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Abstract

Multi-view clustering (MVC) aims to uncover the latent
structure of multi-view data by learning view-common and
view-specific information. Although recent studies have ex-
plored hyperbolic representations for better tackling the rep-
resentation gap between different views, they focus primar-
ily on instance-level alignment and neglect global semantic
consistency, rendering them vulnerable to view-specific in-
formation (e.g., noise and cross-view discrepancies). To this
end, this paper proposes a novel Wasserstein-Aligned Hyper-
bolic (WAH) framework for multi-view clustering. Specifi-
cally, our method exploits a view-specific hyperbolic encoder
for each view to embed features into the Lorentz manifold for
hierarchical semantic modeling. Whereafter, a global seman-
tic loss based on the hyperbolic sliced-Wasserstein distance is
introduced to align manifold distributions across views. This
is followed by soft cluster assignments to encourage cross-
view semantic consistency. Extensive experiments on multi-
ple benchmarking datasets show that our method can achieve
SOTA clustering performance.

Code — https://github.com/Yuting-jiang-jnu/WAH-MVC

Introduction
Multi-view data consists of heterogeneous features or orig-
inates from multiple sources. Although describing the same
underlying semantics, each view provides complementary
information, capturing different aspects of the data. Integrat-
ing multiple views can significantly boost clustering per-
formance (Chen et al. 2024; Xu et al. 2022a; Guo, Zhao,
and Wang 2024). To this end, multi-view clustering (MVC)
aims to exploit both the consistency and complementarity
among views to achieve more accurate clustering. Tradi-
tional MVC approaches fall into several families, including
subspace learning (Chen et al. 2022; Tao et al. 2021; Xie
et al. 2024), nonnegative matrix factorization (Hu and Chen
2019; Wei et al. 2020), graph-based methods (Li, Wan, and
He 2023; Chen et al. 2024), and kernel fusion (Liu et al.
2019, 2021). While effective in low-dimensional scenarios,
these shallow models struggle with scalability and complex
data due to limited representational power.

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: Real-world scene categories often form latent hi-
erarchies. Here, fine-grained labels (e.g., Home, Work, Nat-
ural, Urban) are grouped into higher-level concepts like In-
door and Outdoor. Hyperbolic space has shown success in
modeling hierarchical structure.

To overcome these limitations, deep multi-view clus-
tering (DMVC) methods have emerged as a promising
paradigm that harnesses the representation power of deep
neural networks to learn the latent embeddings from mul-
tiple views (Li et al. 2019, 2022; Wang et al. 2023; Zhang
et al. 2024; Guo et al. 2024). These methods aim to simul-
taneously capture view-specific semantics while jointly dis-
covering a shared clustering structure in the latent space. Xu
et al. (2022a) introduce a self-supervised autoencoder with
view consensus regularization, while Zhang et al. (2024)
impose hierarchical latent constraints to enhance seman-
tic consistency. However, reconstruction-based models may
struggle to learn discriminative representations. To address
this issue, Wang et al. (2023) employs adversarial strate-
gies, combining view-specific encoders with discriminators
to tackle this issue. However, adversarial training remains
challenging due to its inherent instability and sensitivity,
particularly in scenarios where the quality or completeness
of views varies significantly (Xing, Song, and Cheng 2021;
Xiao et al. 2022).

In contrast, contrastive learning has emerged as a more
direct and stable alternative to enforce cross-view align-
ment (Peng et al. 2022; Li et al. 2022; Cui et al. 2024;
Zhang et al. 2025; Hu et al. 2025). It encourages semanti-
cally similar samples from different views to reside nearby
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Figure 2: Comparison of traditional instance-level align-
ment and the proposed hyperbolic distribution-level align-
ment. Instance-level alignment maximizes pairwise simi-
larity but poorly captures global semantics, whereas our
method aligns holistic view-wise distributions via sliced-
Wasserstein distance (SWD) on the Lorentz manifold.

in the latent space, while preserving the diversity of view-
specific representations. Notably, Peng et al. (2022) dis-
entangles view-invariant and view-specific components via
contrastive objectives, whereas Cui et al. (2024) develops a
dual-level contrastive framework that jointly aligns instance-
level and cluster-level semantics. However, these methods
are typically confined to Euclidean geometry, which limits
their ability to capture non-Euclidean structures such as the
hierarchical structure inherent in many real-world datasets
(as illustrated in Figure 1).

