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Abstract—Multi-View Clustering (MVC) has recently benefited
from contrastive learning, which enhances representation dis-
criminability by pulling positive pairs together and pushing neg-
ative pairs apart. However, existing contrastive MVC methods fail
to preserve the consistency of pairwise similarities across samples.
They either treat different views of the same instance as positives,
overlooking intra-cluster relations, or rely on pseudo-labels that
uniformly assign positives and negatives, neglecting the pairwise
similarities. To address these issues, we propose a relational con-
trastive learning for multi-view clustering (RCMVC) framework
that models the similarity distribution between an anchor and
all other samples, explicitly preserving pairwise consistency. This
design enables soft positive and negative assignments, captur-
ing fine-grained similarities while maintaining coherent cluster
structures. Moreover, RCMVC incorporates both instance-level
and cluster-level modules to jointly exploit detailed and semantic
relations. Extensive experiments demonstrate the importance of
preserving the consistency of pairwise similarities for multi-view
clustering.

Index Terms—Multi-view clustering, contrastive learning, re-
lational learning

I. INTRODUCTION

Multi-View Clustering (MVC) integrates data from multi-
ple sources or perspectives to reveal intrinsic structures and
improve clustering performance. Among existing approaches,
neural network-based methods [1], [2] enhance representa-
tion learning via deep architectures, yet often lack sufficient
discriminative power in unsupervised settings. Recently, con-
trastive learning, which constructs positive and negative pairs
to improve feature discriminability [3], has been integrated
into MVC, enhancing cross-view consistency and boosting
clustering performance.

Although good empirical performance has been observed
[4]-[6], existing contrastive MVC methods still face notable
limitations. Many approaches tend to treat all samples with the
same pseudo-label as equally “positive” and all samples with
different pseudo-labels as equally “negative”, completely ig-
noring the consistency of pairwise similarities among different
samples. Based on this observation, we propose introducing re-
lational learning to accurately capture the underlying relation-
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Fig. 1: Key differences between traditional methods and our RCMVC
framework: (a) Given S; and S2 that share the same pseudo-label
as the anchor, previous methods uniformly pulled S; and S2 equally
close to the anchor and pushed Ss and S4 equally far away. This
means that all positive pairs were treated as having the same degree
of semantic relevance, and all negative pairs were penalized equally
regardless of their actual similarity. As a result, the fine-grained
relationships among samples were often ignored in the representation
learning process. (b) In RCMVC, if S; has a higher similarity to the
anchor than S5, this relationship is preserved by pulling S; closer
than S. Similarly, for negative samples S3 and Ss with different
pseudo-labels from the anchor, if Ss is less similar to the anchor
than Sy, it is pushed farther away compared to S.

ships among samples. As illustrated in Fig. 1 (a), assuming that
samples 57 and S5 share the same pseudo-label as the anchor
and samples S3 and S, exhibit different pseudo-labels as the
anchor. Previous methods uniformly pulled .S; and S2 equally
close to the anchor and pushed S3 and Sy equally far from the
anchor. These approaches capture semantic consistency but are
too coarse and fail to capture instance-level relationships. In
contrast, we outline our basic idea in Fig. 1 (b). Specifically,
if S; shows higher similarity to the anchor, this relationship
should be preserved, and S; should be pulled closer to the
anchor compared to S5. Similarly, if S5 shows lower similarity
to the anchor, this relative relationship should be maintained



by pushing S5 farther away from the anchor compared to Sy.
In this way, the consistency of pairwise similarities across
all samples is preserved by considering instance-level rela-
tionships, rather than just cluster-level semantics. Moreover,
pseudo-labels are highly inaccurate in unsupervised settings.
Methods that directly pull together samples with the same
pseudo-label and push apart samples with different pseudo-
labels heavily depend on the accuracy of these pseudo-labels.
Our model alleviates this issue by considering the instance-
level relationships, enabling a better capture of the intrinsic
data structure.

