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Abstract

Multi-view clustering aims to learn robust and comprehensive
clustering structures by exploiting shared and complementary
information from diverse data sources. However, the inherent
heterogeneity across views poses substantial challenges to ef-
fective collaboration and information integration. Although
recent studies introduce distillation-based mechanisms to re-
duce heterogeneity and enhance cross-view consistency, they
often rely on manually designed transfer paths or fixed fu-
sion weights, limiting their ability to model complex and dy-
namic view relationships. To address this limitation, we pro-
pose HOARD, a novel framework for Hierarchical crOss-
view Alignment for multi-view clusteRing via Decoupled in-
formation distillation. HOARD decouples multi-view repre-
sentations into shared and specific components and performs
hierarchical alignment across them. Specifically, we design a
granular-ball contrastive alignment to enforce semantic con-
sistency among shared features, and develop a prototype-
based collaborative transmission strategy to align specific
features while preserving their view-dependent structures. In
addition, an information distillation unit adaptively models
cross-view knowledge transfer in both feature spaces, and an
attention-based fusion module integrates shared and specific
representations. Extensive experiments on multiple bench-
mark datasets demonstrate that HOARD substantially im-
proves alignment quality and clustering performance, achiev-
ing state-of-the-art results.

Introduction
In real-world data collection scenarios, an object is often
described through multiple perceptual views or information
channels, forming a multi-view data (Wen et al. 2023; Ren
et al. 2025; Liang et al. 2025; Hu et al. 2024; Wan et al.
2024; Feng et al. 2025). For instance, an image can be char-
acterized using complementary descriptors such as color
histograms, edge shapes, and spatial layouts. A biomedi-
cal sample may contain various views including gene ex-
pression profiles, DNA methylation levels, and clinical an-
notations. These diverse views collectively provide a rich
and complementary semantic characterization of the object.
Effectively mining the consistency and latent correlations
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across views has thus become a central objective in multi-
view clustering (Hu et al. 2025a; Du et al. 2025; Wang et al.
2024b).

In recent years, deep multi-view clustering has witnessed
remarkable progress by harnessing the nonlinear modeling
capacity of neural networks (Chen et al. 2023a; Hu et al.
2025b; Xu et al. 2025; Yu et al. 2025; Dong et al. 2025b).
These methods excel at capturing cross-view interactions
and uncovering complex relationships, delivering impres-
sive clustering performance across a variety of practical ap-
plications. However, view heterogeneity—caused by differ-
ences in sensing modalities, representation granularity, and
sampling mechanisms—remains a critical barrier to unified
modeling (Gan et al. 2025; Wang et al. 2024a). In partic-
ular, the relative importance of a sample may vary drasti-
cally across views in real-world settings, leading to the en-
tanglement of shared semantics and view-specific structures,
which exacerbates the modeling difficulty (Lu et al. 2024).

Early fusion approaches (Wang et al. 2019, 2021) often
simplify multi-view modeling by directly concatenating or
projecting all views into a unified latent space. However,
such indiscriminate fusion tends to entangle view-specific
characteristics with shared semantics, resulting in seman-
tic interference and degrading the ability to capture struc-
tural consistency across views. To mitigate this, some stud-
ies (Wang et al. 2024c; Ke et al. 2023) have introduced
knowledge distillation mechanisms to facilitate inter-view
collaboration. Yet, most existing methods rely on predefined
distillation paths or static weighting schemes, which lack
adaptability to diverse view combinations and sample-level
variations. Moreover, pervasive distributional shifts across
views further limit the effectiveness of unified distillation
strategies.

To address these challenges, we propose a novel hierarchi-
cal cross-view alignement framework via view- decoupling,
termed HOARD. Our framework begins with representation
decoupling, decomposing each view into a shared (homo-
geneous) component and a specific (heterogeneous) compo-
nent, explicitly tackling semantic consistency and view het-
erogeneity, respectively. To enhance cross-view consistency,
we design a granular-ball contrastive alignment mechanism
that constructs structured contrastive objectives to enforce
semantic alignment and structural integrity across shared
representations. To alleviate feature shifts caused by hetero-
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geneity, we introduce a prototype-level collaborative trans-
port strategy that leverages optimal transport to build fine-
grained cross-view prototype alignments, guided by distri-
butional discrepancy measures.