In response, recent efforts have extended contrastive
learning to non-Euclidean spaces to better capture the under-
lying geometric structures of complex data. Lin et al. (2022,
2023), for instance, embed features onto hyperbolic mani-
folds to model latent semantics with greater geometric fi-
delity. However, existing methods align views at the instance
level, aiming to pull corresponding samples from different
views closer while pushing apart unrelated ones based on
feature similarity, as shown in Figure 2a. Although such a
strategy is effective in aligning individual data points, it of-
ten overlooks the global semantic consistency across views.
Moreover, it relies on manually selected positive and nega-
tive pairs, which introduces sampling bias and limits scal-
ability when dealing with data containing a wide range of
variations. To address these limitations, Optimal Transport
(OT) has been introduced as a powerful tool for aligning
global feature distributions under different views (Zhang
et al. 2024). Unlike pointwise methods, distribution-level
alignment via OT, most commonly quantified by the Wasser-
stein distance, captures holistic semantic correspondences
by matching entire sample distributions. This approach ef-
fectively mitigates view gaps and enhances the learning
of cross-view common semantics. However, generalizing
Wasserstein distance to non-Euclidean geometries remains
a challenging problem, as it requires preserving the intrinsic
geometric structure of the data while maintaining computa-
tional efficiency.

In this paper, we propose WAH-MVC, a unified
Wasserstein-Aligned Hyperbolic framework for multi-view

clustering that simultaneously preserves hierarchical struc-
tures, aligns global manifold distributions, and enhances
feature discriminability. Unlike prior methods based on
the Poincaré model, we adopt the Lorentz model for its
closed-form Riemannian operations and superior numer-
ical robustness, which facilitate stable optimization and
seamless integration with deep learning frameworks (Nickel
and Kiela 2018; Chami et al. 2020). Specifically, WAH-
MVC leverages multiple hyperbolic autoencoders to extract
view-specific hierarchies and introduces a hyperbolic sliced-
Wasserstein distance (SWD)-based constraint to achieve
global distribution alignment across views in a geometry-
aware manner, as illustrated in Figure 2b. On top of the
learned embeddings, soft semantic labels are inferred via
Lorentz Multinomial Logistic Regression (MLR), which
maintains geometric consistency with the hyperbolic space
and yields more suitable decision boundaries for curved
latent structures. These labels further guide contrastive
and consistency constraints, enabling the model to capture
shared semantic information across multiple views.

Our main contributions are summarized as follows:

• A new hyperbolic MVC framework: We propose
WAH-MVC to jointly preserve hierarchical structures,
align global manifold distributions, and enhance feature
discriminability on the Lorentz manifold of hyperbolic
space.

• A novel Lorentz alignment mechanism: We introduce
an Alignment mechanism based on the Lorentz SWD,
enabling effective distribution-level alignment across
views.

• Experimental effectiveness: Extensive empirical evalu-
ations show the superiority of WAH-MVC over several
SOTA methods in MVC.

Preliminary
In this section, we give a brief introduction to the Lorentz
model of hyperbolic space and the Wasserstein Distance on
Riemannian manifolds.

Hyperbolic Lorentz Model
The n-dimensional Lorentz model of hyperbolic space with
constant negative curvature K < 0 is defined as

Ln
K =

{
x ∈ Rn+1 | ⟨x, x⟩L =

1

K
, x0 > 0

}
, (1)

where ⟨x, y⟩L = −x0y0 +
∑n

i=1 xiyi denotes the Lorentz
inner product. The geodesic distance between two points is
given by

dL(x, y) =
1√
|K|

· arccosh (|K|⟨x, y⟩L) , (2)

where x, y ∈ Ln
K . In our work, we adopt the canonical ori-

gin xo = [
√

−1/K, 0, . . . , 0] as the reference point for
tangent-space operations. At xo, the tangent space Txo

Ln
K

is defined as the set of all vectors in Rn+1 orthogonal to xo

with respect to the Lorentz inner product. The exponential
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map at xo, which projects a tangent vector v ∈ TxoLn
K onto

the manifold, is defined as

expKxo
(v) = cosh(α)xo + sinh(α)

v

α
, (3)

where α =
√
|K| ∥v∥L and ∥v∥L =

√
⟨v, v⟩L denotes the

Lorentz norm. We present only the Lorentz operators uti-
lized in this paper, while other operators and their detailed
formulations are provided in the Appendix A.3.2.