To summarize, we propose a relational contrastive learning
for multi-view clustering (RCMVC) framework. Specifically,
we first use an autoencoder to learn low-level features from
individual views and then stack two MLPs to obtain high-
level features shared across all views. Following this, we
design an instance-level relational contrastive learning module,
where the similarity distribution between the anchor and all
other samples is computed, and the consistency of these pair-
wise similarities is preserved during representation learning.
In other words, instead of rigidly classifying a sample as
either positive or negative, we introduce relational learning
to enable a soft assignment of positive and negative samples.
Meanwhile, following the idea of labels as representations [7],
we design a cluster-level relational contrastive learning module
to account for semantics consistency. Compared to previous
work, our contributions are as follows:

« We propose a relational contrastive learning framework
for multi-view clustering. Our model allows for a flexible
assignment of samples by preserving the consistency of
pairwise similarities, capturing complex data structures
and potentially mitigating the side effects of inaccurate
pseudo-labels.

e« We implement relational contrastive learning at both
instance and cluster levels, jointly capturing fine-grained
data relationships and the semantic consistency.

o In the experiments, we demonstrate the superiority and
effectiveness of our RCMVC model compared to state-
of-the-art methods. Additionally, the effectiveness of
relational contrastive learning is evaluated through an
ablation study.

ITI. RELATED WORK
A. Contrastive Learning

Contrastive learning [8] has achieved considerable success
in the field of self-supervised learning. Contrastive learning is
able to learn more efficient and robust feature representations
by pulling similar pairs closer and pushing dissimilar pairs
apart. Momentum Contrast for Unsupervised Visual Represen-
tation Learning (MoCo) [9] proposes contrast learning as the
perspective of dictionary search, and constructs a dynamic dic-
tionary with queue and moving average encoder. This makes
it possible to build a large and consistent dictionary in real
time, facilitating contrast unsupervised learning. Contrastive
clustering (CC) [7] is a single stage online clustering method,

which simultaneously optimize instance and cluster-level con-
trastive loss, the model combines learning representation and
cluster assignment in an end-to-end manner. Contrastive learn-
ing with stronger augmentations (CLSA) [10] proposes a
general contrastive learning framework to complement the
existing contrast learning methods. It utilizes the distribution
differences between weakly and strongly enhanced images on
the representation library to oversee the retrieval of strongly
enhanced queries from the pool of instances. Prototypical
contrastive learning of unsupervised representations (PCL)
[11] not only learns low-level features for instance discrim-
inant tasks, but more importantly encodes semantic structures
discovered through clustering into the learned embeddings
space.

B. Deep Multi-view Representation Learning

In recent years, deep Multi-view representation Learning
has become increasingly popular among a wide range of
researchers because of its outstanding representation capabili-
ties. Deep embedded multi-view clustering with collaborative
training (DEMVC) [2] proposes to train multiple deep neural
networks collaboratively, which can make good use of the
common and complementary information of multiple views.
In order to improve the performance of MVC, a sharing
scheme of auxiliary distribution and a new cluster center
initialization consistency strategy are proposed. Deep embed-
ding clustering based on contractive autoencoder (DECCA)
[12] retains important information from the original data, and
combines the original sample with its corresponding enhanced
representation constraints to achieve representation learning.
In addition, in order to ensure the local properties of the
class clusters, the constraint of neighbor sample similarity is
introduced.

Following a phase of rapid advancement, deep multi-view
representation learning has faced a performance plateau, pri-
marily due to its limited discriminative capability in unsu-
pervised settings. Recently, contrastive learning has emerged
as a powerful approach in unsupervised learning, boosting
discriminative performance by leveraging contrasts between
positive and negative pairs. Multi-level Feature Learning for
Contrastive Multi-view Clustering (MFLVC) [13] designs a
non-fusion MVC model to avoid merging unfavorable view
private information between all views, and generates different
levels of features for the samples in each view, including
low-level features, high-level features and semantic features.
Global and cross-view feature aggregation for multi-view clus-
tering (GCFAgg) [14] aligns the consistent representation with
the view-specific representation through a structure-guided
contrastive learning module so that view-specific representa-
tions with high structural relationships from different samples
are similar.

