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Abstract: Contrastive learning has received extensive attention because it can effectively strengthen inter-modal alignment
and information complementarity in multi-modal clustering. However, there are two main problems with existing contrastive
multi-modal clustering methods: (1) Current methods usually perform contrastive learning at only one or two stages and
have imprecise selection strategies for negative sample pairs. (2) Most methods focus only on contrastive learning and ignore
the retention of consistency information. To address the above challenges, we propose a framework of multi-stage contrastive
multi-modal clustering with consistency retained. First, we design a systematic contrastive learning framework, which includes
early–middle–late contrastive learning between single features, fused features, and clusters, respectively, which improves the
semantic integrity and information fidelity of the fused representation. Second, we propose a new negative sample pair selection
strategy to discriminately select the correct negative sample pair for each sample. Finally, we add a new loss term to late-stage
contrastive learning, which considers the consistency of clustering results of the same sample under different modalities for the
first time. Therefore, compared to the baseline model, this module has improved the accuracy by an average of 7.4 percentage
points (PPs). In addition, we design a consistency retained module to ensure that the model can learn the information of
each modality without being disturbed by high/low quality modalities, which improves the accuracy by an average of 2.2 PPs.
Experiments conducted on multiple multi-modal datasets demonstrate that the accuracy of our method is 4.1 PPs higher on
average compared to the second-best multi-modal clustering method, proving the excellent potential of our method.
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1 Introduction

Contrastive multi-modal clustering (CMC) is an unsu-
pervised clustering method that combines contrastive learning
(CL) and multi-modal learning. It aims to mine consistent
and discriminative clustering structures from data with multi-
ple modalities. It introduces the mechanism of CL on the basis
of multi-modal clustering (MMC), and enhances the semantic
alignment and discrimination ability between modalities by
constructing positive and negative sample pairs.

MMC has received widespread attention in recent years
due to its excellent development prospects in different indus-
tries, such as medical and bioinformatics (Herath and Kobti,
2024; Yin et al., 2025), recommendation systems and user be-
havior analysis (Tong, 2025), Internet of Things (Lin et al.,
2018), and machine vision measurement (Pan et al., 2023). CL
has stronger feature representation and generalization capa-
bilities (Zhang et al., 2023), making the effect of MMC even
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better (Xu et al., 2022).
Existing CMCs can be roughly divided into the following

four categories.
1. Early-stage CL: These methods (Tian et al., 2020;

Trosten et al., 2021; Lu et al., 2024) perform CL only be-
tween single features. For example, Lu et al. (2024) proposed a
framework that performs inter- and intra-modal CL in different
embedding spaces by randomly walking global data pairs, effec-
tively improving the ability of recognizing positive and negative
samples.

2. Middle-stage CL: These methods perform CL only on
fusion features. For example, from the perspective of an in-
formation bottleneck, Ke et al. (2021) compared and aligned
the fusion features with the features of each modality, which
can effectively capture the consistency information between
modalities.

3. Late-stage CL: These methods (Dai et al., 2022; Yang
et al., 2023) perform CL only between single clusters. For
example, Dai et al. (2022) proposed a framework that stores
feature vectors and calculates contrast loss at the cluster level,
which can maintain cluster-level consistency well.

4. Two-stage CL: Current methods (Xu et al., 2022, 2023;
Hu et al., 2023; Lou et al., 2025) perform CL in no more than
two stages, either at the early and middle stages or the early
and late stages. For example, Gu and Zhu (2024) proposed
to apply CL during the early and middle stages to align with
fusion features, thereby facilitating the learning of shared rep-
resentations across modalities. Lou et al. (2025) proposed a
reliable CL mechanism which ensures that each modality is
given a fair weight in CL and prevents learning from unreliable

sample pairs during the early and late stages.
Although the above CMC methods have achieved good

results, there are still two challenges: (1) Most methods apply
CL only at one or two stages, and the selection of positive and
negative samples is rough. The fusion feature plays an im-
portant role in the final clustering result, and even two-stage
CL will ignore the CL of the fusion feature. In addition, the
correct selection of negative sample pairs has an important
impact on CL, but most current CMCs are relatively rough in
the construction of positive and negative sample pairs. They
often use different modal representations of the same sample
as positive sample pairs, and other samples are all regarded
as negative samples. Other methods rely on the intermediate
results of the fusion feature in the clustering process to gen-
erate pseudo-labels to divide the positive and negative pairs.
However, this simple division strategy easily introduces a large
number of noise sample pairs, misleading the model to learn
the correct features. For example, in a ring dataset, the sam-
ples of the inner ring and the outer ring may be close to each
other locally, but from the overall structure, they belong to dif-
ferent clusters. If traditional pseudo-label-guided CL is used,
it is very likely that the outer ring and the inner ring will be
mistakenly classified into the same class because they are too
close. (2) Most existing CMCs focus only on CL and ignore
the retention of consistency information, which will cause CL
to be affected by high/low-quality modalities and fail to learn
information from each modality fairly.

To address the above challenges, we propose a new MMC
method called multi-stage contrastive multi-modal clustering
with consistency retained (MCMC-CR). As shown in Fig. 1,
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Fig. 1 Framework of the MCMC-CR method. The multi-modal dataset {Xm}M
m=1 passes through modality-specific

encoders to obtain feature {Zm}M
m=1. Subsequently, {Zm}M

m=1 is adaptively weighted to yield the fused feature F , and
is also fed into a clustering module with shared parameters to generate cluster assignment {Y m}M

m=1. At the same
time, we independently run K-means clustering on the original feature space of each modality to obtain the clustering
assignment {Dm}M

m=1 of samples in the original feature space. CL is applied between single features, between single
features and fused features, and between clusters as early, middle, and late stages, respectively. Correct consistency
information between modalities can be obtained through CL at multiple stages. {Dm}M

m=1 and the clustering results C

of the fused features jointly generate pseudo-labels to guide all CL. Finally, the consistency information between C and
{Y m}M

m=1 is calculated to ensure that the final result contains information from each modality
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MCMC-CR has three pseudo-label-guided CL stages, namely
the early, middle, and late stages, where CL acts on single
features, fused features, and clusters. In addition, for all CL,
a new negative sample selection strategy is adopted. By con-
sidering both the fusion features and the original features of
each modality to formulate a new pseudo-label to select the
correct positive and negative sample pairs for each sample,
false negative sample pairs can be effectively removed. At the
same time, we add a consistency retention module to ensure
that the model is aligned at the cluster level and reduce the
impact of low-quality modalities on clustering. In addition, we
add sample-level consistency loss in later-stage CL to ensure
the semantic similarity of clustering results of the same sample
in different modalities. In summary, the main contributions
can be summarized as follows:

1. We propose a new multi-stage CL MMC framework.
This method applies CL at early–middle–late stages to en-
sure global alignment of consistency information between
modalities.