Wasserstein Distance on Riemannian Manifolds
Wasserstein distance serves as the core cost metric in OT,
and has been successfully applied in various tasks involving
distribution alignment and semantic matching. Let µ, ν ∈
Pp(M) be two probability measures defined on a Rieman-
nian manifold M. The p-Wasserstein distance between µ
and ν is given by

Wp(µ, ν) = min
γ∈Π(µ,ν)

∫
M×M

dM(x,y)p dγ(x,y), (4)

where dM denotes the geodesic distance on M, and Π(µ, ν)
is the set of all couplings (i.e., joint distributions) with
marginals µ and ν. In our setting, we treat hyperbolic em-
beddings Zhyp = {zi}Ni=1 on the manifold as an empirical
measure µ = 1

N

∑N
i=1 δzi

, where δz denotes the Dirac mea-
sure centered at z. Based on this construction, feature align-
ment across views reduces to computing the Wasserstein dis-
tance between empirical distributions on the manifold.

Method
As shown in Figure 3, the proposed WAH-MVC framework
comprises three main components: Lorentz feature embed-
ding, Wasserstein-Alignment for feature distribution, and
contrastive clustering enhancement. The following subsec-
tions provide a detailed description.

Lorentz Feature Embedding
Given an M -view dataset X = {X1, . . . , XM}, where
Xm = {xm

i ∈ RDm}Ni=1, N is the number of samples and
Dm the feature dimension of view m. Our goal is to learn
representations capturing both view-specific and shared in-
formation for clustering semantically consistent samples.

For each view m, we employ a geometry-aware en-
coder that maps the input features onto the Lorentz mani-
fold. Specifically, a Euclidean encoder extracts latent fea-
tures from the input Xm, which are then mapped to the
(d + 1)-dimensional Lorentz manifold via the exponen-
tial map expxo

(·) at the Lorentz origin xo. To further re-
duce dimensionality and enhance discriminability,we apply
a Lorentz Fully Connected (FC) layer with curvature-aware
normalization (Bdeir, Schwethelm, and Landwehr 2024;
Chen et al. 2025a,b) within the Lorentz space. The overall
transformation can be written as:

Z̃(m)
hyp = LorentzFC

(
expxo

(fenc(Xm; θmenc))
)
, (5)

where fenc(·) is the Euclidean encoder with view-specific
parameters θmenc. The Lorentz FC is a generalization of the
Euclidean FC layer to Lorentzian geometry (detailed in App.
A.3.2). This process yields the final hyperbolic embeddings,
denoted by Z̃(m)

hyp = {z̃mi ∈ Lr
K}Ni=1.

Wasserstein-Alignment for Feature Distribution
To enhance semantic consistency across views in hyperbolic
space, we propose a global Wasserstein-Alignment strat-
egy that operates directly on the Lorentz manifold. How-
ever, computing Wasserstein distance using Eq. 4 in curved
spaces such as hyperbolic spaces poses significant compu-
tational challenges due to the nonlinearity of geodesic dis-
tances and the complexity of coupling space. As a counter-
measure, we adopt a scalable approximation based on SWD.
Specifically, following Bonet et al. (Bonet et al. 2023), we
leverage two hyperbolic extensions of Horospherical Hyper-
bolic Sliced-Wasserstein (HHSW) and Geodesic Hyperbolic
Sliced-Wasserstein (GHSW)—both of which are formulated
within the Lorentz model. In this work, we focus on the
HHSW variant due to its favorable computational properties
and compatibility with our framework.

Formally, for probability measures µ, ν ∈ Pp(Ln
K) on the

Lorentz model, the HHSW distance is defined as

HHSWp
θ(µ, ν) =

∫
TxoLn

K
∩Sn−1

Wp(Bθ#µ,Bθ#ν) dλ(θ), (6)

where xo is the lorentz origin, and Sn−1 is the unit sphere
in the tangent space Txo

Ln
K . The operator Bθ denotes the

Busemann projection along the horospherical direction θ,
which maps points in Ln

K to scalar values in R. The sym-
bol Wp represents the standard p-Wasserstein distance in the
real line. Since the projected distributions Bθ#µ and Bθ#ν
are one-dimensional, Wp can be computed efficiently using
inverse cumulative distribution functions:

Wp(Bθ#µ,Bθ#ν) =

∫ 1

0

∣∣F−1
Bθ#µ(u)− F−1

Bθ#ν(u)
∣∣p du, (7)

with F−1 denoting the quantile function. The integration
over directions θ is taken for the uniform measure λ on
the unit sphere. This sliced formulation preserves the cur-
vature of the hyperbolic space while greatly reducing com-
putational complexity. As a result, it enables efficient and
scalable alignment of global distributions across views, thus
being well-suited for high-dimensional MVC tasks.