Furthermore, to enable adaptive and efficient collabora-
tion across decoupled spaces, we propose a information
distillation unit that models inter-view knowledge transfer
paths and distillation weights via a dynamic graph structure,
allowing the network to learn cross-view information flow in
a data-driven manner. Finally, we incorporate an attention-
based fusion module to integrate the shared and specific rep-
resentations, enhancing high-order semantic modeling while
reducing inconsistencies across views. Our contributions are
summarized as follows:
• We propose a novel framework, HOARD, which per-

forms hierarchical and collaborative modeling of view-
specific and shared semantics via representation decou-
pling and dual-stream alignment, significantly enhancing
cross-view integration.

• We design a dynamic information distillation unit that
learns adaptive knowledge transfer paths and distillation
weights within decoupled spaces, supporting flexible and
effective cross-view information flow.

• Extensive experiments on multiple benchmark datasets
demonstrate that our method achieves superior semantic
consistency and clustering performance while preserving
view-specific characteristics, consistently outperforming
state-of-the-art baselines.

Related Work
Deep Multi-view Representation Learning
Deep multi-view representation learning aims to extract
complementary information from multiple views to derive
unified or collaborative feature representations (Wang et al.
2023; Cui et al. 2024a; Zhou et al. 2025; Cui et al. 2024b;
Dong et al. 2025a), thereby enhancing the performance
of downstream tasks such as clustering and classification.
Early works primarily relied on canonical correlation analy-
sisand its extensions, such as DCCA (Wang et al. 2015) and
DGCCA (Xu et al. 2021), which project multi-view data into
a shared latent space using deep neural networks. More re-
cent studies have adopted autoencoder-based or graph neu-
ral network frameworks to reconstruct each view while cap-
turing inter-view correlations. For instance, Multi-VAE (Xu
et al. 2021) introduces a variational autoencoder frame-
work with disentangled view-common and view-specific la-
tent variables, which facilitates the discovery of discrete
clustering structures across views. Similarly, TTAE (Wang
et al. 2025b) leverages a tensor transformer autoencoder to
model information exchange between views while applying
a self-expression mechanism to enhance subspace cluster-
ing. However, these methods often assume strict alignment
or overlook inter-view heterogeneity, reducing their cluster-
ing performance.

Disentangled Representation Learning
Disentangled representation learning seeks to separate se-
mantically meaningful and independent factors from data.

In multi-view learning, this involves decomposing view-
invariant shared representations from view-feature ones.
Recent works (Bao 2021; Wu et al. 2024; Xu et al.
2023) enhance disentanglement via structural mechanisms.
MRDD (Ke et al. 2024) introduces distilled disentangling
with masked cross-view prediction, filtering redundant con-
sistency signals to improve both shared and private represen-
tations. TGM-MVC (Wang et al. 2024a) constructs a graph
across views and preserves inter-view differences via a min-
imum spanning tree. DIVIDE (Lu et al. 2024) employs high-
order random walks to identify informative pairs, mitigating
false positives while preserving semantic coherence. How-
ever, many methods rely on implicit disentanglement and
lack hierarchical modeling. To address this, we propose an
explicit hierarchical disentanglement mechanism with con-
trastive alignment and graph-based distillation, enhancing
both representation quality and cross-view consistency.

Methodology
In this section, we propose a deep multi-view cluster-
ing framework named HOARD, which consists of four
key modules: multi-view Feature Disentanglement; Shared
Feature Alignment Enhancement; Cross-View Discrepancy
Mitigation; Attention-based Fusion Mechanism. The overall
framework is illustrated in Figure 1.

Preliminary Work

Let the multi-view dataset be denoted as X =
{X(1),X(2), . . . ,X(V )}, where X(v) ∈ RN×dv represents
the feature matrix of the v-th view, withN samples and input
dimension dv . Each view captures distinct and complemen-
tary aspects of the same set of objects. Each sample x

(v)
i is

decomposed into a shared representation z
(v)
i and a specific

representation s
(v)
i via a set of parameterized nonlinear map-

pings. This design disentangles shared and view-specific in-
formation while maintaining their independence and input
reconstructability. Specifically, we employ view-specific en-
coders E(v)(·;ψ(v)) and decoders D(v)(·;φ(v)), along with
shared modules E(·;ψ) and D(·;φ) that are common across
all views except for a few linear layers at the input and out-
put ends. The final clustering representation is constructed
by concatenating z

(v)
i and s

(v)
i .

