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Abstract

Multi-view clustering (MVC) has recently garnered increas-
ing attention for its ability to partition unlabeled samples
into distinct clusters by leveraging complementary and con-
sistent information from different views. Existing MVC
methods primarily combine deep neural networks with con-
trastive learning for cross-view representation learning, yet
often overlook the inherent global-local structural relation-
ships among samples. While GNN-based methods capture
local structures, they struggle to model global dependen-
cies, leading to inferior inter-cluster separability. In con-
trast, Transformer-based methods excel at global aggrega-
tion but suffer from quadratic complexity, and their atten-
tion smoothing effect weakens fine-grained local structures,
resulting in suboptimal intra-cluster compactness. To ad-
dress these limitations, we propose a novel end-to-end MVC
framework called Mamba-Driven Multi-View Discriminative
Clustering via Global-Local Cross-View Sequence Model-
ing (MGLC). By flexibly constructing multi-view sequences,
MGLC fully exploits the efficient sequence modeling ca-
pabilities of Mamba to jointly model cross-view dependen-
cies and global-local structural relationships among sam-
ples. Furthermore, MGLC introduces a Cross-Mamba Fu-
sion module to dynamically integrate cross-view and global-
local structural representations. Additionally, MGLC incor-
porates a Dual Calibration Contrastive Learning module,
guided by high-confidence pseudo-labels, that adaptively re-
fines both feature and semantic representations while mitigat-
ing false negatives among semantically similar samples. Ex-
tensive comparative experiments and ablation studies demon-
strate the effectiveness of MGLC.

Introduction
Multi-view data captures the complementary and consistent
information of the same object from different sources or
modalities (Lu et al. 2024), and has been widely applied in
practical scenarios such as medical analysis (Kim and Park

*Corresponding authors: Li Yao; Yijie Lin.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Our key idea. Achieving inter-cluster separabil-
ity and intra-cluster compactness depends on effectively
leveraging three essential types of representational infor-
mation: cross-view correspondence, global structural rela-
tionships, and local structural relationships. However, most
existing MVC methods overlook the intrinsic global-local
structural relationships, resulting in suboptimal clustering
performance.

2024; Li et al. 2025) and autonomous driving (Xing et al.
2025). As one of the most effective tools for analyzing multi-
view data, multi-view clustering (MVC) partitions unlabeled
samples into distinct semantic clusters by mining and lever-
aging the latent information across different views (Lin et al.
2022, 2021; Yang et al. 2022; Zhu et al. 2025b; Zhang et al.
2025c; Wan et al. 2024; Guan et al. 2025b,a).

The core objective of MVC is to achieve inter-cluster sep-
arability and intra-cluster compactness (Zhang et al. 2025b;
Sun et al. 2025; Zhang et al. 2025a; Li et al. 2023; Xu et al.
2025; Jiang et al. 2025). This objective hinges on the ef-
fective exploitation of three key types of representational
information. As illustrated in Figure 1, cross-view corre-
spondence captures the semantic consistency of the same
instance across different views; global structural relation-
ships characterize the macro-level distribution of samples,
enabling clearer separation between clusters; and local struc-
tural relationships preserve fine-grained neighborhood sim-
ilarities, promoting intra-cluster coherence. The synergy of
these components facilitates high-quality clustering.

The predominant strategy for achieving inter-cluster sep-
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arability and intra-cluster compactness is to combine deep
neural networks and contrastive learning. Researchers have
explored several deep MVC approaches, including autoen-
coder (AE)-based methods (Xu et al. 2022), graph neu-
ral network (GNN)-based methods (Chao et al. 2025), and
Transformer-based methods (Yan et al. 2023; Wang et al.
2025). Despite significant progress, these methods often
overlook the inherent global-local structural relationships
among samples. Specifically, AE-based methods utilize con-
trastive learning for cross-view alignment but ignore both
global and local structures, limiting clustering discriminabil-
ity. While GNN-based methods effectively capture local
neighborhood structures, they struggle to model global de-
pendencies, resulting in inferior inter-cluster separability. In
contrast, Transformer-based models excel at global aggre-
gation but suffer from quadratic complexity, and their atten-
tion smoothing effect weakens fine-grained local structures,
leading to suboptimal intra-cluster compactness.