To implement HHSW in our multi-view setting, we first
sample projection directions from Txo

Ln
K . Given a batch of

features from the m-th view Z̃(m)
hyp , we generate a set of L

directions Θ = {θℓ}Lℓ=1, where θℓ satisfies the Lorentz or-
thogonality constraint, i.e., ⟨θℓ, θℓ⟩L = 1, ⟨θℓ,xo⟩L = 0.
This ensures that the directions lie on the unit sphere and
respect the geometry of the data manifold.

Then, each feature point z̃mi ∈ Z̃(m)
hyp is projected onto

the real line via a Buseman function, yielding a scalar that
reflects its position along the geodesic defined by direction
θℓ. The resulting set forms a one-dimensional distribution
Bm

θℓ
for each view. The Buseman function is detailed in App.

A.4.1.
Whereafter, we compute the HHSW distance between ev-

ery pair of views (m,n) ∈ V across all sampled directions
to enforce multi-view alignment:

HHSWp
θℓ

(
Z̃(m)

hyp , Z̃
(n)
hyp

)
= Wp

(
Bm

θℓ
, Bn

θℓ

)
. (8)
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Figure 3: The framework of WAH-MVC. It consists of three main components: (1) Lorentz Feature Embedding, which
maps view-specific features into a curvature-aware Lorentz manifold for improved representation learning; (2) Wasserstein-
Alignment for Feature Distribution (LHHSW), which aligns distributions of different views in hyperbolic space using a sliced
Wasserstein distance; (3) Contrastive Cluster Enhancement (Lsem+Lreg), which enhances cluster discriminability by enforc-
ing semantic consistency across views through contrastive learning.

Finally, the HHSW-based alignment loss is defined as the
average discrepancy across all view pairs and projection di-
rections, as illustrated below:

LHHSW =
1

|V| × L

∑
(m,n)∈V

L∑
ℓ=1

HHSWp
θℓ

(
Z̃(m)

hyp , Z̃
(n)
hyp

)
, (9)

where V is the set of unordered view pairs. This loss func-
tion provides a geometry-aware and computationally effi-
cient mechanism for aligning multi-view representations on
the Lorentz manifold.

Contrastive Cluster Enhancement
To improve clustering discriminability, we introduce a con-
trastive learning strategy that exploits cross-view semantic
consistency. After aligning the Lorentz representations via
the SWD-based method, we employ Lorentz MLR (Bdeir,
Schwethelm, and Landwehr 2024) on the Lorentz embed-
dings to generate class probabilities. As a Lorentz extension
of the Euclidean MLR, Lorentz MLR performs classification
by defining distance-based decision boundaries that respect
the curvature of the Lorentz manifold. The cluster probabil-
ity matrix is computed by

A(m) = LorentzMLR(Z̃(m)
hyp ) = {ami ∈ RK}Ni=1, (10)

where K represents the number of clusters. The detailed for-
mulation of LorentzMLR is provided in App. A.3.2.

To refine cluster assignments, we compute a target distri-
bution Q(m) ∈ RN×K from A(m), following the method
proposed in (Cui et al. 2023):

q
(m)
ij =

(a
(m)
ij )2/

∑N
i=1 a

(m)
ij∑K

k=1

[
(a

(m)
ik )2/

∑N
i=1 a

(m)
ik

] , (11)

Let q
(m)
k denote the k-th column of the matrix Q(m),

where q
(m)
k = [q

(m)
1k , q

(m)
2k , . . . , q

(m)
Nk ]⊤. Here, q(m)

ij denotes
the probability of assigning sample i to cluster j in view
m. This weighting mechanism boosts confident predictions
while downplays ambiguous ones, thereby enabling more
discriminative clustering.