2. We design a new negative sample selection strategy
that can more accurately construct positive and negative sam-
ple pairs. By effectively identifying and eliminating most po-
tential false negative sample pairs, the sample pair quality and
clustering robustness in CL are significantly improved.

3. We add a new consistency learning constraint for sam-
ple cluster assignment in late-stage CL, which enables the
model to better capture the overall structure of the data and
prevent the semantics of samples in the same cluster assign-
ment from shifting. This method has shown excellent perfor-
mance on multiple multi-modal datasets.

2 The proposed method

2.1 Problem formulation

Assume that a multi-modal dataset is
{X1,X2, . . . ,XM}, which is a set of data variables
from m (m=1, 2, . . . ,M) modalities. The input {Xm}Mm=1

of each modality contains {Xm
1 ,Xm

2 , . . . ,Xm
N } ∈ R

N×dm ,
where N represents the number of samples and dm represents
the dimension of the feature. The goal of MCMC-CR is to
maximize the retention of consistency information between
modalities and finally obtain the final clustering assignment
C through a clustering method based on deep divergence.

2.2 Overall framework

The proposed method is optimized by minimizing the
following loss function:

Ltotal = αLMCL + βLConsistency + LDDC, (1)

where LMCL denotes the multi-stage CL loss, which integrates
the CL losses from the early, middle, and late stages to ensure
global alignment of consistency information between modali-
ties. LConsistency is the consistency learning loss, which is used
to align the clustering assignments of each modality with the
clustering assignments of the fusion features. LDDC is the deep
divergence-based cluster (DDC) loss. α and β are trade-off hy-
perparameters that regularize the contributions of multi-stage
CL loss and consistency learning loss. Their search ranges

are set as α, β ∈ {10−4, 10−3, 10−2, 10−1, 100, 101, 102, 103} for
grid search in experiments, and the empirically determined
optimal values are α = 1 and β = 0.1.

2.3 Negative sample pair selection module

The correct selection of negative sample pairs plays a
crucial role in CMCs. However, in the current selection of pos-
itive and negative samples in CL, either instances of different
modalities of the same sample as positive sample pairs and the
remaining instances as negative sample pairs, or only pseudo-
labels generated during the algorithm execution are used to
distinguish positive and negative sample pairs. The former
may cause samples within the same cluster to be separated,
while the latter is highly dependent on the prediction abil-
ity of the initial model, and incorrect pseudo-labels may be
continuously reinforced by the model, thereby increasing the
possibility of model prediction errors.

To address the aforementioned issues, a straightforward
method for filtering false negative pairs is to exploit the dis-
tance between samples in the original feature space (Cui et al.,
2024). This approach is viable because samples assigned to
the same cluster are expected to exhibit proximity in the orig-
inal feature space. Motivated by this, we employ the K-means
clustering algorithm (Hartigan and Wong, 1979) on the original
feature space of each modality to determine the intra-modal
clustering structure of samples within their respective origi-
nal feature spaces. Based on the clustering result Dm for
each modality, the negative sample pair relation matrix D is
obtained using the following formula:

Di,j =

⎧
⎪⎨

⎪⎩

1, if
M∧

m=1

(
Dm

i,j = 1 ∨Dm
j,i = 1

)
,

0, otherwise,
(2)

where Dm
i,j = 1 indicates that samples i and j are assigned to

the same cluster by K-means in the original feature space of
the mth modality, and Dm

i,j = 0 indicates that they belong to
different clusters. The logical conjunction

∧M
m=1 represents a

joint decision across all modalities: Di,j = 1 if the sample pair
(i, j) is clustered into the same category in all M modalities’
original feature spaces; otherwise, Di,j = 0. Clearly, matrix D

is symmetric.
To achieve a more accurate representation of the rela-

tionships between sample cluster assignments, we attempt to
iteratively update the negative sample pair matrix by inte-
grating pseudo-label information derived from fused feature
clustering with the Dm matrix in each iteration. Specifically,
in our model, erroneous negative sample pairs are defined as
those sample pairs that share the same clustering assignments
in the original feature space and the fused feature space, which
is formulated as

N false
i = {j | Di,j = 1, predi = predj , j ∈ [1, N ]}, (3)

where Di,j = 1 indicates that samples i and j have the same
pseudo-label in the original feature space of all modes, and
predi = predj indicates that the fused features of samples i

and sample j have the same clustering assignment. N is the
number of samples.

Furthermore, we define matrix M ∈ {0, 1}N×N as the
mask matrix, where each element Mij indicates whether the
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jth sample is an erroneous negative sample for the ith sample.
Specifically, each row of the matrix is denoted by N false

i , rep-
resenting the erroneous negative samples associated with the
ith sample.

2.4 Multi-stage CL module

2.4.1 Early-stage CL

In early CL, a multi-modal dataset {Xm}Mm=1 passes
through modality-specific encoders to generate a feature set
{Zm}Mm=1. CL in the feature set {Zm}Mm=1 can align with the
semantic representations of different modalities for the same
sample and reduce the representation bias between modalities,
thereby strengthening multi-modal collaborative understand-
ing and improving consistency between modalities. For the
uth and vth modalities, the CL loss �u,vfea between them can be
defined as

�u,vfea = − 1

N

N∑

i=1

ln
es(z

u
i ,zv

i )/τ1
∑

s′∈Neg(zu
i ,zv

i )
es′/τ1

, (4)

with

su,vii (zu
i ,z

v
i ) =

(zu
i )

T zv
i

‖zu
i ‖ · ‖zv

i ‖
.