The efficient state-space modeling framework
Mamba (Gu and Dao 2023) offers input adaptivity
and global modeling capabilities through its selective
mechanism, enabling effective capture of critical infor-
mation. Meanwhile, its linear computational complexity
significantly reduces computational overhead and greatly
enhances inference efficiency, making it a promising alter-
native. For example, Zhu et al. (Zhu et al. 2025a) employ
Mamba for trustworthy cross-view fusion. However, it still
focuses solely on cross-view learning and has not system-
atically utilized Mamba’s powerful sequence modeling
potential to integrate both global and local structures.

To address these challenges, we propose a novel MVC
framework called Mamba-Driven Multi-View Discrimina-
tive Clustering via Global-Local Cross-View Sequence
Modeling (MGLC). As shown in Figure 2, our approach first
constructs flexible multi-view sequences to fully leverage
Mamba’s efficient sequence modeling capabilities for jointly
modeling cross-view dependencies and global-local struc-
tural relationships among samples. The proposed Cross-
Mamba Fusion module then dynamically fuses cross-view
and global-local representations to enhance feature discrim-
inability. Moreover, we introduce a pseudo-label-guided
Dual Calibration Contrastive Learning module that adap-
tively refines both feature and semantic representations,
while mitigating false negatives among semantically similar
samples. Our contributions are summarized as follows:

• We propose a novel end-to-end MVC framework, MGLC,
which fully leverages Mamba’s efficient sequence model-
ing capabilities to jointly model cross-view dependencies
and global-local structural relationships through the flexi-
ble construction of multi-view sequences.

• We design a Cross-Mamba Fusion module to dynamically
integrate cross-view and global-local structural represen-
tations. In addition, we develop a Dual Calibration Con-
trastive Learning module that adaptively refines both fea-
ture and semantic representations while effectively reduc-
ing false negatives among semantically similar samples.

• Extensive experiments on eight benchmark datasets
demonstrate that MGLC consistently outperforms state-

of-the-art MVC methods in both clustering performance
and computational efficiency.

Related Work
Deep Multi-view Clustering
Inspired by the powerful feature representation capabilities
of deep neural networks, many deep MVC methods have
been developed. These methods are primarily categorized as
follows: (a) AE-based methods (Xu et al. 2021; Yan et al.
2024) leverage contrastive learning based on autoencoder
architectures for cross-view alignment, but often overlook
global and local structures, thereby hindering clustering dis-
criminability; (b) GNN-based methods (Ren et al. 2024;
Chao et al. 2025) construct intra-view or cross-view graphs
and aggregate features via message passing to model lo-
cal structural dependencies. However, their inherently local
propagation limits the ability to capture long-range global
dependencies, resulting in inferior inter-cluster separability;
(c) Transformer-based methods (Yan et al. 2023; Wang et al.
2025) enable global feature aggregation via self-attention,
but their quadratic complexity limits efficiency, especially
in large-scale scenarios. In addition, attention smoothing
weakens fine-grained local structures, leading to insufficient
intra-cluster compactness.

State Space Model
The state space model (SSM) with linear complexity offers
a promising approach for modeling long-range dependen-
cies. Moreover, the Structured State Space Sequence (S4)
model (Gu, Goel, and Ré 2021) improves computational
efficiency through a novel parameterization while preserv-
ing its theoretical advantages. Building upon this founda-
tion, Mamba (Gu and Dao 2023) stands out by introduc-
ing a data-dependent SSM layer and a parallel scan (S6) se-
lection mechanism, surpassing Transformers (Vaswani et al.
2017) in both inference speed and overall performance. Zhu
et al. (Zhu et al. 2025a) leverage Mamba for trustworthy
cross-view fusion, but their method focuses solely on cross-
view learning and overlooks Mamba’s potential in modeling
global and local structures among samples.

The Proposed Method
Notations. Given a multi-view dataset {Xv ∈ RN×Dv}Vv=1
with N samples across V views, where Xv denotes the data
matrix of the v-th view and Dv is the feature dimensionality.
Multi-view clustering aims to partition the N samples into
C clusters.