III. PROPOSED METHOD

In this section, we present relational contrastive learning for
multi-view clustering. As illustrated in Fig. 2, the framework
consists of three modules.
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A. Dataset Description

Given a multi-view dataset {X* € RV XD“}L/:1 with N
samples from V views and K categories, where XV =
[z}, 2%, ..., z}] denotes the instances in the vy, view, and
D, represents the dimension of the vy, view.

B. Within-view Reconstruction

To mitigate noise and enhance feature quality, we introduce
autoencoders as view-specific feature extractors, which are
widely used in unsupervised tasks [15]. For the vy, view, we
define an encoder fg. and a decoder g;., where 0* and 7" are
model parameters. The encoder maps an input sample into a
latent feature space:

zi = fg» (%), (1)

where z} € R? is the latent representation of the 7., sample
from the v, view. The decoder reconstructs the input as:

X; =gy (2]). 2)

The reconstruction loss is minimized across all views:

L=

v=1i=1

o (5 )5 3)

C. Instance-level Relational Contrastive Learning

Traditional contrastive MVC methods usually treat different
views of the same sample as positive pairs, neglecting the high
similarity between samples within the same cluster. To better
capture complex data relationships, we introduce relational

decoder {D"}Y

w—1> View-specific representation Z”, instance-level representation

contrastive learning to preserve the consistency of pairwise
similarities.

While autoencoders minimize reconstruction error, they tend
to emphasize view-specific features over cross-view consis-
tency. To address this, we apply a shared MLP parameterized
by Gm, to the view- spemﬁc features {Z"},_, to obtain high-
level embeddings {H"},_;. The cosine 51m11ar1ty between
embeddings is computed as:

(hi, h})

sim(h?, h) = — "2/
(i B5) = T e,

“)
where (,) denotes the dot product.

Given an anchor h{, we compute its similarity with all other
samples in the view, and then apply a softmax layer to obtain

a similarity distribution R; € RY. The py), element of R; is
computed as:

hy) /7
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where 1 is the indicator function and 7; is the temperature
parameter. Traditional contrastive MVC assumes positives
come only from other views of the anchor, while overlooking
potential positive relationships within the same view. Instead,
we define a target similarity distribution W; € RY, whose p,
element is computed as:

Wip = ali=p + (1 — a)rp, (6)



where « is a weighting coefficient. A large w;, indicates a
higher probability that the ;;, sample and the p;; sample form
a positive pair.

For cross-view similarity, we compute a distribution 7; €
RY, whose p;, element is computed as:

gsim(hy h7)/m1

N im(h?, h™
ijl Zm:v,n estm(by by
We then minimize the cross-entropy between W; and T;,
defining the relational contrastive loss for anchor i:

(7

tip = T

N
wn) _ _ 1 oo T
" =—% ; W, log T;. (8)
Aggregating over all views gives the instance-level relational
contrastive loss:

EIns =

Z S, ©)

v=1 n#v
D. Cluster-Level Relational Contrastive Learning

Cluster-level structures are crucial for effective clustering.
Following the “labels as representations” principle [7], we em-
ploy a shared cluster MLP, parameterized by G ¢, on the view-
specific features {Z}Y_, to obtain cluster-level embeddings
{QV € RV*EVV_ . Bach row QY € RX represents the soft
label of the i, instance, encoding its assignment probabilities
over the K clusters, while each column Q?’j € RY can be
regarded as the representation of the jy;, cluster, reflecting its
distribution across all instances.

At the cluster level, embeddings of the same -cluster
across different views form positive pairs, while embeddings
of different clusters serve as negative pairs. Specifically,
(Q?’J»,Q_’;){”é”} form positive pairs, and (Q%,QW)E’;,S o}
form negative pairs.