τ1 is a temperature hyperparameter, and zu
i and zv

i rep-
resent the ith sample from Zu and Zv, respectively. su,vii rep-
resents the cosine distance between two samples. Neg (zu

i ,z
v
i )

represents the set of negative sample pairs, and we select the
sample when Mij �= 1 is the case, because Mij = 1 means
that j is a wrong negative sample of i. These false negative
pairs are eliminated in a self-supervised manner (Hu et al.,
2025a) to avoid compromising the compactness of the clusters.
Therefore, following common practice, the early CL loss LEarly

can be expressed as

LEarly =
1

2

M∑

u=1

M∑

v=1,v �=u

�u,vfea . (5)

2.4.2 Middle-stage CL

To fully learn more of the information between the modal-
ities, we obtain the fused feature representation by weighted
averaging of the feature F of each modality:

F =

M∑

m=1

wmZm, (6)

where wm represents the weight of each modality in the fusion
process, satisfying wm > 0 and

∑M
m=1 w

m = 1. These fu-
sion weights are learnable during training. To optimize these
weights easily, we select a set of unnormalized parameters as
network parameters and train them in the optimization loss
function. Finally, these parameters pass through the softmax
function to obtain weights. Most existing CMCs only have
early-stage CL, and ignore middle-stage CL of the fusion fea-
ture. Without middle-stage CL, the fusion features may be
biased towards the modality with more information and fail to
accurately capture the key information of each modality. As
a result, using the fusion features for the final clustering may
lead to performance degradation. The middle-stage CL loss

LMiddle can be expressed as follows:

LMiddle =
1

2

(
M∑

m=1

�f,mfea +
M∑

m=1

�m,f
fea

)

, (7)

where �f,mfea and �m,f
fea denote the contrastive losses from the

fusion feature f to the mth modality’s feature and from the
mth modality’s feature to f , respectively. Middle-stage CL uses
the same method of eliminating false negative pairs as in early-
stage CL. Incorporating contrastive loss between individual
modality features and the fused representation encourages the
model to preserve the salient information from each modality
within the joint representation.

2.4.3 Late-stage CL

Late-stage CL compares the clustering results of each
modality to capture higher-level semantic distribution and cat-
egory information to enhance semantic consistency. Specif-
ically, the feature vector of each modality is clustered
through the clustering module to obtain the cluster assign-
ment {Y m}Mm=1, with its column ym

i representing the cluster
assignment of the ith sample in the mth modality. Through
Eq. (4), we can obtain the cosine similarity of the two cluster
assignments, denoted as s

(
yu
i ,y

v
j

)
. The late-stage CL for the

uth and vth modalities can be expressed as

�u,vclu = − 1

K

K∑

i=1

ln
es(y

u
i ,yv

i )/τ2

Su,v
i

, (8)

where

Su,v
i =

K∑

j=1,j �=i

es(y
u
i ,yu

j )/τ2 +

K∑

j=1

es(y
u
i ,yv

j )/τ2 , (9)

K denotes the number of clusters, and τ2 denotes the tem-
perature hyperparameter. The cluster assignment consistency
contrast loss can be expressed as

LLate_clu =
1

2

m∑

u=1

m∑

v=1,v �=u

�u,vclu −
m∑

u=1

H(Y u), (10)

where H(Y u) = −
∑K

i=1[P (yu
i )lnP (yu

i )] is the entropy of
cluster assignment probabilities P (yu

i ) = 1
N

∑N
t=1 y

u
ti, and

∑m
u=1 H(Y u) is a regularization term that prevents the model

from collapsing. 1
2

∑m
u=1

∑m
v=1,v �=u �u,vclu is designed to learn the

consistency of clustering results for individual samples across
modalities.

Almost all CMCs use only Eq. (10), which results in focus-
ing only on solving the consistency of clustering assignments
between modalities, while ignoring the consistency of cluster-
ing results of single samples under different modalities. In
reality, for the same data sample, the clustering results in dif-
ferent modalities should be semantically similar. In our model,
we fully exploit both types of correlation information to opti-
mize the learning of feature representations. Specifically, the
clustering module also generates a sample cluster assignment
{Rm}Mm=1, with its column rm

i representing the probability
that the ith sample is assigned to a different cluster in the
mth modality. In particular, {Rm}Mm=1 is the transpose of
{Y m}Mm=1. The expression of sample clustering contrast loss
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for the two modalities u and v is as follows:

�u,vsample = − 1

N
ln

N∑

i=1

es(r
u
i ,rv

i )/τ1

Pu,v
i

, (11)

where

Pu,v
i =

N∑

j=1
Mij �=1

(
es(r

u
i ,ru

j )/τ1 + es(r
u
i ,rv

j )/τ1
)
. (12)

The same negative sample selection strategy is adopted.
The sample cluster CL loss can be calculated as follows:

LLate_sample =
1

2

M∑

u=1

M∑

v=1,v �=u

�u,vsample. (13)

By learning the consistency of sample clustering assign-
ments, the model can more accurately capture the overall
structure of the data while avoiding the deviation of semantic
labels of samples in the same cluster. The late-stage CL loss
can be expressed as

LLate = LLate_clu + LLate_sample. (14)

In summary, the overall loss function of the multi-stage
CL module can be expressed as follows:

LMCL = LEarly + LMiddle + LLate. (15)

2.5 Consistency learning module

As shown by Xu et al. (2023), high/low-quality modalities
naturally exist in multi-modal datasets and can degrade CL.
To reduce the impact of low-quality modalities on clustering ef-
fects at the cluster level and enhance the reliability of semantic
labels of specific modalities, we design a consistency learning
module. Specifically, by minimizing the Kullback–Leibler (KL)
divergence (Joyce, 2011) between the cluster assignment of the
fused features and the cluster assignment of each modality,
we can not only align them at the cluster level, but also sup-
plement the clustering information that may be lost in each
modality. The calculation formula is as follows:

LConsistency =
M∑

m=1

KL (Cf‖Y m) =
N∑

i=1

K∑

j=1

M∑

m=1

cij ln
cij
ym
ij

,

(16)

where Cf is the cluster assignment obtained by fusion features,
cij represents the probability that the ith sample belongs to
the jth cluster, and ym

ij represents the probability that the ith

sample in the mth modality belongs to the jth cluster.