Preliminaries
The SSM-based models Mamba (Gu and Dao 2023) and Vi-
sion Mamba (Vim) (Zhu et al. 2024) are inspired by con-
tinuous systems, which map a one-dimensional sequence
x(t) ∈ R 7→ y(t) ∈ R through an N -dimensional hidden
state h(t) ∈ RN . The hidden state evolves over time with
parameters A, B, and C, following linear ordinary differen-
tial equations:
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Figure 2: Without loss of generality, we take bi-view data as a showcase to demonstrate the overall framework of our proposed
MGLC. As shown, our method is mainly divided into three modules: (1) View-specific Feature Learning; (2) Global-Local
Cross-View Sequence Modeling; (3) Dual Calibration Contrastive Learning. Note that, E: Encoder; D: Decoder.

h′(t) = Ah(t) +Bx(t),

y(t) = Ch(t),
(1)

where A ∈ RN×N is the state matrix, B ∈ RN×1, and
C ∈ R1×N are projection parameters.

To adapt SSM for deep learning, the system is discretized
using zero-order hold (Pechlivanidou and Karampetakis
2022). The continuous parameters A, B are transformed
into their discrete counterparts A ∈ RN×N , B ∈ RN×1

using a timescale parameter ∆ ∈ R:

A = exp(∆A),

B = (∆A)−1(exp(∆A)− I) ·∆B ≈ ∆B.
(2)

Thus, the discrete SSM can be expressed as:

ht = Aht−1 +Bxt,

yt = Cht,
(3)

where ht, ht−1 ∈ RN×1 and xt ∈ R.

View-specific Feature Learning
Deep autoencoders are commonly used for unsupervised
representation learning (Xu et al. 2022; Sun et al. 2024)
by minimizing the reconstruction error. Given that different
views inherently contain view-specific information, we em-
ploy a dedicated autoencoder for each view to learn its latent
representation Zv ∈ RN×d by minimizing the reconstruc-
tion loss:

LREC =
V∑

v=1

N∑
i=1

∥∥∥Xv
i −D

(v)
ϕv (Zv

i )
∥∥∥2
2
, (4)
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where Xv
i is the i-th sample from the v-th view, and D

(v)
ϕv

denotes the corresponding decoder with parameters ϕv . The
latent representation Zv

i is obtained as follows:

Zv
i = E

(v)
ηv (Xv

i ) , (5)

where E
(v)
ηv is the encoder of v-th view with parameters ηv .

Global-Local Cross-View Sequence Modeling
To fully exploit cross-view information and the global-local
structural relationships among samples for discriminative
clustering, we design a Global-Local Cross-View Sequence
Modeling (GLCSM) module, inspired by the Mamba archi-
tecture (Gu and Dao 2023). Specifically, the module con-
structs flexible multi-view sequences including view, sam-
ple, and neighborhood sequences to leverage Mamba’s se-
lective state-space mechanism for jointly modeling cross-
view dependencies and global-local structures. The pro-
posed Cross-Mamba Fusion module then dynamically in-
tegrates cross-view and global-local structural representa-
tions. The GLCSM module comprises Cross-view Learning,
Global Structural Modeling, Local Structural Modeling, and
Cross-Mamba Fusion.
Cross-view Learning. We concatenate the representations
from all views to form a view sequence:

Zview =
[
Z1,Z2, . . . ,ZV

]
∈ RN×V×d, (6)

which is fed into the Mamba block for adaptive cross-view
aggregation via the Selective State Space Model (SSM). The
Mamba block consists of two parallel branches: the upper
branch applies a linear projection followed by a 1D convo-
lution and SSM; the lower branch applies a linear transfor-
mation and SiLU activation for non-linear mapping. The two
outputs are fused through element-wise multiplication, fol-
lowed by a linear projection and residual connection:

Ht = SiLU
(
Linear(Zview)

)
,

Hb = SSM
(
Conv1D(Linear(Zview))

)
,

H = Linear(Ht ⊗Hb) +Zview,H ∈ RN×V×d.

(7)

where H denotes the cross-view representation.
Global Structural Modeling. To capture global structural
relationships among samples, we construct a sample se-
quence by concatenating the representations of all N sam-
ples in each view:

Zsample = [zv
1, z

v
2, . . . , z

v
N ]Vv=1 ∈ RV×N×d, (8)

where zv
i denotes the feature representation of the i-th sam-

ple in the v-th view. This sequence is then passed through the
Mamba block to model long-range dependencies (Lin et al.
2024) across samples:

Mg = Mamba(Zsample) ∈ RV×N×d, (9)

where Mg denotes the global structural representation.
Local Structural Modeling. To capture fine-grained local
structural relationships, we construct a K-nearest neighbor

graph for each view. For each sample i, we identify its K

nearest neighbors N (k)
i and form the local neighborhood se-

quence:

Zknn
i =

{
zj | j ∈ N (k)

i

}
, Zknn ∈ RV×N×K×d. (10)

The neighborhood sequence is then passed through the
Mamba block to model structural dependencies within each
local region:

M l = Mamba
(
Zknn

)
∈ RV×N×K×d, (11)

where N , K, and d denote the number of samples, neigh-
borhood size, and feature dimension, respectively.

