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Abstract

Multi-view document clustering (MvDC) aims to improve
the accuracy and robustness of clustering by fully consid-
ering the complementarity of different views. However, in
real-world clustering applications, most existing works suf-
fer from the following challenges: 1) They primarily align
multi-view data based on a single perspective, such as fea-
tures and classes, thus ignoring the diversity and compre-
hensiveness of representations. 2) They treat each instance
equally in cross-view contrastive learning without consider-
ing ambiguous ones, which weakens the model’s discrimina-
tive ability. To address these problems, we propose an am-
biguous instance-aware contrastive network with multi-level
matching (AICN-MLM) for MvDC tasks. This model con-
tains two key modules: a multi-level matching module and an
ambiguous instance-aware contrastive learning module. The
former attempts to align multi-view data from different per-
spectives, including features, pseudo-labels, and prototypes.
The latter dynamically adjusts instance weights through a
weight modulation function to highlight ambiguous instance
pairs. Thus, our proposed method can effectively explore
the consistency of multi-view document data and focus on
ambiguous instances to enhance the model’s discriminative
ability. Extensive experimental results on several multi-view
document datasets verify the effectiveness of our proposed
method.

Introduction

In this era of rapid information development, data often orig-
inates from various sources, such as news organizations re-
porting the same event in different languages. Many studies
treat each language document as a separate view, utilizing
multi-view analysis techniques to explore semantic informa-
tion from multilingual documents. Compared with single-
view data, multi-view data offers a more comprehensive
understanding and usually achieves better results in down-
stream tasks. Multi-view clustering (MVC) (Chao, Sun, and
Bi 2021) attempts to reveal hidden data patterns and group
structures by integrating information from multi-view data.
Existing MVC methods are divided into two offers: tradi-
tional MVC methods and deep MVC methods.
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Traditional MVC methods (Wang et al. 2022b; Li et al.
2023; Shu et al. 2023) usually use shallow machine learn-
ing techniques to cluster multi-view data. For example, ma-
trix factorization-based MVC methods (Zhao, Ding, and Fu
2017; Wang, Zhang, and Gao 2018) learn latent representa-
tions by decomposing the original multi-view data matrix.
Graph-based MVC methods (Li et al. 2021; Huang et al.
2021) exploit the structural information of multi-view data
by learning graph representations and then performing spec-
tral clustering algorithms. Subspace-based MVC methods
(Li et al. 2019a; Yin, Wu, and Wang 2015) aim to learn a
low-dimensional subspace from original high-dimensional
data that can better reveal the intrinsic structure. However,
due to the limited representation ability of shallow learning
methods, they usually perform poorly in complex scenarios
such as multilingual document clustering.

Recently, deep MVC (DMVC) technology has attracted
increasing attention due to the excellent feature representa-
tion ability of deep neural networks (DNNs). DMVC meth-
ods based on shared representation learning (Du et al. 2021;
Xu et al. 2021a) learn nonlinear feature representations be-
tween different views by using autoencoders while main-
taining consistency in the latent space through parameter
sharing and reconstruction loss. DMVC methods based on
self-supervised learning (Xu et al. 2022a; Xia et al. 2021)
usually design self-supervised losses to optimize the autoen-
coder network jointly. GCN-based DMVC methods (Zhao,
Yang, and Nie 2023; Cheng et al. 2021) use GCN to auto-
matically learn node feature representations, thus effectively
capturing high-order structural relationships between multi-
view data. GAN-based DMVC algorithms (Li et al. 2019b;
Shu et al. 2024) try to align the feature distributions of multi-
view data through generators and discriminators. Most exist-
ing DMVC methods utilize contrastive learning techniques
to explore the consistency of multi-view data by maximiz-
ing the similarity between positive pairs and minimizing it
between negative pairs in the latent space (Xu et al. 2022b;
Chen et al. 2023). However, they treat all positive and neg-
ative instance pairs equally, without considering that some
instance pairs are easier to classify while others are more
challenging and ambiguous.