2.6 Clustering module

To ensure the accuracy of the selection of positive and
negative sample pairs during the iteration process, we adopt
an effective loss function for clustering. DDC (Kampffmeyer
et al., 2019) is a deep learning-based clustering approach that
aims to simultaneously learn data representations and uncover
clustering structures in unlabeled data by optimizing a discrim-
inative loss function based on information-theoretic divergence

metrics. The overall function of DDC loss is given by

LDDC =
1

c

c−1∑

i=1

∑

j>i

μT
i Eμj

√
μT

i EμiμT
j Eμj

+ triu(GTG)

+
1

c

c−1∑

i=1

∑

j>i

γT
i Eγj

√
γT
i EγiγT

j Eγj

.

(17)

The equation consists of three main components. The
first term is a generalized version of the Cauchy–Schwarz di-
vergence, which maximizes the divergence between clusters to
achieve cluster separation and compactness. Here, E indicates
the Gaussian kernel-based matrix, c is the total number of clus-
ters, and μi indicates the ith column of the obtained clustering
result G. The second term ensures that the vectors of cluster-
ing results are orthogonal. The expression triu(GTG)) denotes
the sum of the elements in the upper triangular portion of ma-
trix G. The third term enforces the clustering assignments
to approach the simplex corners by applying the geometric
structure to the Cauchy–Schwarz divergence, thereby avoiding
trivial solutions. Here, γi denotes the ith column of matrix
V , with [Vab] = exp(−‖αa − eb‖2), where αa and eb are the
soft clustering assignment vector of the ath sample and the bth

one-hot standard simplex vertex vector, respectively.

2.7 Optimization

The details of MCMC-CR are shown in Algorithm 1.
Specifically, the model consists of multiple encoders and multi-
ple multi-layer perceptron (MLP )layers, and a common mini-
batch gradient descent algorithm is used to optimize the model
(Kingma and Ba, 2017).

Algorithm 1 MCMC-CR algorithm
Input: multi-modal dataset {Xm}Mm=1; hyperparameters τ1 and

τ2; number of clusters K

Output: final cluster assignment C

1: initialize the neural network
2: while the loss function Eq. (1) does not converge do
3: extract the feature representation {Zm}Mm=1 of each modality

through modality-specific encoders, and obtain the cluster
assignment {Y m}Mm=1

4: obtain the fusion feature through Eq. (6)
5: compute early-stage CL loss by Eq. (5)
6: compute middle-stage CL loss by Eq. (7)
7: compute late-stage CL loss by Eq. (14)
8: calculate consistency learning loss by Eq. (16)
9: calculate DDC loss by Eq. (17)

10: update all network parameters by Eq. (1)
11: end while
12: return C

2.8 Complexity analysis

In this subsection, we analyze the time complexity of
the proposed method. To simplify the complexity analysis,
we make the following assumptions: The dimensionalities of
the original multi-modal samples are assumed to be identi-
cal, denoted by D; The dimensionalities of each layer in the
MLP network are also assumed to be the same, denoted by
Pd. Furthermore, we denote the number of layers in the MLP
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network as ML, the number of samples as Ns, the number of
views as V , the maximum number of neurons in the hidden
layer of the encoder as Z, and the number of clusters as C.
Based on the above definition, we give the time complexity
of optimizing each module as follows. First, we perform K-
means clustering in the original feature space, and the time
complexity of this step is TK-means = O(CDNsV ). LEarly,
LMiddle, and LLate are all computationally expensive modules.
Specifically, the time cost of optimizing the LEarly module is
TEarly = O(V NsDPd +V Ns(ML − 1)P 2

d +V 2). The time com-
plexity of the self-attention fusion mechanism is O(NsV Z2),
and the complexity of calculating the CL loss between the
modal-specific and fusion features is O(V 2). Accordingly,
the time complexity of LMiddle is TMiddle = O(NsV Z2 + V 2).
For cluster assignment consistency CL, the time complexity
is O(CNs(Ns − 1) + C(C − 1)N2

s + V 2) ≈ O(N2
s C

2 + V 2).
Sample clustering assignment consistency CL actually per-
forms similar operations, so the time complexity of the LLate

module is TLate = O(N2
s C

2 + V 2). The time complexity for
the LConsistency module is TConsistency = O(NsV C). Finally,
the time complexity for LDDC is TDDC = O(V C2). In sum-
mary, the overall time complexity of the proposed method is
Ttotal = TK-means +Kt(TEarly + TMiddle + TLate + TConsistency),
where Kt denotes the number of training iterations.

3 Experiments

3.1 Datasets

We evaluate the effectiveness of our proposed method
using five well-known datasets: Caltech-3V, Caltech-4V, NUS-
Wide, Flickr, and IAPR. IAPR is short for the International
Association for Pattern Recognition Benchmark Dataset. A
brief overview of these datasets is presented in Table 1. The
Caltech image dataset (Li et al., 2004), consisting of 1440
samples spread over seven unique categories, is accessible in
two different multi-modal configurations. Caltech-3V incorpo-
rates features of wavelet moments (Shen and Ip, 1999), census
transform histogram (Wu JX and Rehg, 2011), and local bi-
nary pattern (Wolf et al., 2008), where each type of feature is
treated as a separate modality. Caltech-4V extends Caltech-
3V by adding generalized search trees (Friedman, 1979) as
a new feature modality. NUS-Wide (Chua et al., 2009) is
a large-scale image dataset containing 20 000 samples across
eight categories, with each sample described by four modali-
ties. Flickr (Huiskes and Lew, 2008) is a widely used dataset
in the field of multi-modal learning, containing six categories
with 12 154 samples and three features. IAPR (Grubinger
et al., 2006) consists of 7855 images spanning six categories,
with each sample represented by two modalities: image fea-
tures and corresponding textual descriptions.