To preserve the consistency of pairwise similarity at the
cluster level, we also adopt a relational contrastive learning
strategy. The cosine similarity is computed between cluster-
level embeddings, followed by a softmax layer to obtain
a similarity distribution R = [7’3-1,7’;-2, .. .,r;K}. The pyp,
element of R; is computed as:
lp;éjesim(Ql”j,Ql“p)/fz

/
r. —
ip K sim(QY,,QY ’
S, ]lkfe“m(Qw %)/ T2
where 7 is the temperature coefficient. We use R’ to for-

mulate a target similarity distribution W’ € RK, whose Dth
element is constructed as:

w’p =f1l=p+(1— ﬁ)r;p, an

with 8 as a weighting coefficient. Then, we calculate the
similarity between Q; and all other clusters across all views
and apply the softmax layer to the computed similarities to
formulate a cross-view similarity distribution ij € R, whose
pin, element is computed as:

e5m(QY,Q7,) /2

= ' . 12
" Zszl Zmzv neszm(QTJj’ /T2 _ el/m (12)

(10)

Finally, the cluster-level relational contrastive loss is com-
puted via cross-entropy between W; and Tj:

K
vn 1
E(Cr) =—%= ZW]’ log T}.

(13)
j=1
and the cumulative cross-view loss is:
Iy (vn)
Lo = izzgé): . (14)

v=1 n#v
E. Optimization
The overall objective of the framework combines recon-

struction, instance-level, and cluster-level losses:

L= ERe + EIns + £C1u~ (15)

The cluster assignment for the ¢;;, sample is obtained by aver-
aging the cluster-level embeddings across views and selecting
the cluster with the highest probability:

14
1
y; = argmax <V Z Qf) ,
J v=1

and the overall clustering result is Y=[yi, ... ,yn]. The

complete optimization procedure is summarized in Algorithm
1.

(16)

Algorithm 1 Relational Contrastive learning for Multi-View
Clustering (RCMVC)

Input: Multi-view dataset {X"}Y_;; Number of clusters K;
Temperature parameters 71 and 75; weighting coefficients
« and 3;
1: Initialize {9"’,77’”}::1 by minimizing Eq. (3);
2: Calculate similarity distribution by Eq. (5), Eq. (7), Eq.
(10) and Eq. (12);
3: Update Gy, G, {0%,1°})_; by minimizing Eq. (15);
4: The cluster assignment is determined by Eq. (16);
QOutput: The label predictions Y=[y1, ... ,.yn].

IV. EXPERIMENTS
A. Experimental Settings

We evaluate RCMVC on six multi-view datasets. NGs [16]
contains 500 news documents, preprocessed into three views
and categorized into five classes. Prokaryotic [17] includes
551 genome sequences represented in three views. BBC [18]
consists of 685 news articles from three views, grouped into
ten categories. Caltech-5V [19] is an RGB image dataset
represented by five views with 1,400 images in seven cat-
egories, yielding three subsets: Caltech-2V, Caltech-3V, and
Caltech-4V. Scenel5 [20] contains 4,485 images from 15
scene categories. Hdigit [21] is a handwritten digit dataset
with 10,000 images from ten classes.

RCMVC is compared against nine state-of-the-art methods:
CONAN [22], EAMC [23], SIMVC [24], COMVC [24],
MFLVC [13], CVCL [1], DEMVC [2], FMCSC [25], and
SCM [26]. Clustering performance is evaluated using three



TABLE I: Clustering performance of RCMVC with competing methods (Prokaryotic, Hdigit, NGs, BBC)