Although the effectiveness of these techniques has been
demonstrated in several real-world applications, they suffer
from the following challenges: 1) The distribution of multi-



view data may be biased due to its multi-source attributes.
Moreover, most existing methods only align multi-view data
from the instance or cluster level. Therefore, they cannot
provide a comprehensive alignment strategy across different
views; 2) Previous contrastive learning approaches treat all
instances equally and overlook ambiguous instances that are
difficult to classify, thus limiting the model’s discriminative
ability.

To address the above issues, we propose a novel
multi-view document clustering method, called ambigu-
ous instance-aware contrastive network with multi-level
matching (AICN-MLM). It includes three main modules: a
multi-view data reconstruction module, a multi-level match-
ing module, and an ambiguous instance-aware contrastive
learning module. Specifically, the multi-view data recon-
struction module aims to learn suitable feature representa-
tions for clustering from the original multi-view data. The
multi-level matching module consists of multi-view simi-
larity distribution matching (SDM) and cross-view proto-
type matching (CVPM). The SDM seeks to align multi-view
data by minimizing the difference between the normalized
multi-view similarity score distribution and the normalized
pseudo-label matching distribution. The CVPM establishes
the corresponding relationship by minimizing the Jensen-
Shannon divergence (JS) between the prototypes of multi-
view data. Additionally, the ambiguous instance-aware con-
trastive learning module uses an adaptive instance weighting
function to dynamically adjust the weights of instance pairs
according to their confidence levels. Therefore, it can pay
more attention to ambiguous instance pairs and significantly
improve the network’s discriminative ability. Extensive ex-
perimental results on several datasets have shown the advan-
tage of the proposed method in MvDC tasks.

The main contributions of this paper are summarized as
follows:

e In our proposed method, we introduce a novel ambigu-
ous instance-aware contrastive network that dynamically
adjusts instance weights to emphasize ambiguous pairs,
thereby enhancing the network’s discriminative ability.

We propose a multi-level matching strategy that aligns
the feature of multi-view document data with pseudo-
label distributions and view prototype sets, effectively
exploring the consistency of multi-view document data.

Extensive experiments are conducted on seven self-
constructed multilingual document datasets and one pub-
lic multilingual document dataset, demonstrating the su-
periority of our proposed method in multi-view docu-
ment clustering.

Related Work
Deep Multi-view Clustering

In the past few years, DMVC has become an essential
technique in multi-view clustering tasks, effectively extract-
ing feature information from high-dimensional and com-
plex multi-view data due to the powerful feature repre-
sentation ability of DNNs. Among them, autoencoders are
widely used to learn latent representations of multi-view
data. Li et al. utilized autoencoders to learn latent shared
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representations between different views and adopted adver-
sarial training to capture the latent distribution of multi-
view data (Li et al. 2019b). Kusner et al. extracted the fea-
ture information of the multi-view data using variational au-
toencoders to model the data distribution and learn robust
representations effectively (Kusner, Paige, and Hernandez-
Lobato 2017). Xu et al. learned to disentangle view-shared
and view-specific visual representations and then achieved
multi-view data clustering tasks (Xu et al. 2021b). Another
type of DMVC method has recently utilized GCN to model
the structural relationship between different views. Cheng
et al. introduced a multi-view attribute graph convolutional
network (MAGCN) to cluster multi-view attribute graph
data (Cheng et al. 2021). Zhou et al. adopted adversarial
learning and attention mechanisms to align latent feature
distributions and quantify the importance of different modal-
ities (Zhou and Shen 2020). Wang et al. combined adversar-
ial training and adaptive fusion techniques to extract consis-
tent latent representations from multi-view data (Wang et al.
2022a). However, existing DMVC methods only align multi-
view data from a single perspective, ignoring the diversity
and complementarity of multi-view data.