3.2 Comparison methods

To better demonstrate the advantages of our proposed
method, we perform comparative experiments with a diverse
range of 19 baseline approaches, categorized into three distinct
groups.

1. Single-modal clustering methods: Four single-modal
clustering methods are compared, i.e., K-means (KM), normal-

Table 1 Details about the multi-modal datasets

Dataset
Number of
samples

Number of
categories

Dimension

Caltech-3V 1440 7 40\254\928
Caltech-4V 1440 7 40\254\928\512
NUS-Wide 20 000 8 100\100\100\100

Flickr 12 154 6 100\100\100
IAPR 7855 6 100\100

\ is used to distinguish between the features of different modalities
within a dataset

ized cuts (Ncuts) (Shi and Malik, 2000), all-modal K-means
(AmKM), and all-modal NCuts (AmNcuts). The latter two
methods first concatenate all modal features, and then adopt
the aforementioned single-modal clustering methods.

2. Traditional MMC methods: Five traditional MMC ap-
proaches are included in the comparison, where the details
are as follows. CoregMVSC (Kumar et al., 2011) is a co-
regularized multi-view spectral clustering method by imposing
centroid-based co-regularization on view-specific embeddings
and cross-view consistent clustering learning. RMKMC (Cai
et al., 2013) is a novel large-scale multiview K-means cluster-
ing method with enhanced robustness guarantees. SwMC (Nie
et al., 2017) is a self-weighted multiview clustering method
by leveraging the Laplacian rank constraint to fuse multiple
graphs adaptively and eliminate postprocessing dependency.
ONMSC (Zhou SH et al., 2020) is a spectral clustering ap-
proach that integrates the optimal neighborhood to enhance
representation capability and capture high-order structural in-
formation. SMCMB (Lao et al., 2024) is a scalable multi-view
clustering approach that generates diversified anchor sets for
each view, jointly learns many bipartite graphs via anchor-
based subspace representation, and fuses base clusterings from
these graphs into a unified bipartite graph for final clustering.

3. Deep MMC methods: Ten deep MMCs are incorpo-
rated into the comparative experiments. EAMC (Zhou RW
and Shen, 2020) is an MMC method that leverages adversar-
ial learning and attention mechanisms to align latent feature
distributions and quantify modal characteristics. DEMC (Xu
et al., 2021) is a deep embedded multi-view clustering method
that integrates a collaborative training strategy to jointly op-
timize feature representation learning and clustering structure
refinement. SiMVC (Trosten et al., 2021) is a simple deep
MMC method without integrating cross-view contrastive align-
ment mechanisms. CoMVC (Trosten et al., 2021) is an exten-
sion of the SiMVC method with the integration of a lightweight
multi-modal alignment module. MFLVC (Xu et al., 2022) is
a deep MMC method that adopts fusion-free multi-level fea-
ture learning and CL to ease objective conflicts. SEM (Xu
et al., 2023) is an MMC method that uses self-weighting
and reconstruction regularization to mitigate representation
degeneration in CL. DIVIDE (Lu et al., 2024) is a method
that conducts inter- and intra-view CL across distinct em-
bedding spaces, while employing random walks to distinguish
intra-neighborhood negatives from extra-neighborhood posi-
tives. SCMVC (Wu S et al., 2024) is a deep MVC method
that adopts hierarchical fusion and self-weighted CL, separat-
ing objectives to mitigate representation degeneration. SSLN-
MVC (Yan et al., 2025) is a self-supervised semantic soft label
learning multi-view clustering approach that learns consensus
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high-level features and calibrates semantic labels via CL and
KL divergence. MSDIB (Hu et al., 2025b) is a multi-aspect
self-guided deep information bottleneck for multi-view clus-
tering approach, and extracts discriminative information and
eliminates redundancy via compression and preservation.

3.3 Evaluation metrics

The clustering performance is meticulously assessed by
employing two widely recognized evaluation metrics: accuracy
(ACC) and normalized mutual information (NMI). ACC quan-
tifies the consistency between the predicted cluster labels and
the ground-truth annotations, whereas NMI evaluates the
information-theoretic overlap between the obtained clusters
and the true label distribution.

3.4 Implementation details

In our experiments, we observe that 100 training epochs
are sufficient for the algorithm to converge. Consequently, we
set the number of training epochs to 100 and run each ex-
periment independently 10 times. To mitigate output biases
caused by the model getting trapped in local optima during
training, we report the clustering results corresponding to the
minimum clustering loss. We set α = 1 and β = 0.1 to scale
the magnitudes of the loss functions for multi-stage CL and
consistency learning, respectively. The temperature parame-
ters τ1 and τ2 for these two processes are empirically set to
0.5 and 1.0, respectively. These parameters are fixed in subse-
quent experiments to simplify the model training process while
ensuring the reproducibility of the experimental results. For
all datasets, the training batch size is uniformly set to 128,
and we use the Adam optimizer with an initial learning rate of
0.0003.

3.5 Clustering results and analysis

In this subsection, we conduct extensive and rigorous ex-
periments on five publicly accessible datasets to assess the
performance of our proposed method in comparison with a
suite of state-of-the-art clustering approaches. As shown in
Table 2, our method achieves superior clustering performance
compared to single-modality and all-modality approaches, as
well as traditional and deep MMC methods. The remark-
able results demonstrate the strong clustering capability of
our method, which is attributed to pseudo-label-guided multi-
stage CL combined with consistency learning.

The proposed method demonstrates exceptional multi-
modal integration capabilities and robust generalization capa-
bilities. On the Caltech dataset, ACC and NMI of the model
exhibit a steady upward trend as the number of modalities
increases. This improvement stems from the rich complemen-
tary information inherent in multi-modal data. With more
modalities available, the model can extract data features from
additional dimensions. These results indicate that the pro-
posed method effectively integrates information from diverse
modalities while fully leveraging the distinctive features and
clustering information present within each modality, thereby
significantly enhancing clustering accuracy and consistency.
Specifically, on the Caltech-3V dataset, our method shows
significant gains over the second-best method (SCMVC), im-

proving ACC and NMI by 4.7 percentage points (PPs) and 3.6
PPs, respectively. Extended to Caltech-4V, it achieves 87.5%
ACC and 78.3% NMI, outperforming SCMVC by 3.1 PPs and
5.4 PPs, respectively. Our method demonstrates competitive
performance on large-scale datasets. For example, on NUS-
Wide, compared to SCMVC, MFLVC, and CoMVC, MCMC-
CR surpasses their results by margins of 5.1, 8.8, and 10.0 PPs
for ACC, respectively. Across all five multi-modal datasets
evaluated, our method achieves significant performance gains,
with average improvements of 4.1 PPs in ACC and 3.2 PPs
in NMI over the second-best comparison method. These con-
sistent and substantial gains demonstrate the robustness and
stability of our approach.