Subsequently, the similarity between cluster-wise soft as-
signments is measured by the inner product, shown below:

s
(m,n)
k,k =

(
q
(m)
k

)⊤
q
(n)
k . (12)

Based on these cross-view similarities, a contrastive loss
that encourages alignment between matched clusters while
distinguishing mismatched ones is constructed. Inspired
by (Chen et al. 2023), the contrastive loss between views
m and n is formulated as:

Lc = − 1

K

K∑
k=1

log
exp

(
s
(m,n)
k,k /τ

)
exp

(
s
(m,n)
k,k /τ

)
+

K∑
j=1,j ̸=k

exp
(
s
(m,n)
k,j /τ

) ,
(13)

with τ denoting a temperature parameter controlling the
sharpness of the similarity distribution. Thereby, the total
contrastive loss across all views is expressed as:

Lsem =
M∑

m=1

M∑
n=1, n ̸=m

Lc(m,n). (14)

To avoid degenerate assignments where all instances col-
lapse into a single cluster, we follow (Cui et al. 2023) and
incorporate a cross-view regularization term as follows:

Lreg =
M∑

m=1

K∑
j=1

p
(m)
j log p

(m)
j , (15)
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where p
(m)
j =

1

N

∑N
i=1 q

(m)
ij is an entropy-based regular-

izer that encourages balanced cluster assignments across
views, thus enhancing cross-view consistency.

Optimization and Label Inference
Previously, we have detailed the global alignment strategy
via SWD and the semantic-aware contrastive learning mod-
ule that captures shared semantics across views. Here, we
summarize the overall training objective of WAH-MVC,
which integrates three complementary loss functions:

L = αLHHSW + βLsem + γLreg, (16)

where α, β, and γ are three hyperparameters used to balance
the contribution of each component.

After training, the final semantic label for the i-th (i ∈
1, 2, . . . , N ) instance is predicted by averaging its soft as-
signments across all M views and selecting the cluster with
the highest mean probability, as shown below:

yi = argmax
j

(
1

M

M∑
m=1

q
(m)
ij

)
. (17)

This simple yet effective voting mechanism ensures robust
prediction by leveraging consensus across views.

Experiments
Experimental Settings
Datasets. We evaluate WAH-MVC on six publicly available
multi-view datasets. MNIST-USPS (Peng et al. 2019) is a
two-view dataset, with each view containing 5,000 hand-
written digit images from different domains. COIL-10 (Xu
et al. 2021) consists of 720 grayscale images from 10 cate-
gories, with each object captured from three different poses.
Fashion (Xiao, Rasul, and Vollgraf 2017) includes 10,000
samples from 10 clothing categories, each observed from
front, side, and back views. Scene-15 (Fei-Fei and Per-
ona 2005) comprises 4,485 images from 15 classes, each
represented by three types of handcrafted features. Ama-
zon (Saenko et al. 2010) contains 4,790 color images from
10 categories under four views. Youtube Video (Madani,
Georg, and Ross 2012) is a large-scale dataset with 101,499
samples from 31 classes, each represented by three feature
vectors of dimensions 512, 647, and 838.

Comparative Methods. The following methods are se-
lected for comparison: view-level contrastive methods, such
as DSIMVC (Tang and Liu 2022a), CPSPAN (Jin et al.
2023), MFLVC (Xu et al. 2022b), and DCMVC (Cui
et al. 2024), aim to maximize feature consistency
across views; clustering-level contrastive methods, includ-
ing CVCL (Chen et al. 2023) and SCM (Luo et al.
2024), focusing on enhancing clustering structure through
assignment-level contrast; aggregation-based methods, such
as DSMVC (Tang and Liu 2022b), GCFAgg (Yan et al.
2023), and MVCAN (Xu et al. 2024), integrate multi-view
features with adaptive or global strategies. We also include
an OT-based method, CSOT (Zhang et al. 2024), improving
MVC performance via Euclidean-based semantic alignment.

Network Architecture and Parameter Settings. The
proposed model employs a hybrid Euclidean encoder fenc(·)
to process both vector and image inputs. For the m-th vec-
tor view, features are encoded using a ReLU-activated MLP
with 3–5 hidden layers. A typical 3-layer configuration is
[Dm, 256, 512, d], where Dm denotes the input dimension
and d represents the shared output size. For the m-th im-
age view, a lightweight CNN is employed, consisting of two
convolutional blocks, an adaptive pooling layer, and 2–3
fully connected layers. The final output is a feature vector
with dimension d, selected from {256, 512, 1024}. The fea-
tures are mapped onto the Lorentz manifold via expxo

(·) and
transformed by a LorentzFC layer to produce the final hyper-
bolic embeddings (see App. A.5.2 for details). The total loss
is weighted by hyperparameters α, β, and γ, selected using
grid search from the set {0.001, 0.005, 0.01, 0.05, 0.1, 1.0}.
A temperature parameter τ controls the sharpness of the con-
trastive objective. Its selection process is detailed in the fol-
lowing Ablation Studies section.