Contrastive Learning

Contrastive learning (Chuang et al. 2020; Lin et al. 2021;
Xu et al. 2022b; Yang et al. 2023) has been widely applied
in deep clustering and representation learning. Its core goal
is to maximize the similarity between positive instance pairs,
minimize the similarity between negative instance pairs, and
enhance the consistency between different views by aligning
the encoded representations.

In recent years, various studies have explored different
contrastive learning frameworks in MVC tasks (Xu et al.
2022b; Chen et al. 2023). Yang et al. proposed a dual con-
trastive calibration mechanism to maintain the consistency
of similar but different instances in cross-view scenarios
(Yang et al. 2023). Yan et al. attempted to learn consen-
sus and view-specific representations from multiple views
through global and cross-view feature aggregation, and then
used structure-guided contrastive learning to align the fea-
ture representations of each view (Yan et al. 2023). These
studies investigate the application of contrastive learning to
enhance multi-view clustering performance. However, they
treat all positive and negative instance pairs equally and ne-
glect ambiguous ones, resulting in suboptimal performance
improvement.

Method
Network Architecture

As shown in Figure 1, the proposed AIACN-MLM method
consists of three modules: a multi-view data reconstruction
module, a multi-level matching module, and an ambiguous
instance-aware contrastive learning module. Next, we will
provide a detailed introduction to these three modules.

Multi-view Data Reconstruction

Since multi-view data usually contain redundant informa-
tion and random noise that can adversely affect cluster-
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Figure 1: The overall structure of the proposed AICN-MLM method.

ing tasks, autoencoders are commonly used to learn salient
representations from original multi-view data. Specifically,
we denote the encoder and decoder of the v-th view as
f(x?;0v) and g¥(x¥; "), respectively, where 6¥ and v
represent the network parameters corresponding to the en-
coder and decoder, respectively. Thus, the low-dimensional
feature learned from multi-view data using the model’s en-
coder can be represented as follows:

hi = f*(xi;6°), e
where h{ is the embedded feature of z}. The decoder recon-
structs the instance by low-dimensional feature representa-
tion A} . Therefore, multi-view data reconstruction using the
decoder gV (hY; ¢¥) can be expressed as follows:

“(hi';8"). 2
where 27 denotes the reconstructed instance. The recon-
struction loss from input X to output X" is denoted as

Lec- Thus the reconstruction objective loss of all views is
formulated as follows:

F

3)
SN e = gt (£ (07005,

where N denotes the number of instances in a batch, and V'
represents the number of views. By optimizing Eq.(3), we
can obtain low-dimensional feature representations of multi-
view data for clustering tasks.

20481

Multi-level Matching

To explore the consistency of multi-view data, we design a
multi-level matching strategy in the proposed method. It in-
cludes the multi-view similarity distribution matching mod-
ule (SDM) and the cross-view prototype matching module
(CVPM). The SDM module aligns feature representations
from different views by minimizing the Maximum Mean
Discrepancy (MMD) between the cosine similarity distri-
butions and pseudo label distributions. The CVPM mod-
ule establishes prototype correspondences by optimizing the
Jensen-Shannon divergence (JS) between cross-view proto-
types.

In SDM, we initially stack a single-layer linear MLP on
the low-level features h" to obtain the high-level features 2",
denoted as z° = F({h"}Y_,; Wy ), where W represents a
set of learnable parameters. Next, we calculate the cosine
similarity matrix s of the high-level features z¥ of multi-
view data. Then, the high-level features 2z of each view are
concatenated to obtain the common features z. We perform
k-means clustering on z to obtain the pseudo-labels. Finally,
we minimize the MMD to align the view similarity distribu-
tion and the pseudo-labels distribution.

Given /N multi-view instance pairs, the high-level features
of the ¢-th instance in the m-th view are denoted as 2. Then
we construct a set of representation pairs of different views,
ie. {(z", z;?),yi,j}f-\fj:l, where y; ; is the matching label.
Specifically, y; ; indicates whether the i-th instance and the
J-th instance belong to the same category. If y; ; = 1, then
(27", zI") is a matching pair of the same class, while y; ; = 0

[Nt



represents an unmatched pair. The probability of a matching
pair can be calculated using the following softmax function:

exp(sim(=}", 22)/7)

Sy exp(sim (2, 21 /1)

4,3

“

Dij =

mT n

z;
20) = W represents the cosine sim-

]
ilarity between 2" and z7 and T is the temperature hyper-
parameter that controls the sharpness of the probability dis-
tribution.