To emphasize more relevant local information, we apply a
distance-aware pooling strategy. The weight for each neigh-
bor is computed based on Euclidean distance:

wij =
exp(−∥zi − zj∥2)∑

j′∈Ni
exp(−∥zi − zj′∥2)

. (12)

The aggregated local structural representation for sample
i is then obtained by weighted summation:

M̂
l

i =
∑
j∈Ni

wij ·M l
i,j , M̂

l
∈ RV×N×d, (13)

Finally, the global Mg and local M̂
l

structural represen-
tations are fused by element-wise addition to form the final
global-local representation M = Mg + M̂

l
. Then M is

fed into the Cross-Mamba Fusion module.
Cross-Mamba Fusion. To dynamically fuse cross-view and
global-local structural representations for generating dis-
criminative cluster embeddings, we design a Cross-Mamba
Fusion module. Specifically, the cross-view representation
H and the sample-level global-local structural representa-
tion M are first processed by parallel linear projection, 1D
convolution, SiLU activation, and Selective SSM to obtain
state outputs FH and FM . We then project H via a linear
layer to obtain a shared feature representation:

e = Linear(H), (14)

This shared representation is activated by a SiLU function
to produce dynamic weights, which modulate the two state
outputs in an element-wise manner, enhancing the selectiv-
ity and stability of the fusion process:

F ′
H = FH ⊗ SiLU(e), F ′

M = FM ⊗ SiLU(e). (15)

Finally, the modulated outputs are fused via linear pro-
jection and residual connection to produce the final unified
representation F ∈ RN×d:

F = Reshape
(
Linear(F ′

H + F ′
M ) + F ′

H

)
. (16)

Dual Calibration Contrastive Learning
To dynamically refine both feature-level and semantic-level
representations, we design a pseudo-label-guided dual cali-
bration contrastive loss. Unlike traditional contrastive learn-
ing, which may mistakenly treat semantically similar sam-
ples as negatives, our method leverages high-confidence
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pseudo labels to mitigate such false negatives (Yang et al.
2021; Lin et al. 2023), thereby improving clustering perfor-
mance.

Specifically, based on the fused representation F and
view-specific features Zv obtained via the encoder, we first
obtain pseudo labels:

Q = Classifier(F ), Qv = Classifier(Zv), (17)

where Classifier(·) denotes the shared classification head.
Based on these outputs, we construct a high-confidence

pseudo label graph W ∈ RN×N as follows:

W ij =


1 if i = j,

Qi ·Q
v
j if i ̸= j and Qi ·Q

v
j ≥ ξ,

0 otherwise,
(18)

where ξ is a similarity threshold. Diagonal elements rep-
resent the same sample across different views. For off-
diagonal elements, if the similarity is below ξ, the corre-
sponding nodes are not connected in the pseudo label graph.

We then compute a cross-view feature similarity graph us-
ing cosine similarity:

Sij =
⟨F i,Z

v
j ⟩

∥F i∥2 · ∥Zv
j∥2

, (19)

where Sij denotes the cosine similarity between the i-th
fused feature F i and the j-th view-specific feature Zv

j .
To encourage consistency between semantically similar

yet distinct samples, we introduce a feature-level calibration
contrastive loss that aligns the pseudo label graph W with
the feature similarity graph S:

LFCC = −
N∑
i=1

W ii log

(
exp(Sii)∑
j exp(Sij)

)

−
N∑
i=1

∑
j ̸=i

W ij log

(
exp(Sij)∑
j exp(Sij)

)
.

(20)

The first term encourages self-alignment across views,
while the second promotes the aggregation of semanti-
cally similar but distinct samples. During training, the high-
confidence pseudo label graph W guides the learning of
cross-view feature similarities.

To further enhance semantic consistency and enable ro-
bust end-to-end clustering, we introduce a category-level
contrastive loss between the fused predictions Q and the
view-specific predictions Qv:

Lccl = − 1

2C

C∑
i=1

V∑
v=1

log
exp(sim(Q.i,Q

v
.i)/τ)∑C

c=1 exp(sim(Q.i,Q
v
.c)/τ)

,

(21)
where τ is a temperature parameter (default set to 1) con-
trolling the distribution sharpness, and sim(·, ·) denotes the
cosine similarity between class distributions.

