss L., and
view alignment loss L,;, are used together, rather than in
isolation, underscoring that their combination enhances the
effectiveness of view alignment. Finally, ”w/o Progressive”
denotes excluding the progressive training strategy. The re-
sults highlight the effectiveness of prioritizing reliable re-
aligned samples in our progressive training approach.
Effective of View Alignment. To illustrate that reformulat-
ing the view alignment task as an anomaly detection prob-
lem offers greater robustness than distance-based alignment
methods, we visually compare the heatmaps for anomaly
scores and cross-view cosine similarities in a two-view set-
ting. As shown in Fig. 4, the anomaly score heatmap reveals
a more distinct diagonal block structure, with a sharper con-
trast between correct and incorrect alignments, thereby em-
phasizing the efficacy of our view alignment strategy.

To further validate the effectiveness of our model in ad-
dressing view alignment tasks involving more than two
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Figure 4: The visualization comparison of cosine similarity
(a) and anomaly scores (b) under a 50% alignment rate.
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Figure 5: The Sankey diagram compares view alignment on
Caltech4V using the Hungarian algorithm and our method.
Columns represent views, and colors denote clusters. Ide-
ally, perfect alignment shows a one-to-one correspondence
between views within each cluster.

views, we assessed the quality of the constructed cross-view
correspondences. Specifically, Sankey diagrams were em-
ployed to visually compare the view alignment results pro-
duced by the Hungarian algorithm and our proposed method,
as illustrated in Fig. 5. The results highlight the superior
capability of our method in accurately establishing cross-
view correspondences, thereby significantly enhancing the
efficiency and effectiveness of model training.

Conclusion

This study introduces a novel framework for PVC, refor-
mulating view alignment as an anomaly combination detec-
tion task. Unlike traditional methods sensitive to noise and
inconsistencies, our approach combines a progressive view
alignment module with a self-supervised consistency clus-
tering module. These modules iteratively realign data and
optimize model parameters, effectively addressing noise and
incomplete alignments. Experiments on benchmark datasets
demonstrate that our method achieve superior view align-
ment and clustering performance. This work presents a ro-
bust solution to PVC challenges and lays the foundation for
future advancements in multi-view learning.
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