The loss of the SDM between the m-th view and the n-th
view in a batch is calculated as follows:

sdm = sz’i{ %,]aPzg

where sim/(z]"

i= 1] 1 (5)
2
= Z Z HEQL j Q1,] ] Epi,j [@(pi,j)] ||7.[ )
where ¢; ; = Nyi’jy‘ - is the predict match probability.
ij=1Yi.j

Here, H represents the Reproducing Kernel Hilbert Space
(RKHS), and ¢(-) represents the mapping function that
projects the original feature to RKHS, such as the Gaussian
kernel function.

We assume that the cluster distributions of two related
views should be closer to each other. To this end, we in-
troduce a prototype matrix C' = [cy, o, ..., c;] € RPXE,
where K is the number of clusters, and D is the dimen-
sion of the embedding across all views. Each c;, represents
a trainable prototype vector, indicating the center of the cor-
responding cluster. In practice, we use a linear layer to learn
the prototype matrix C'

The cross-view prototype matching module uses Jensen-
Shannon (JS) divergence to measure the pairwise prototype
differences between cross-views in the feature space. Specif-
ically, the loss function of the cross-view prototype match-
ing can be defined as follows:

1 2% p(CJ) >
Levpm =5 i)l ———— | +
2% p(Cy)

K
%ZP(CI?)IOg ( (
k=1

p(C) + p(cz?>> ’

where p(C}*) and p(C}') represent the probability distribu-
tion of the k-th prototype in the m-th view and the n-th view,
respectively.

By matching the prototype-to-prototype correspondence
between each pair of views, this module calibrates the rela-
tionship between prototypes in different views, thereby solv-
ing the prototype-shift problem and further improving clus-
tering performance.

Ambiguous Instance Aware Contrastive Learning

Traditional contrastive learning methods minimize InfoNCE
loss by pulling together instances of the same category from
different views while pushing dissimilar instances apart.
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However, these methods treat ambiguous and clear instance
pairs equally, which can limit the discriminative ability of
the network. To address this issue, we propose a weight ad-
justment function M to dynamically adjust the weights of
instance pairs during training. Thus, we first calculate the
distance from the instance to the cluster center, and then ob-
tain the confidence score. The top A instances, based on this
score, form the high-confidence instance set H € RM Here,
A is the confidence hyperparameter, and M is the number of
high-confidence instances. We then derive the pair pseudo-
labels Q@ € REXN from the instance pseudo-labels P as
1 P, = P,

follows:

Based on the similarity function .S and the pair pseudo-labels
@, the weight adjustment function M is formulated as fol-

lows:
1 ifi,7¢ H
M(z{”,zf):{ Norm(S(zm 2] 121,]% ’
|Qij — Norm(S(2", 2}))[7 ot erw1s(eé)
where z]" represents the ¢-th instance of the m-th view, vy is

the focusing factor, and Norm represents the Min-Max nor-
malization. S(z!", z;') represents the cosine similarity be-
tween the i-th instance in m-th view and the j-th instance in
n-th view. In Eq.(8), when the confidence of the instance is
low, we keep the initial setting in the InfoNCE loss. When
the instance has high confidence, the instance weight is mod-
ulated by the pseudo information and instance similarity. M
can increase the weight of ambiguous instances while reduc-
ing the weight of clear instances.