To further improve the reliability of pseudo labels, we in-
troduce a KL divergence-based self-supervised refinement
mechanism. It encourages high-confidence predictions to
not only improve their own representations but also guide

the optimization of other samples through knowledge trans-
fer. Specifically, for each instance, we compute the element-
wise maximum between Q and Qv to obtain the high-
confidence pseudo labels:

qij = max{Qij ,Q
v
ij}. (22)

These are then normalized to construct a target distribu-
tion:

pij =
q2
ij∑C

j=1 q
2
ij

. (23)

We optimize the clustering results by minimizing the KL
divergence between the target distribution P and the current
prediction Q:

Lhg = KL(P ∥Q) =
N∑
i=1

C∑
j=1

pij log
pij

qij

. (24)

The final semantic-level calibration contrastive loss com-
bines both objectives:

LSCC = Lccl + Lhg. (25)

Objective Function
Our model is trained end-to-end and does not rely on post-
processing with k-means clustering (Bauckhage 2015) to
obtain the final cluster assignments. Upon convergence, the
cluster label of the i-th sample (1 ≤ i ≤ N ) is inferred as:

yi = arg max
1≤j≤C

Pij , (26)

where P i,: ∈ RC denotes the predicted assignment distribu-
tion of sample i. This enables direct label prediction without
additional clustering steps.

The overall objective function is described as:

L = LREC + λ1LFCC + λ2LSCC, (27)

where λ1 and λ2 are trade-off coefficients.

Experiments
Experimental Setup
Datasets. We conducted experiments on eight benchmark
datasets: BDGP (Cai et al. 2012), Mfeat1, HW (Asun-
cion and Newman 2007), Aloideep (Geusebroek, Burghouts,
and Smeulders 2005), NoisyMNIST (Wang et al. 2015),
YouTubeFace2, WebKB (Sun et al. 2007), and 100leaves3.
Detailed descriptions of these datasets are provided in the
supplementary materials. For a comprehensive analysis,
we adopt three widely-used clustering metrics: Accuracy
(ACC), Normalized Mutual Information (NMI), and Purity
(PUR). Higher values on these metrics indicate better clus-
tering performance.
Implementation Details. All experiments were conducted
on a Linux system equipped with an Intel(R) Xeon(R) Silver

1https://archive.ics.uci.edu/dataset/72/multiple+features
2https://www.cs.tau.ac.il/∼wolf/ytfaces/
3https://archive.ics.uci.edu/dataset/241/one+hundred+plant+

species+leaves+data+set
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Method BDGP Mfeat HW Aloideep
ACC NMI PUR ACC NMI PUR ACC NMI PUR ACC NMI PUR

SiMVC 70.43 54.58 72.32 81.15 81.80 84.10 87.60 87.80 87.60 58.60 92.00 58.60
CoMVC 80.25 67.03 80.33 85.90 81.54 85.90 90.80 89.40 90.80 66.30 94.10 66.30
MFLVC 98.30 95.10 98.30 82.90 82.73 82.90 77.05 75.75 77.05 82.93 96.42 82.93
GCFagg 98.70 96.13 98.70 84.30 76.63 84.30 95.50 90.44 95.50 90.25 97.34 91.03

DealMVC 98.80 96.31 98.80 74.40 78.14 74.90 81.15 80.15 81.15 82.84 96.27 82.84
SEM 98.82 96.22 98.82 76.75 73.56 76.75 77.00 74.68 77.00 91.86 96.43 93.98

TMCN 74.12 50.42 74.12 81.85 80.42 81.85 86.21 83.11 85.45 89.35 95.96 90.84
GHICMC 85.52 69.57 85.52 94.86 91.72 94.86 97.44 94.16 97.44 90.28 97.02 90.28

MGLC 99.12 97.33 99.12 97.26 93.75 97.26 97.83 94.66 97.83 95.22 98.30 95.26
∆ +0.30 +1.02 +0.30 +2.40 +2.03 +2.40 +0.39 +0.50 +0.39 +3.36 +0.96 +1.28

Table 1: Clustering results (%) across four multi-view benchmark datasets. The best and second-best results are highlighted in
bold and underlined, respectively.