Method Prokaryotic Hdigit NGs BBC
ACC | NMI | PUR | ACC | NMI | PUR | ACC | NMI | PUR | ACC | NMI | PUR
CONAN 4428 | 10.17 | 52.81 | 95.62 | 91.93 | 95.62 | 37.80 | 12.75 | 40.60 | 30.22 | 11.52 | 54.74
EAMC 32.30 391 56.80 | 48.78 | 51.51 | 49.39 | 33.40 | 10.14 | 34.20 | 26.57 | 15.58 | 33.87
SIMVC 4228 | 1724 | 67.69 | 7854 | 67.05 | 7854 | 42.20 | 18.23 | 45.60 | 36.20 8.38 41.89
COMVC 41.01 19.47 | 6424 | 9032 | 87.13 | 90.32 | 41.80 | 15.05 | 41.80 | 42.04 | 1391 | 46.42
MFLVC 4828 | 2490 | 6044 | 94.42 | 87.50 | 9440 | 88.60 | 74.68 | 88.60 | 62.34 | 56.65 | 77.08
CVCL 5240 | 25.17 | 64.60 | 32.16 | 24.07 | 32.27 | 71.80 | 49.00 | 4598 | 54.00 | 30.73 | 59.50
DEMVC 5245 | 25.79 | 69.69 | 37.38 | 32.55 | 48.16 | 43.00 | 27.65 | 27.93 | 57.37 | 3232 | 32.32
FMCSC 47.18 | 20.53 | 47.37 | 83.02 | 67.24 | 8743 | 64.40 | 53.66 | 64.40 | 57.69 | 27.49 | 56.83
SCM 47.19 | 1795 | 66.79 | 9592 | 89.81 | 9592 | 9540 | 87.63 | 9540 | 60.73 | 39.55 | 60.73
RCMVC(Ours) | 56.44 | 28.80 | 69.93 | 97.08 | 92.36 | 97.08 | 96.07 | 88.15 | 96.07 | 67.28 | 65.98 | 80.16
TABLE II: Clustering performance of RCMVC with competing methods (Caltech Datasets)
Method Caltech-2V Caltech-3V Caltech-4V Caltech-5V
ACC NMI | PUR | ACC | NMI | PUR | ACC | NMI | PUR | ACC | NMI | PUR
CONAN 57.50 | 45.16 | 57.57 | 59.14 | 49.81 | 59.14 | 55.71 | 50.61 | 57.35 | 72.07 | 64.18 | 72.21
EAMC 4993 | 4449 | 52.07 | 50.14 | 36.17 | 50.29 | 47.86 | 37.09 | 47.86 | 39.36 | 35.40 | 40.00
SIMVC 50.83 | 47.15 | 55.73 | 56.92 | 49.53 | 59.12 | 61.93 | 53.62 | 63.03 | 71.93 | 67.71 | 72.92
COMVC 46.63 | 42.62 | 5272 | 54.13 | 5043 | 58.42 | 56.83 | 56.92 | 64.63 | 70.03 | 68.71 | 74.62
MFLVC 60.60 | 52.80 | 61.60 | 63.12 | 56.63 | 63.92 | 73.32 | 65.23 | 73.42 | 8042 | 70.32 | 80.43
CVCL 64.79 | 55.03 | 64.79 | 66.64 | 5493 | 66.64 | 66.43 | 59.34 | 68.64 | 74.57 | 65.49 | 59.03
DEMVC 49.86 | 38.45 | 52.07 | 53.36 | 41.36 | 53.36 | 49.29 | 45.04 | 51.86 | 46.00 | 36.66 | 49.50
FMCSC 5278 | 45.72 | 50.23 | 66.14 | 52.27 | 68.47 | 71.50 | 54.09 | 73.82 | 74.10 | 58.10 | 74.58
SCM 63.07 | 48.76 | 63.29 | 64.29 | 4835 | 64.36 | 74.64 | 60.14 | 74.64 | 7429 | 68.84 | 78.79
RCMVC(Ours) | 66.63 | 57.62 | 66.63 | 68.78 | 61.27 | 68.78 | 89.91 | 81.66 | 89.91 | 86.12 | 78.94 | 86.12
TABLE III: Ablation studies on competing datasets (Prokaryotic, Hdigit, NGs, Scenel5)
Components Prokaryotic Hdigit NGs Scenel5
Ris | Ry | ACC NMI PUR | ACC NMI PUR | ACC NMI PUR | ACC NMI PUR
X X 4592 | 21.53 | 57.53 | 93.41 | 8539 | 9341 | 8580 | 70.96 | 85.80 | 33.16 | 36.43 | 37.65
v X 5245 | 30.70 | 70.05 | 95.48 | 92.59 | 9548 | 94.82 | 90.16 | 94.82 | 36.68 | 40.61 | 40.85
X v 55.17 | 27.62 | 67.51 | 96.64 | 91.65 | 96.64 | 88.60 | 72.46 | 88.60 | 3547 | 37.17 | 38.53
v v 56.44 | 28.80 | 6993 | 97.08 | 92.36 | 97.08 | 96.07 | 88.15 | 96.07 | 37.86 | 37.73 | 37.69
TABLE IV: Ablation studies on competing datasets (Caltech Datasets)
Components Caltech-2V Caltech-3V Caltech-4V Caltech-5V
Ris | Rau | ACC NMI PUR | ACC NMI PUR | ACC NMI PUR | ACC NMI PUR
X X 60.86 | 52.85 | 61.36 | 60.79 | 52.92 | 62.86 | 83.14 | 75.37 | 83.14 | 85.64 | 76.71 | 85.64
v X 62.00 | 5391 | 62.36 | 66.36 | 59.85 | 66.71 | 89.43 | 81.80 | 89.43 | 8593 | 78.94 | 85.93
X v 60.83 | 5295 | 60.86 | 66.71 | 59.36 | 66.71 | 86.00 | 76.55 | 86.00 | 85.50 | 76.39 | 85.50
v v 66.63 | 57.62 | 66.63 | 68.78 | 61.27 | 68.78 | 89.91 | 81.66 | 8991 | 86.12 | 78.94 | 86.12