Specifically, when the ¢-th and j-th instances are identi-
fied as a positive pair (Q);; = 1), their possibility of being
classified into the same category increases with their simi-
larity. Therefore, M increases the weight of positive pairs
with less similarity (ambiguous instances) and decreases the
weight of positive pairs with greater similarity (clear in-
stances). The ambiguous instance-aware contrastive loss for
the i-th instance of the m-th view is given as follows:

L

K2

) = —log
N

2z €

( M2 ,z:) S (= 7z"’) —|—8M(2‘ 2] n)-S(zr z;’))

m
i

Mz, 2)-S(2

Zn.)

(€))

N
>j=ale
In contrast to traditional InfoNCE loss, our weight modu-
lation function M increases the weight of ambiguous in-
stance pairs and reduces the weight of clear instance pairs.

The overall loss formula is given as follows:

ZZﬁ

m=1 i=1

(10)

azcl

This ambiguous instance-aware contrastive loss can guide
the network to pay more attention to ambiguous instances,
thereby enhancing the model’s discriminative ability.

Loss Function

By integrating the reconstruction loss L,.., the similarity
distribution matching loss L4, the cross-view prototype



matching loss L, and the ambiguous instance-aware
contrastive loss L;.;, the total loss function of the proposed
method is formulated as follows:

L= ‘Crec + Laicl + aﬁcvpm + ﬁﬁsdma (1 1)

where « and (3 are the trade-off hyperparameters.

Experiments

In this section, we conducted extensive experiments to eval-
uate the effectiveness of the proposed method in MVC tasks.

Datasets

The experiments were carried out using two datasets: a self-
constructed multilingual document dataset (KUST) and a
public multilingual document dataset (Reuters).

The KUST multi-view document dataset includes the
following seven subsets: (1) KUST-ETD has 10,000 in-
stances spanning 10 themes, with English and Thai docu-
ment views. (2) KUST-CTD consists of 10,000 instances
from 10 themes, each with views of Chinese and Thai doc-
uments. (3) KUST-CVD comprises 10,000 instances with
Chinese and Vietnamese documents, divided into 10 distinct
classes. (4) KUST-CED contains 10,000 instances with Chi-
nese and English documents, categorized into 10 groups. (5)
KUST-CBD includes 10,000 samples from 10 themes with
views of Chinese and Burmese documents. (6) KUST-BTD
includes 10,000 instances with Burmese and Thai docu-
ments, across 10 themes. (7) KUST-CLD consists of 10,000
instances from 10 themes with Chinese and Laos document
views.

The Reuters dataset contains 9379 samples from six
classes, with English and French views projected into a 10-
dimensional space using a standard autoencoder, following
the method described by Yang et al. (Yang et al. 2022).

Comparison Methods And Evaluation Measures

To verify the superiority of our proposed method, we con-
ducted a comprehensive comparison with several state-of-
the-art MVC methods, such as DEMVC (Xu et al. 2021a);
SDMVC (Xu et al. 2022a); DSMVC (Tang and Liu 2022);
MFLVC (Xu et al. 2022b); FastMICE (Huang, Wang, and
Lai 2023); GCFAgg (Yan et al. 2023); DealMVC (Yang
et al. 2023); CVCL (Chen et al. 2023); DIVIDE (Lu et al.
2024); ICMVC (Chao, Jiang, and Chu 2024); and MAGA
(Bian et al. 2024).

To evaluate clustering performance, we employed four
widely accepted metrics: accuracy (ACC), normalized mu-
tual information (NMI), adjusted Rand index (ARI), and pu-
rity (PUR). Generally, higher values in these metrics indicate
better clustering performance.

Implementation Details

All samples were reshaped into vectors, and then the fully
connected (FC) autoencoders with a similar architecture
were used to extract low-dimensional features A” of multi-
view document data. Specifically, the structure of the en-
coders was given as follows: Input — FC 500 — FC 500 —
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FC 2000 — FC 512, and the decoders mirrored with the en-
coder. The following settings were consistent across all ex-
perimental datasets: The ReL.U activation function was ap-
plied to all layers except for the output layer. Adam opti-
mizer was used with a default learning rate of 0.0003. The
confidence parameter A was set to 0.9, the focusing factor ~y
to 1, and the temperature parameter 7 to 0.02. For the KUST-
CB and KUST-CL datasets, we fixed the parameters o and
B to 0.001 and 1, respectively. For other datasets, o and 3
were fixed to 0.001 and 0.01. To ensure fairness in compar-
ing results, we ran all the methods five times and reported
their average clustering results. The clustering experiments
were performed on an Ubuntu computer with an NVIDIA
GeForce RTX 3090 GPU (24.0GB memory size).