3.6 Ablation study

In this subsection, we conduct an ablation study to high-
light the efficacy of each module and to emphasize the impor-
tance of the newly designed pseudo-label-guided mechanism.

3.6.1 Effectiveness of each module

To thoroughly analyze the contribution of each compo-
nent in our proposed method, we carry out a systematic abla-
tion study, with the detailed experimental configurations and
results summarized in Table 3. In comparison to the baseline
model, the proposed pseudo-label-guided multi-stage CL strat-
egy boosts the average prediction accuracy by 7.4 PPs. The
incorporation of the consistency retained module improves the
average prediction accuracy by 2.2 PPs. The experimental
results demonstrate that the model performance exhibits a
consistent upward trend with the integration of an increasing
number of modules. For instance, on the Caltech-4V dataset,
the baseline model yields an ACC of 73.1% and an NMI of
67.5%. In contrast, the full-module integrated model exhibits
substantial performance gains, attaining an ACC of 87.5% and
an NMI of 78.3%. Consistent performance trends are observed
across other benchmark datasets, with particularly prominent
improvements on the NUS-Wide and Flickr datasets when all
modules are incorporated. Specifically, the full-module model
achieves an ACC of 53.9% and an NMI of 36.4% on the NUS-
Wide dataset, and an ACC of 59.2% and an NMI of 38.2%
on the Flickr dataset. The experimental results demonstrate
that the model achieves optimal performance when all of its
designed components are fully deployed.

3.6.2 Importance of pseudo-label guiding

To delve deeper into the significance of the pseudo-label-
guided mechanism, we have conducted additional experiments
on various multi-modal datasets. These experiments are per-
formed both with and without the mechanism, and the out-
comes are presented in Table 4. The results demonstrate that
pseudo-label guiding significantly enhances the performance
across most datasets. For instance, on the Caltech-3V dataset,
the introduction of pseudo-label guiding leads to an improve-
ment in ACC from 72.7% to 80.6%, and an enhancement
in NMI from 63.4% to 69.9%. Similarly, on the Caltech-4V
dataset, pseudo-label guiding results in a modest performance
increase, with ACC rising from 87.0% to 87.5%, and NMI in-
creasing from 76.7% to 78.3%. This may be attributed to
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Table 2 Clustering results (%) in terms of ACC and NMI on multi-modal datasets

Method
Caltech-3V Caltech-4V NUS-Wide Flickr IAPR

ACC NMI ACC NMI ACC NMI ACC NMI ACC NMI

KM 46.3 31.3 54.6 46.7 26.8 16.7 40.9 22.5 38.9 17.2
Ncuts (TPAMI’00) 42.6 25.4 67.8 47.6 31.6 14.1 48.4 26.1 41.9 18.9
AmKM 46.9 31.5 44.9 30.6 26.8 15.2 41.0 21.6 40.4 17.0
AmNcuts (TPAMI’00) 43.7 25.5 41.8 24.9 30.4 16.1 48.2 26.2 42.2 18.9

CoregMVSC (NeurIPS’11) 54.4 45.3 64.9 54.5 26.3 16.8 41.0 26.8 35.1 18.4
RMKMC (IJCAI’13) 59.5 49.4 65.5 60.3 30.5 14.5 42.3 23.4 36.4 15.9
SwMC (IJCAI’17) 30.2 23.1 43.7 44.2 12.5 15.0 34.3 34.5 30.2 23.1
ONMSC (AAAI’20) 58.2 56.8 62.3 66.1 16.9 15.3 30.6 16.4 21.6 11.1
SMCMB (TBD’24) 67.2 54.5 74.4 67.0 32.4 21.8 52.8 34.1 34.8 16.4

EAMC (CVPR’20) 38.9 21.4 29.6 16.5 24.6 9.7 30.5 9.1 37.1 16.4
DEMC (InfoSci’21) 53.4 41.4 49.3 45.0 21.3 11.1 44.8 25.2 30.1 13.8
SiMVC (CVPR’21) 56.9 50.4 61.9 53.6 25.7 10.2 45.6 26.3 42.7 18.5
CoMVC (CVPR’21) 54.1 50.4 56.8 56.8 43.9 31.2 49.3 30.6 46.7 21.5
MFLVC (CVPR’22) 63.1 56.6 73.3 65.2 45.1 33.1 53.8 32.8 47.3 22.6
SEM (NeurIPS’23) 69.2 59.2 82.6 75.3 39.6 25.2 53.1 30.9 42.2 18.9
DIVIDE (AAAI’24) 60.9 53.8 64.3 57.9 36.3 26.0 52.3 33.5 45.6 23.0
SCMVC (TMM’24) 75.9 66.3 84.4 72.9 48.8 34.2 54.2 32.3 46.5 24.1
SSLNMVC (TMM’25) 64.4 58.3 82.1 72.8 38.9 28.3 51.2 33.0 46.4 24.0
MSDIB (AAAI’25) 74.6 66.2 66.4 55.2 47.6 33.4 55.5 35.5 50.7 25.7

Ours (MCMC-CR) 80.6 69.9 87.5 78.3 53.9 36.4 59.2 38.2 54.6 30.4
The bold and underlined values are the best and second best results, respectively

Table 3 Ablation study on different multi-modal datasets (%)