Performance Evaluation

Table 1 summarizes the clustering performance of different
methods on six benchmark datasets, with the best results
highlighted in bold. Overall, WAH-MVC consistently sur-
passes the baselines, demonstrating strong effectiveness in
multi-view clustering.

On relatively simple and balanced datasets (MNIST-
USPS, COIL-10, Fashion), the most recent methods per-
form competitively. Nonetheless, WAH-MVC consistently
outperforms strong baselines (e.g., CVCL, SCM, CSOT)
across all metrics. On more challenging datasets such as
Scene-15 and Amazon, WAH-MVC achieves substantial im-
provements, surpassing the second-best methods by approx-
imately 29.8% (ACC) and 32.1% (NMI) on Scene-15. De-
spite the inherent challenges of the YoutubeVideo dataset,
including substantial inter-view heterogeneity, label noise,
and large-scale complexity, WAH-MVC achieves the high-
est ACC among all compared methods. Specifically, it out-
performs the previous SOTA method GCFAgg by 1.82% in
ACC, showcasing its good generalization ability. Although
WAH-MVC reports lower NMI than GCFAgg, this may be
attributed to NMI’s sensitivity to fragmented or noisy la-
bels (Vinh, Epps, and Bailey 2010). In contrast, the ACC
metric captures overall assignment accuracy and may better
reflect WAH-MVC’s ability to preserve dominant semantics
under noisy ground truth.

These results collectively highlight two major advantages
of WAH-MVC. Firstly, unlike contrastive learning methods
such as CVCL and DSMVC that operate in Euclidean space
with limited ability to model the intrinsic hierarchical struc-
tures of multi-view data, WAH-MVC leverages hyperbolic
space to preserve hierarchy and effectively capture multi-
level dependencies among views and clusters. Secondly, the
OT-based distribution alignment on the Lorentz manifold al-
lows WAH-MVC to mitigate view discrepancies at the se-
mantic level, thereby facilitating learning a more discrimi-
native hyperbolic network embedding.
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Method
MNIST-USPS COIL-10 Scene-15 Amazon Fashion YoutubeVideo
(V=2, N=5000) (V=3, N=720) (V=3, N=4485) (V=4,N=4790) (V=3, N=10000) (V=3, N=101499)

ACC NMI ACC NMI ACC NMI ACC NMI ACC NMI ACC NMI

DSIMVC (ICML’22) 99.34 98.13 99.68 99.35 28.27 29.04 64.80 62.46 95.50 92.17 15.57 7.46
MFLVC (CVPR’22) 99.56 98.73 92.50 92.76 34.94 29.10 89.44 91.19 99.25 98.11 21.55 22.88
DSMVC (CVPR’22) 96.34 94.27 96.39 95.32 43.48 41.11 38.64 28.29 79.40 77.98 12.47 10.35
CVCL (ICCV’23) 99.70 99.13 99.43 99.04 44.59 42.17 83.10 67.49 99.31 99.21 22.61 22.46
CPSPAN (CVPR’23) 93.30 87.61 82.92 89.80 22.92 15.69 59.90 53.30 72.22 75.67 23.88 22.24
GCFAgg (CVPR’23) 99.56 98.71 85.83 94.08 42.27 42.56 90.58 86.23 98.97 97.38 27.58 27.31
MVCAN (CVPR’24) 99.24 98.01 99.31 98.57 38.32 39.48 83.15 85.28 82.89 86.14 25.01 24.43
DCMVC (TIP’24) 95.76 90.27 85.83 95.15 32.60 28.34 68.46 62.43 94.89 92.42 27.26 27.29
SCM (IJCAI’24) 98.94 97.02 99.86 99.68 40.83 38.89 48.98 40.20 98.00 95.80 18.10 18.49
CSOT (TIP’24) 99.22 99.22 99.58 99.24 35.83 29.82 98.04 95.39 99.12 97.81 21.11 21.57

WAH-MVC 99.88 99.62 99.91 99.74 74.38 74.68 99.88 99.62 99.74 99.29 29.40 22.74

Table 1: Comparison of clustering performance on six multi-view datasets (V : Number of Views; N : Samples per View)

LHHSW Lsem Lreg

Amazon Fashion YoutubeVideo
(V=4, N=4790) (V=3, N=10000) (V=3, N=101499)

ACC NMI ACC NMI ACC NMI

✗ ✓ ✓ 99.38 98.37 99.55 98.81 25.49 21.46
✓ ✗ ✓ 27.57 20.23 27.28 15.53 13.26 3.41
✓ ✓ ✗ 85.10 93.94 71.38 86.98 27.23 12.46
✓ ✓ ✓ 99.88 99.62 99.74 99.29 29.40 22.74

Table 2: Impact of each loss component.