Experimental Results And Analysis

In our experiments, we compared our proposed method with
several state-of-the-art methods with different metrics. Ta-
bles 1 and 2 show the experimental results of various meth-
ods on eight datasets. It is worth noting that the best value of
the clustering result was highlighted in bold format. It can
be seen that our proposed approach outperforms other state-
of-the-art methods across various datasets.

On the one hand, our proposed method adopts a multi-
level matching strategy to explore the consistency of multi-
view data from different perspectives, such as features,
pseudo-labels, and prototypes. By minimizing the MMD be-
tween the cosine similarity distribution of views and the
pseudo-label distribution in the feature space, we can more
effectively align the representation of each view. Further-
more, our cross-view prototype matching aligns prototype
matrices across views, addressing the prototype offset issue
and significantly improving clustering performance.

On the other hand, we introduce an ambiguous instance-
aware strategy in contrastive learning. Our instance weight
adjustment function dynamically increases the weights of
ambiguous instance pairs while reducing the weights of
clear instance pairs. It effectively distinguishes positive in-
stance pairs with low similarity and negative instance pairs
with high similarity, providing comprehensive training for
all instance pairs. As a result, this significantly enhances the
network’s discriminative ability, leading to better clustering
performance.

Ablation Study

In this subsection, we conducted ablation experiments to
assess the contribution of each component in the proposed
method under the same experimental settings. Specifically,
we constructed six variants of our proposed method: (1) Ex-
cluding the similarity distribution matching module, called
AICN-MLM (w/o SDM); (2) Removing the cross-view pro-
totype matching module, termed AICN-MLM (w/o CVPM);
(3) Eliminating the ambiguous instance aware contrastive
learning module, labeled AICN-MLM (w/o AICL); (4) Ex-
cluding the ambiguous instance-aware component within
the AICL module, referred to as AICN-MLM (w/o Al); (5)
Using KL divergence to replace the MMD in the SDM mod-
ule, referred to as AICN-MLM (w/ KL in SDM); (6) Replac-
ing JS divergence with KL divergence in the CVPM module,



KUST-ETD KUST-CTD KUST-CVD Reuters
Method

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

DEMVC (2021) 67.19 6724 5386 68.07 5293 59.13 4048 5528 52.83 56.80 37.15 5328 5098 3091 2521 55.37
SDMVC (2022) 62.87 70.68 50.16 69.79 56.03 66.75 4491 6638 45.88 59.65 3547 5325 4538 21.84 18.19 5147
DSMVC (2022) 4892 46.16 3535 5395 4352 4185 26.89 53.03 4141 4238 26.19 5095 4587 2049 2025 50.85
MFLVC (2022) 7538 8292 68.80 8230 7256 8394 69.25 8248 67.63 73.12 53.78 7455 53.62 3525 2822 59.36
FastMICE (2023) 60.11 71.83 52.18 7334 5529 67.89 46.86 68.74 5699 6159 4091 6438 3873 19.17 13.28 49.79
GCFAgg (2023) 74.04 81.60 6632 8096 73.00 81.13 6595 7992 6241 74.86 52.14 7487 55.84 3741 29.06 59.10
DealMVC (2023) 74.12 78.58 66.59 7443 7412 7858 66.59 7443 71.15 76.71 5743 78.67 5529 4245 3137 62.60