Method
Caltech-3V Caltech-4V NUS-Wide Flickr IAPR

ACC NMI ACC NMI ACC NMI ACC NMI ACC NMI

LDDC 71.6 63.7 73.1 67.5 41.2 24.7 53.6 35.8 46.4 24.5
LDDC + LMCL 76.4 69.5 86.5 76.8 50.2 35.8 57.6 36.8 52.4 29.8
LDDC + LConsistency 75.5 67.0 78.7 73.1 41.4 30.0 54.6 37.1 46.8 26.9
All modules (proposed method) 80.6 69.9 87.5 78.3 53.9 36.4 59.2 38.2 54.6 30.4

The bold and underlined values are the best and second best results, respectively

Table 4 Experiments without/with pseudo-label guiding

Dataset
Pseudo-label

guiding ACC (%) NMI (%)

Caltech-3V
– 72.7 63.4

� 80.6 69.9

Caltech-4V
– 87.0 76.7

� 87.5 78.3

NUS-Wide
– 53.6 35.5

� 53.9 36.4

Flickr
– 58.3 37.1

� 59.2 38.2

IAPR
– 54.1 29.8

� 54.6 30.4
– and � denote the method without and with pseudo-label guiding,
respectively. The better values are in bold

the fact that CL with pseudo-label guiding can effectively pre-
vent intra-cluster samples from diverging, thereby enabling the
model to learn more discriminative features.

3.6.3 Sensitivity analysis of initial K-means clustering

To evaluate the effectiveness and robustness of using K-
means clustering in the original feature space to construct
the negative sample mask matrix, we conduct a systematic
sensitivity analysis experiment. The design of our compar-
ative experiments to evaluate the impact of different Di,j

construction strategies on the overall clustering performance
of the proposed method is elaborated as follows.

1. Random Di,j : The elements of the mask matrix Di,j

are randomly assigned 0 or 1 with an equal probability, where
the mask matrix D exerts a disruptive effect on the process of
false negative pair elimination.

2. No Di,j : abandon the mask matrix D, where the elim-
ination of false negative pairs is solely based on the clustering
results derived from the DDC module.

3. K-means-based Di,j : The mask matrix D is con-
structed by K-means clustering in the original feature space,
which is also the strategy proposed in this paper.

4. Ground-truthDi,j : The elements Di,j are set according
to the real category labels of the samples. Di,j=1 if and only
if sample i and sample j belong to the same real category in
all M modalities’ original feature spaces, which represents the
optimal theoretical state of false negative pair filtering.
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From a theoretical perspective, the expected clustering
performance of these four strategies follows a clear order:
Ground-truth Di,j>K-means-based Di,j>No Di,j>Random
Di,j . Ground-truth Di,j provides fully accurate prior knowl-
edge and thus achieves the optimal performance. K-means-
based Di,j offers reliable coarse-grained guidance, which is
close to the ideal condition. No Di,j lacks the constraint from
the original feature space and performs worse than the K-
means-based strategy. Random Di,j introduces uncontrolled
noise and severely disturbs false negative pair removal, lead-
ing to the worst performance. As expected, our experimental
results are completely consistent with this theoretical ranking.

All the above strategies are implemented on the five
benchmark datasets with identical experimental settings and
hyperparameter configurations as the original method. This
ensures the fairness and comparability of the obtained exper-
imental results, which are summarized in Table 5. The ex-
perimental results demonstrate that the K-means-based Di,j

strategy achieves clustering performance that is second only to
the ground-truth Di,j on all benchmark datasets. Specifically,
the average ACC of the K-means-based Di,j strategy across
the five datasets is 0.48 PPs lower than that of the ground-
truth Di,j , and the average NMI is 0.40 PPs lower. In contrast,
the Random Di,j strategy results in an average ACC reduction
of 2.90 PPs and an average NMI reduction of 3.22 PPs relative
to the ground-truth Di,j over the five datasets, which confirms

that the rational construction of the mask matrix is the key to
effective false negative pair elimination. The No Di,j strategy
shows inferior performance compared with the K-means-based
method, which indicates that the clustering results from the
DDC module alone are insufficient to accurately identify false
negative pairs at the early stage of training, and K-means clus-
tering in the original feature space can provide reliable prior
information for the negative sample selection module.

3.7 Parameter sensitivity

In the proposed MCMC-CR method, α and β are intro-
duced to balance the contributions of the multi-stage CL loss
(LMCL) and the consistency learning loss (LConsistency). To
comprehensively evaluate the sensitivity of the model to these
parameters, we perform extensive experiments on all datasets
with diverse parameter configurations. Specifically, a grid
search strategy is adopted to explore the optimal value combi-
nations of α and β, where both parameters are sampled from
the candidate set {10−4, 10−3, 10−2, 10−1, 100, 101, 102, 103}.
The ACC results under different parameter settings are pre-
sented in Fig. 2. As illustrated in the figure, the MCMC-CR
method demonstrates robust performance across all datasets
when β ≤ 100, with only marginal performance fluctuations
under most parameter configurations. However, a significant
degradation in clustering ACC is observed when the value of
β exceeds 100. This indicates that the MCMC-CR method is

Table 5 Clustering performance of different Di,j construction strategies on multi-modal datasets (%)

Method
Caltech-3V Caltech-4V NUS-Wide Flickr IAPR

ACC NMI ACC NMI ACC NMI ACC NMI ACC NMI

Random Di,j 72.9 63.6 86.8 76.7 52.7 34.5 57.9 36.4 53.4 27.9
No Di,j 76.8 67.4 87.4 77.9 53.4 35.9 59.1 37.8 54.2 28.3
K-means-based Di,j 80.6 69.9 87.5 78.3 53.9 36.4 59.2 38.2 54.6 30.4
Ground-truth Di,j 81.2 70.3 88.4 78.9 54.2 36.7 59.6 38.4 54.8 30.9

The bold and underlined values are the best and second best results, respectively
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Fig. 2 Parameter analysis of α and β for MCMC-CR on different datasets: (a) Caltech-3V; (b) Caltech-4V; (c) NUS-
Wide; (d) Flickr; (e) IAPR
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relatively insensitive to variations in α and β within the range
β ≤ 100 but becomes highly sensitive to β when β > 100,
which highlights a critical insight: The weight of consistency
learning (governed by β) should not be set excessively high, as
an overemphasis on consistency learning would lead to severe
performance degradation.