metrics: clustering accuracy (ACC), normalized mutual infor-
mation (NMI), and purity (PUR).

B. Performance

Table I and table II summarizes the clustering performance.
We observe that: 1) RCMVC consistently achieves the best
results across all metrics. On BBC, it outperforms MFLVC
[13] by 9.33% in NMI, mainly due to preserving relational
consistency across views through instance-level and cluster-
level relational learning. 2) RCMVC shows robust perfor-
mance across varying views. On the Caltech datasets, it con-

sistently outperforms all comparison methods, demonstrating
its effectiveness in capturing cross-view relational information.

Ablation Studies. Ablation studies evaluate the contribu-
tions of the instance-level relational contrastive module (R;,,s)
and the cluster-level relational contrastive module (R.;,). As
shown in Table III and table IV, the full RCMVC model
consistently achieves the highest performance by leveraging
both components. On the Prokaryotic dataset, the full model
improves ACC to 56.44%, a 10.52% gain over the model with-
out both modules (45.92%), demonstrating the contribution of
instance-level relational modeling and cluster-level relational
modeling.
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Parameter Sensitivity Analysis. We examine the sensi-
tivity of RCMVC on the NGs dataset with respect to four
key hyperparameters in relational contrastive learning: the
temperature parameters 7, and 7o, and weighting coefficients
« and . As shown in Fig. 3, NMI changes smoothly with
varying hyperparameters, demonstrating that our multi-level
relational learning framework is robust to their settings.

Visualization of Clustering Results. We visualize the
clustering results using t-SNE on NGs and Hdigit, which
reduces the dimension of the extracted feature vectors to 2D.
As shown in Fig. 4, distinct cluster structures emerge, further
demonstrating the effectiveness of our method.

V. CONCLUSION

In this paper, we propose a novel RCMVC framework for
multi-view clustering based on relational contrastive learning.
Our approach incorporates relational modeling into contrastive
learning to explicitly preserve pairwise similarity consistency
and capture both fine-grained instance-level and semantic
cluster-level relationships. Extensive experiments on multiple
benchmark datasets demonstrate that RCMVC consistently
outperforms state-of-the-art methods, highlighting the effec-
tiveness of relational modeling in improving the accuracy of
multi-view clustering.
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