CVCL (2023) 79.32 8336 7551 8334 77.05 81.10 66.31 8258 58.17 7237 5244 6537 55.64 31.14 2653 57.35
DIVIDE (2024) 55.64 70.85 41.73 7936 7052 78.63 6235 77.44 5882 6570 5292 69.11 5095 34.82 27.66 59.72
ICMVC (2024) 69.45 78.09 6136 7838 56.24 64.66 42.72 66.17 63.52 74.84 56.01 72.44 51.54 36.15 28.06 59.88
MAGA (2024) 7242 7998 6856 78.06 76.13 81.34 6894 83.05 64.44 7333 5499 71.68 51.07 3197 2662 56.38

AICN-MLM (Ours) 89.08 86.21 80.13 89.08 77.30 84.31 70.47 83.58 72.56 79.98 64.59 7948 59.03 4250 33.57 63.01

Table 1: The clustering performances of different MVC methods on the KUST-ETD, KUST-CTD, KUST-CVD, and Reuters
datasets.

KUST-CED KUST-CBD KUST-BTD KUST-CLD

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

DEMVC (2021) 55.67 6125 41776 61.43 5722 6149 40.75 60.53 61.39 6439 5193 63.08 5223 57.56 36.54 54.88
SDMVC (2022) 50.44 59.81 39.19 5796 6046 67.75 4685 6735 57.60 7042 4920 6843 56.08 6747 44.85 64.66
DSMVC (2022) 49.02 48.11 3624 5280 4294 34.89 26.85 4496 47.75 42.05 32.08 5256 43.03 3458 20.15 44.24
MFLVC (2022) 69.75 77.80 61.84 79.14 7135 78.86 59.10 7827 70.83 78.61 61.61 7775 69.14 79.99 62.63 76.85
FastMICE (2023) 62.81 6934 4893 68.57 5843 67.05 48.62 67.72 5796 6992 49.73 70.83 61.58 71.65 51.51 72.18
GCFAgg (2023) 7196 78.53 59.76 77.40 6790 8135 63.78 79.27 7249 80.39 65.10 7941 69.88 78.46 6195 76.80
DealMVC (2023) 6547 7393 5254 7329 71.60 73.90 62.02 73.88 6824 69.00 5881 6824 6081 70.53 52.88 67.95

CVCL (2023) 63.66 7297 5143 7191 60.22 7437 53.88 69.30 7354 77.87 64.10 7887 6281 73.58 69.72 53.23
DIVIDE (2024) 63.96 7125 52.07 7210 6895 76.16 5842 75.87 55.14 68.82 41.05 7831 54.54 64.02 36.63 63.91
ICMVC (2024) 66.71 75.15 57.06 74.52 59.68 76.07 5849 7921 70.86 79.12 62.60 77.78 6194 73.07 52.59 68.86
MAGA (2024) 6498 74.12 56.83 7138 63.66 71.61 5290 7040 78.67 8198 7455 8247 6123 7251 5272 68.25

AICN-MLM (Ours) 76.22 82.64 64.54 82.67 72.73 81.36 63.85 79.65 83.14 84.68 77.18 83.53 74.21 8240 67.17 81.13

Table 2: The clustering performances of different MVC methods on the KUST-CED, KUST-CBD, KUST-BTD, and KUST-
CLD datasets.

KUST-ETD KUST-CTD KUST-CVD Reuters
Model Setting

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

AICN-MLM (w/o SDM) 83.76 84.84 76.68 84.18 70.25 79.36 6235 77.33 71.15 79.82 63.92 78.07 58.94 4244 33.42 62.92
AICN-MLM (w/o CVPM) 84.22 85.80 78.10 84.78 75.27 83.19 70.03 82.57 69.60 77.55 60.40 76.51 57.63 4125 32.13 62.52
AICN-MLM (w/o AICL) 28.36 18.78 11.70 33.34 2932 15.13 12.37 28.77 2895 21.35 1194 31.41 3529 8.65 7.57 39.25
AICN-MLM (w/o Al) 83.15 84.75 76.30 83.49 75.78 83.62 69.86 82.77 72.24 77.68 55.67 79.16 43.15 32.68 18.45 53.26