Method NoisyMNIST YouTubeFace WebKB 100leaves
ACC NMI PUR ACC NMI PUR ACC NMI PUR ACC NMI PUR

SiMVC 87.10 83.20 88.60 27.65 24.82 26.62 59.25 16.58 59.25 56.06 80.99 53.84
CoMVC 95.50 90.70 96.70 26.74 28.53 26.74 62.32 21.65 62.32 58.56 81.23 58.93
MFLVC 99.27 97.70 99.27 27.70 29.52 32.97 67.25 24.56 67.25 28.12 71.01 28.12
GCFagg 97.00 87.13 97.00 32.62 32.89 40.07 64.04 29.85 75.37 86.50 94.54 87.97

DealMVC 99.50 98.32 99.50 23.76 22.02 29.93 52.22 7.57 57.14 77.37 90.28 77.37
SEM 58.93 65.21 58.93 31.30 31.00 39.63 65.02 36.50 75.38 83.50 94.05 86.81

TMCN 96.68 93.37 97.97 30.39 31.63 38.86 61.58 21.57 67.98 66.50 83.39 68.63
GHICMC 97.68 87.35 97.68 31.43 31.53 38.85 71.43 30.10 71.43 93.85 96.82 93.85

MGLC 99.69 98.95 99.69 34.52 34.88 43.23 76.85 48.84 81.77 95.21 97.25 95.21
∆ +0.19 +0.63 +0.19 +1.90 +1.99 +3.16 +5.42 +12.34 +6.39 +1.36 +0.43 +1.36

Table 2: Clustering results (%) across four multi-view benchmark datasets. The best and second-best results are highlighted in
bold and underlined, respectively.

4215R CPU @ 3.20 GHz, 220 GB RAM, and an NVIDIA
RTX 3090 GPU. For all datasets, the model was first warmed
up using reconstruction loss for 200 epochs, followed by
100 epochs of training with the overall loss. We employed
the Adam optimizer (Kingma and Ba 2014) with default set-
tings in PyTorch (Paszke et al. 2019), using a learning rate
of 0.0003 and a batch size of 256. For all comparison meth-
ods, we used the official implementations and ran them on
our machine following the authors’ recommended settings.

Comparison with State-of-the-arts
We compared MGLC with eight state-of-the-art MVC meth-
ods, including SiMVC (Trosten et al. 2021), CoMVC
(Trosten et al. 2021), MFLVC (Xu et al. 2022), GCFagg
(Yan et al. 2023), DealMVC (Yang et al. 2023), SEM (Xu
et al. 2024), TMCN (Zhu et al. 2025a), and GHICMC (Chao
et al. 2025). A detailed description of these baselines is pro-
vided in the supplementary materials.

Table 1 and Table 2 report the average clustering perfor-
mance over five independent runs. The results reveal the
following observations: (1) Overall Superiority. MGLC
consistently outperforms all baseline methods across all
datasets. For instance, on the WebKB dataset, it achieves
improvements of 5.42%, 12.34%, and 6.39% in ACC,
NMI, and PUR, respectively, over the second-best method,

demonstrating the effectiveness of the proposed architec-
ture in capturing cross-view and structural information. (2)
Scalability. MGLC maintains strong performance on large-
scale datasets. On the YouTubeFace dataset, it surpasses the
second-best method by 1.90%, 1.99%, and 3.16% in ACC,
NMI, and PUR, respectively, indicating superior scalability
and robustness in large-scale scenarios.

Ablation Study
Ablation of GLCSM Module. To evaluate the effective-
ness of the four key components within the proposed
GLCSM module, including Cross-view Learning (CVL),
Global Structural Modeling (GSM), Local Structural Mod-
eling (LSM), and Cross-Mamba Fusion (CMF), we design
four ablated variants: (1) w/o CVL: removes cross-view
learning; (2) w/o GSM: excludes global structural model-
ing; (3) w/o LSM: drops local structural modeling; and (4)
w/o CMF: replaces the Cross-Mamba Fusion with concate-
nation. As shown in Table 3, we can conclude that:

• Removing any single component results in noticeable per-
formance drops, validating the necessity of each part in
the GLCSM module.