Method Amazon Fashion YoutubeVideo

ACC NMI ACC NMI ACC NMI

CVCL 83.10 67.49 99.31 98.21 22.61 22.46
CSOT 98.04 95.39 99.12 97.81 21.11 21.57
WAH-MVC w/ A 99.36 98.27 99.23 98.04 26.78 21.82
WAH-MVC w/ B 99.62 98.93 99.22 98.01 28.60 22.20

Table 3: Clustering performance with different WAH-MVC
backbones. A and B denote the encoders from CVCL and
CSOT, respectively.

Ablation Studies
In this part, we make a series of ablation studies to explore
the impact of potential factors on the model performance.

Loss functions. Here, we conduct clustering experiments
on the Amazon, Fashion, and YoutubeVideo datasets to an-
alyze the significance of each loss function in WAH-MVC.
As shown in Table 2, the full model that integrates all three
losses consistently achieves the best performance across all
datasets. Notably, removing Lsem results in a drastic drop
in clustering quality, highlighting its necessity for seman-
tic discriminability. The regularization term Lreg also en-
hances learning stability, especially on mid-scale datasets
like Fashion. As the number of samples increases under
a fixed number of views, the impact of LHHSW becomes
more pronounced. On the large-scale and highly heteroge-
neous YoutubeVideo dataset, incorporating LHHSW respec-
tively improves ACC and NMI by 3.91% and 1.28%, over

Dataset Method ACC NMI Time (s)

Scene-15 w/ LHCL 72.27 73.32 5.95
(V=3, N=4485) w/ LHHSW 74.38 74.68 5.85

Amazon w/ LHCL 99.53 98.52 2.77
(V=4, N=4790) w/ LHHSW 99.78 99.39 2.67

YoutubeVideo w/ LHCL 22.45 23.19 53.32
(V=3, N=101499) w/ LHHSW 29.40 22.74 52.22

Table 4: Clustering performance and training time compar-
ison of LHCL and LHHSW loss-based hyperbolic alignment
methods. Time: per-epoch training time (in seconds).

Method Fashion Scene-15 Amazon

ACC NMI ACC NMI ACC NMI

GHSW 99.31 98.23 72.77 73.47 99.77 99.33

HHSW 99.74 98.29 74.38 74.68 99.88 99.62

Table 5: Projection Comparison: HHSW vs. GHSW

the variant without using it. These findings demonstrate that
LHHSW effectively aligns multi-view distributions at the se-
mantic level, thereby improving clustering performance.

Backbone models. To verify the robustness of WAH-
MVC to different backbone architectures, we choose the en-
coders of CVCL and CSOT, which are used solely as feature
extractors in our framework. As shown in Table 3, WAH-
MVC consistently achieves high clustering ACC and NMI
on the Amazon and Fashion datasets, regardless of the en-
coder employed. This demonstrates that our model is in-
sensitive to backbone variations. Even on the challenging
YoutubeVideo dataset, where overall performance is lower,
WAH-MVC still delivers notable improvements over the
corresponding baseline models under the same encoders.
Therefore, we argue that the strength of WAH-MVC stems
from its core hyperbolic alignment and clustering mecha-
nisms, rather than from a specific encoder design.

Alignment mechanisms. Table 4 shows the effective-
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Figure 4: Effect of τ on ACC and NMI for five datasets.
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Figure 5: Convergence analysis of WAH-MVC on Amazon
(left) and Scene-15 (right).

ness of LHHSW across Scene-15, Amazon, and Youtube-
Video. Compared to the hyperbolic instance-level con-
trastive loss LHCL (see App. A.5.2), our method consistently
achieves superior or comparable results. (1) Clustering per-
formance: LHHSW outperforms LHCL by 2.11% (ACC) and
1.36% (NMI) on Scene-15, and improves ACC by 6.95%
on YoutubeVideo, highlighting its advantage in modeling
global multi-view semantics. (2) Complexity: LHCL re-
quires O(M2B2r) time due to pairwise comparisons, while
LHHSW has a complexity of O(M2LB(r + logB)) due
to efficient sorting over L projections. On large datasets
YoutubeVideo, LHHSW achieves faster training than LHCL.
Complexity details are provided in the App. A.5.3.