To further evaluate the hyperparameter sensitivity of the
proposed method, we perform grid search experiments on the
candidate set {0.1, 0.3, 0.5, 0.7, 0.9, 1.0} for the temperature hy-
perparameters τ1 and τ2, with corresponding results reported
in Fig. 3. Specifically, τ1 is employed in early/middle-stage CL
and sample-level late-stage CL, while τ2 is used for cluster-level
late-stage CL. The goal of these experiments is to validate the
model’s hyperparameter sensitivity and determine the optimal
hyperparameter values. Experimental results illustrate that

the MCMC-CR method exhibits strong robustness against
the variation of τ1 and τ2. In particular, the model main-
tains stable and superior performance when τ1 ∈ [0.5, 1.0]

and τ2 ∈ [0.3, 1.0]. This observation validates that our ap-
proach requires no tedious fine-grained adjustment for these
two temperature parameters to guarantee effective CL in di-
verse multi-modal scenarios, thereby improving the practicality
and generalization of the proposed method.

3.8 Visualization clustering results

To substantiate the efficacy of our proposed framework,
we use the widely adopted t-distributed stochastic neighbor
embedding (t-SNE) tool to visualize the clustering results of
our method, MCMC-CR, on the Caltech-4V dataset. Fig. 4
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Fig. 3 Parameter analysis of τ1 and τ2 for MCMC-CR on different datasets: (a) Caltech-3V; (b) Caltech-4V; (c) NUS-
Wide; (d) Flickr; (e) IAPR
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Fig. 4 Evolution of cluster assignments as the training goes on the Caltech-4V dataset: (a) epoch 0; (b) epoch 25; (c)
epoch 50; (d) epoch 75; (e) epoch 100
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illustrates the evolution of cluster assignments throughout
training. From epoch 0 to epoch 100, the data points progress
from an initial intermixed state to well-separated clusters. This
demonstrates that MCMC-CR effectively captures the under-
lying data structure. As training advances, both intra-cluster
compactness and inter-cluster separation are improved, leading
to superior clustering performance.

3.9 Convergence analysis

To verify the convergence of the proposed method, we plot
the convergence curves for the overall loss function, ACC, and
NMI metrics across multiple dataset configurations in Fig. 5.
These include the Caltech-3V, Caltech-4V, NUS-Wide, Flickr,
and IAPR datasets. The results demonstrate that the loss
value decreases rapidly within the first 20 training epochs be-
fore stabilizing. The ACC and NMI metrics show continuous
improvement during the initial training phase, after which they
also stabilize. This behavior clearly indicates that the proposed
method exhibits strong convergence properties.

3.10 Runtime analysis

In this subsection, we present the runtime comparison
between the compared deep MMC methods and the proposed
method on five multi-modal datasets (Fig. 6). As the proposed
method adopts a deep learning-based paradigm, we do not con-
duct comparisons with single/all-modal clustering algorithms
and classic MMC approaches for fair comparison. It can be ob-
served that the proposed method requires a moderately longer
runtime compared with most deep MMC methods. This is
attributed to the fact that the proposed method incorporates
pseudo-label-guided multi-stage CL and demands additional
computation time for consistency learning. Nevertheless, this
computational overhead is worthwhile, as our method achieves
satisfactory data clustering performance on the tested multi-
modal datasets.

4 Conclusions

This paper introduces a novel multi-stage contrastive
multi-modal clustering with consistency retained framework
(MCMC-CR). It collaboratively preserves cross-modal con-
sistency through early–middle–late CL across three levels:
single-modal features, fused features, and cluster assignments.
It enhances the accuracy of positive/negative sample pairs and
mitigates the misleading effect of noisy pairs by jointly refin-
ing pseudo-labels based on the clustering results derived from
both the original feature space and the fused feature space.
The proposed method is designed for complete multi-modal
data; however, it performs inadequately in complex scenarios
with missing modalities or unaligned data. We plan to address
these limitations in the future.

Acknowledgments
This work was supported by the National Natural Science

Foundation of China (No. 62576320), the Henan Provincial Out-
standing Youth Science Fund Program (No. 252300421223), and
the China Postdoctoral Science Foundation (Nos. 2024T170843 and
2023M743186).

Author contributions
Yanzheng WANG and Yujun WANG conceived the core idea,

designed the overall framework of the study, led the implementa-
tion of experiments, drafted the paper, and revised it critically.
Xin YANG and Fengshuo DAI participated in data preprocessing
and experimental validation, providing valuable insights into data
analysis. Xiaoheng JIANG contributed to the theoretical discussion
and optimization of the algorithm design. Pei LV and Mingliang
XU offered guidance on the technical feasibility and academic rigor
of the research. Shizhe HU and Mingliang XU, as supervisors,
proposed the research direction, supervised the entire project, and
refined the paper with in-depth academic advice. All the authors
reviewed and approved the final version of the paper.

AC
C

 a
nd

 N
M

I

0.8
(a) (b) (c)

(d) (e)

0.7
0.6
0.5
0.4
0.3
0.2

0 20 40 60 80 100

140
120
100

80
60
40
20

ACC
NMI
Loss

ACC
NMI
Loss ACC

NMI
Loss

ACC
NMI
Loss

ACC
NMI
Loss

Lo
ss

Epoch index

AC
C

 a
nd

 N
M

I

0.8
0.9

0.7
0.6
0.5
0.4
0.3
0.2

0 20 40 60 80 100

300

250

200

150

100

50

Lo
ss

Lo
ss

Epoch index

AC
C

 a
nd

 N
M

I

0.6

0.5

0.4

0.3

0.2

0 20 40 60 80 100

20

30

40

50

60

Epoch index

Lo
ss

AC
C

 a
nd

 N
M

I

0.5

0.4

0.3

0.2

0 20 40 60 80 100

10.0
7.5
5.0

12.5

17.5
15.0

20.0
22.5
25.0

Epoch index

AC
C

 a
nd

 N
M

I

0.50
0.55

0.45
0.40
0.35
0.30
0.25
0.20

0 20 40 60 80 100

110
100
90
80
70
60
50
40

Lo
ss

Epoch index
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