• Among them, removing CVL or CMF results in the most
significant performance drop, underscoring the impor-
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Components WebKB HW YouTubeFace

w/o CVL 70.82 92.29 32.60
w/o GSM 72.25 94.85 32.79
w/o LSM 74.88 95.65 33.63
w/o CMF 70.76 93.32 32.53
MGLC 76.85 97.83 34.52

Table 3: Ablation results on ACC (%) for Cross-view Learn-
ing (CVL), Global Structural Modeling (GSM), Local Struc-
tural Modeling (LSM), and Cross-Mamba Fusion (CMF).

Component
LFCC LSCC W

WebKB HW YouTubeFace

✗ ✓ ✗ 73.12 96.95 32.58
✓ ✗ ✗ 70.98 94.62 31.35
✓ ✗ ✓ 72.28 95.19 31.86
✓ ✓ ✓ 76.85 97.83 34.52

Table 4: Ablation results on ACC (%) for feature-level cal-
ibration contrastive loss (LFCC), semantic-level calibration
contrastive loss (LSCC), and high-confidence pseudo-label
graph (W ). ✗ and ✓ denote without or with the component.

tance of adaptive cross-view learning and dynamic fusion.
• LSM and GSM also contribute positively, confirming that

modeling both global and local sample structures is crucial
for learning discriminative cluster assignments.

Influence of Loss Components. As shown in Table 4, re-
moving any loss function leads to a decline in clustering per-
formance. In addition, removing the high-confidence pseudo
label graph W from LFCC also degrades the clustering per-
formance. These results indicate that LFCC achieves inter-
action alignment at the feature level, while LSCC enables
interaction alignment at the semantic level. Moreover, the
high-confidence pseudo label graph W helps reduce false
negative samples among semantically similar samples.

Hyper-Parameters Analysis
We experimentally evaluated the impact of hyperparameters
λ1, λ2, K, and ξ. As shown in Fig. 3, MGLC demonstrates
robustness to variations in λ within the range [10−1, 101].
Fig. 4 presents the analyses of K and ξ, where the optimal
performance is achieved at K = 8, and the model benefits
from increasing ξ, demonstrating the importance of high-
confidence pseudo label graphs in reducing false negatives.
Based on these results, we set λ1 = λ2 = 1, K = 8, and
ξ = 0.8 in our experiments.

Runtime Analysis
To validate the efficiency of MGLC, we conducted a runtime
analysis. Table 5 summarizes runtime and performance on
the large-scale YouTubeFace dataset. Compared with exist-
ing baselines, MGLC achieves a better balance between ef-
ficiency and effectiveness, benefiting from Mamba’s input-
adaptive selection mechanism, which dynamically adjusts
state transitions based on the input while maintaining linear-
time complexity.

Figure 3: Influence of parameters λ1 and λ2 on clustering
performance on HW.

4 8 16 32 64
Hyperparameter K

90

91

92

93

94

95

96

97

98

C
lu

st
er

in
g 

P
er

fo
rm

an
ce

 (
%

)

ACC
NMI

0.5 0.6 0.7 0.8 0.9
Threshold 

90

91

92

93

94

95

96

97

98

C
lu

st
er

in
g 

P
er

fo
rm

an
ce

 (
%

)

ACC
NMI

Figure 4: Influence of hyperparameter K and threshold ξ on
clustering performance on HW.

Methods Backbone ACC (%) Runtime (h)

MFLVC AE 27.70 3.59
GCFagg Transformer 32.64 7.53
DealMVC AE 23.76 2.32
SEM AE 30.39 2.93
TMCN Mamba 31.30 2.15
GHICMC GNN 32.43 4.26
MGLC Mamba 34.52 1.28

Table 5: Comparison of ACC and runtime for different meth-
ods on YouTubeFace. Runtime is the total training time.

Conclusion

In this paper, we propose a novel end-to-end MVC frame-
work, MGLC, which explicitly models cross-view depen-
dencies and global-local structural relationships among sam-
ples to effectively enhance inter-cluster separability and
intra-cluster compactness. By flexibly constructing multi-
view sequences, MGLC fully leverages Mamba’s efficient
sequence modeling capabilities to jointly model cross-view
dependencies and structural priors. Furthermore, we design
a Cross-Mamba Fusion module to dynamically integrate
cross-view and global-local structural representations. Ad-
ditionally, we develop a Dual Calibration Contrastive Learn-
ing module that adaptively refines both feature and semantic
representations, while mitigating false negatives among se-
mantically similar samples. Extensive experiments on eight
benchmark datasets demonstrate that MGLC outperforms
state-of-the-art methods in both clustering performance and
computational efficiency.
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