HHSW vs. GHSW. The key difference between HHSW
and GHSW lies in their projection mappings (Bonet et al.
2023): HHSW uses a horospherical projection via the Buse-
mann function, while GHSW employs a geodesic projection
(see App. A.4 for details). We evaluate the impact of these
two mapping strategies on the Fashion, Scene-15, and Ama-
zon datasets using the Wasserstein distance with p = 2. As
shown in Table 5, HHSW consistently outperforms GHSW
across all evaluation metrics on all datasets. This demon-
strates that the Busemann-based projection in HHSW better
preserves semantic structures relevant to clustering.

Temperature parameter. In this part, we investigate the
effect of the temperature parameter τ in Eq. 13 on the clus-
tering performance of WAH-MVC. Figure 4 reports ACC
and NMI on five different datasets as τ varies in the range
{0.1, 1.0}. As shown, a moderate value range (e.g., τ =
[0.3, 0.5]) generally yields better clustering performance,
whereas excessively small or large values of τ deteriorate
results. This is because τ balances sample discrimination
hardness: too small a τ may over-emphasize hard negatives,

(a) Epoch 0 (b) Epoch 40 (c) Epoch 80

(d) Epoch 0 (e) Epoch 40 (f) Epoch 80

Figure 6: 2D visualization of the learned features at different
epochs. (a–c): Amazon; (d–f): Fashion.

while too large a τ will over-smooth the similarity distribu-
tion. Therefore, choosing a proper τ improves both the sta-
bility and effectiveness of the contrastive learning process.

Visualization. Figure 5 plots the ACC, NMI, and total
loss in Eq. 16 over training epochs on the Amazon and
Scene-15 datasets. The total loss steadily decreases and
quickly plateaus, while the ACC and NMI rise consistently
before stabilizing, indicating that WAH-MVC converges
reliably and maintains training stability. Moreover, Fig-
ure 6 visualizes the evolution of the learned features across
epochs. This is realized using the t-SNE technique (Maaten
and Hinton 2008), which projects high-dimensional features
into a 2D space. As training progresses, intra-cluster com-
pactness increases and inter-cluster ambiguity decreases,
showing that WAH-MVC learns more discriminative multi-
view representations despite semantic gaps.

Conclusion
In this paper, we propose WAH-MVC, a novel hyperbolic
multi-view clustering framework that learns view-invariant
representations by aligning cross-view semantic structures.
To this end, we first design a view-specific hyperbolic en-
coder to capture the latent hierarchical features within each
view. At its core, WAH-MVC performs SWD-based cluster-
level alignment strategy on the Lorentz manifold, explicitly
capturing the shared semantics among views and driving
the model toward more discriminative and consistent clus-
ter assignments. Extensive experiments and ablation studies
on several benchmarking datasets demonstrate the superior
performance of WAH-MVC and quantify the contribution of
each component to the overall objective.

Acknowledgements
This work was supported in part by the National Natu-
ral Science Foundation of China (62306127, 62020106012,
62332008), the Natural Science Foundation of Jiangsu
Province (BK20231040), the Fundamental Research Funds
for the Central Universities (JUSRP124015), the Key
Project of Wuxi Municipal Health Commission (Z202318),
the EU Horizon project ELIAS (101120237), the FIS project

26450



GUIDANCE (FIS2023-03251), and the National Key R&D
Program of China (2023YFF1105102, 2023YFF1105105).

References
Bdeir, A.; Schwethelm, K.; and Landwehr, N. 2024. Fully
Hyperbolic Convolutional Neural Networks for Computer
Vision. In International Conference on Learning Represen-
tations, 47687–47711.
Bonet, C.; Chapel, L.; Drumetz, L.; and Courty, N. 2023.
Hyperbolic Sliced-Wasserstein via Geodesic and Horo-
spherical Projections. In Proceedings of the Annual Work-
shop on Topology, Algebra, and Geometry in Machine
Learning, 334–370.
Chami, I.; Wolf, A.; Juan, D.-C.; Sala, F.; Ravi, S.; and Ré,
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