AICN-MLM (w/ KL in SDM)  83.09 84.45 7630 83.61 74.78 81.59 68.25 81.33 71.16 79.78 63.13 78.08 53.12 39.52 29.35 6l1.11
AICN-MLM (w/ KL in CVPM) 7893 80.07 70.98 78.93 62.86 73.64 56.25 70.01 56.56 67.57 4398 59.01 53.18 39.73 29.31 61.98
AICN-MLM (w/ PSCL) 58.39 7227 4134 70.58 69.87 7835 62.87 77.86 61.54 69.37 3294 68.46 47.61 38.34 2447 57.71
AICN-MLM (Ours) 89.08 86.21 80.13 89.08 77.30 84.31 70.47 83.58 72.56 79.98 64.59 79.48 59.03 42.50 33.57 63.01

Table 3: The ablation study of our method on the KUST-ETD, KUST-CTD, KUST-CVD, and Reuters datasets.
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Figure 2: The clustering performances and training loss of
our approach on the KUST-ETD and KUST-CTD datasets.

referred to as AICN-MLM (w/ KL in CVPM); (7) Replac-
ing the AICL module with the PSCL contrastive loss, called
AICN-MLM (w/ PSCL).

Table 3 shows the ablation results of our proposed method
across four different datasets. It can be seen that removing
any component from our method or substituting our pro-
posed modules with alternative ones significantly degrades
clustering performance. This shows that each component of
our proposed method plays a crucial role in enhancing per-
formance in real-world clustering applications.

Convergence Analysis

In this experiment, we analyzed the convergence rate of the
proposed model in clustering. Figure 2 illustrates the cluster-
ing performance and training loss of our proposed model on
the KUST-ETD and KUST-CTD datasets. It can be seen that
the loss of the model steadily decreases and eventually con-
verges to a stable value as training epochs increase. Mean-
while, the clustering performance gradually improves and
eventually stabilizes. These convergence results demonstrate
the reliability and effectiveness of the proposed method in
the MVDC tasks.

Parameter Sensitivity Analysis

In this subsection, we comprehensively investigated the im-
pact of hyperparameters « and /3 on the performance of our
proposed method. Using a grid search strategy, we tested
various combinations of these hyperparameters to analyze
their sensitivity and impact on clustering performance.

The range of the hyperparameters « and  was set from
0.001 to 10. Figure 3 shows the experimental results of the
proposed method on the KUST-ETD dataset with different
combinations of hyperparameters. The results show that our
method can achieve stable clustering performance across a
wide parameter range. This demonstrates that the proposed
method can be easily applied to various practical problems.

Visualization

To visually assess the effectiveness of our proposed model,
we adopted the ¢-SNE method to display the latent features
generated by the clustering layer. Figure 4 shows the visu-
alizations of the raw features and the learned features on
the KUST-ETD and KUST-CTD datasets. The results indi-
cate that the clustering structure of the learned features be-
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Figure 3: The sensitivity analysis of the hyperparameters o
and 8 on the KUST-ETD and KUST-CTD datasets.
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Figure 4: The ¢-SNE visualization results of the proposed
method on the KUST-ETD dataset.

comes clearer, demonstrating the effectiveness of our pro-
posed model.

Conclusion

In this paper, we propose a novel method, called ambiguous
instance-aware contrastive network with multi-level match-
ing (AICN-MLM), for MvDC tasks. First, we design a
multi-level matching strategy from multiple perspectives to
more effectively align multi-view features. Additionally, we
introduce an ambiguous instance-aware contrastive learn-
ing module that adopts an instance weight adjustment func-
tion to dynamically increase the weight of ambiguous in-
stances while decreasing the weight of clear instances. This
guides the network to focus on ambiguous instances and
enhances its discriminative ability, overcoming the limita-
tion of classic contrastive learning that treats all instances
equally. Extensive experiments on eight multi-view docu-
ment datasets demonstrate the superior performance of our
proposed method in real-world clustering tasks.
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