Multi-view Feature Disentanglement

To exploit consistency and heterogeneity across views, we
first decouple features into shared and specific representa-
tions via a shared and a view-specific module, optimized by
reconstruction loss Lrec and orthogonality loss Lort. The
disentanglement is performed as follows:

z
(v)
i = E(v)(x(v)

i ;ψ(v)), s
(v)
i = E(x(v)

i ;ψ), (1)

for i = 1, 2, · · · , N and v = 1, 2, · · · , V . The reconstruc-
tion loss based on the disentangled representation is formu-
lated as follows:
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Figure 1: The framework of HOARD consists of three parts: Decouple, Align, and Fuse. In the first stage, each view is encoded
into shared and specific features via a dual-branch reconstruction module. The second stage performs hierarchical alignment,
where shared representations are aligned via granular-ball contrastive learning, and specific representations are aligned via
prototype collaborative transmission alignment strategy. In the final stage, graph-based information distillation and attention
fusion are applied to enhance representation quality and generate clustering results.

Lrec =
V∑

v=1

N∑
i=1

(∥∥∥x(v)
i −D

(v)(E(v)(x(v)
i ;ψ(v));φ(v))

∥∥∥2
2

+
∥∥∥x(v)

i −D(E(x
(v)
i ;ψ);φ)

∥∥∥2
2

)
,

(2)
where the reconstructed losses for shared and specific rep-
resentations from all views are aggregated. Furthermore, to
ensure that the shared representation z

(v)
i and the specific

representation s
(v)
i are statistically independent, we intro-

duce an orthogonality loss Lort.

Lort =
V∑

v=1

N∑
i=1

π
(
z
(v)
i , s

(v)
i

)
, (3)

where π(·, ·) denotes the cosine similarity between the in-
stance features. Therefore, the loss in the decoupling process
is:

Ldec = Lrec + Lort. (4)

Shared Feature Alignment Enhancement
To enhance feature homogeneity and facilitate ef-
fective knowledge transfer, we first align shared
representations{z(v)i }Ni=1 from each view v ∈ {1, . . . , V }
via granule-based contrastive learning. This promotes
semantic consistency and structural clarity, providing a
unified space that enables the distillation graph to model
inter-view relations more accurately and propagate reliable
cross-view knowledge.

Granular-ball Construction for Shared Representations.
To capture consistency and structure, we employ granular-
ball contrastive learning (Su et al. 2025; Xia et al. 2021) to
associate granular regions within and across views. For the
v-th view, we partition the shared representations z

(v)
i into

gv granular regions by applying k-means clustering:

gv = max

(⌊
N

θ

⌋
, 1

)
, (5)

where θ is a granularity control parameter. This yields a set
of cluster centers C(v) = {c(v)1 , . . . , c

(v)
gv } and correspond-

ing sample indices I(v)i = {j | z(v)j ∈ b(v)i } for each granu-

lar ball b(v)i .
To reflect local density, we assign a radius to each granu-

lar ball as:

r
(v)
i =

1

|b(v)i |

∑
z
(v)
j ∈b

(v)
i

∥∥∥z(v)j − c
(v)
i

∥∥∥
2
. (6)

Cross-view Association of Granular Balls. To establish
semantic correspondences across views, we define a binary
association matrix E(m,n) ∈ {0, 1}gm×gn of view m and
view n:

e
(m,n)
ij =

1, if
|I(m)

i ∩I
(n)
j |

min(|b(m)
i |,|b(n)

j |)
≥ δ,

0, otherwise.
(7)

where δ is the threshold controlling the overlap, which is set
to 0.1 by default.
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Contrastive Learning on Granular Centers. We apply
contrastive learning on the center representations to ensure
alignment. First, we define the combined center matrix:

C(m,n) = [C(m);C(n)],

and construct the positive mask matrix:

H(m,n) =

[
A(m) E(m,n)

(E(m,n))⊤ A(n)

]
, (8)

where A(v) denotes intra-view adjacency based on neigh-
borhood overlap, when

∥∥c(v)i −c
(v)
j

∥∥
2
< r

(v)
i + r

(v)
j , a(v)ij =

1, otherwise 0.
The granular-ball contrastive loss is then defined as:

l(m,n)
g =

1

|B|
∑
i∈B

∑
j∈∆+

i

exp(cos(ci, cj))∑
k∈∆−

i
exp(cos(ci, ck))

, (9)

where the postive sample set ∆+
i = {j | h(m,n)

ij = 1, ∀j}
and negative sample set ∆−

i = {k | h(m,n)
ik = 0, ∀k}. B

denotes the total number of granular balls, and cos(·) is used
to measure the similarity between two vectors.

Finally, we obtain the total alignment loss by averaging
across all view pairs:

LG =
2

V (V − 1)

∑
m<n

l(m,n)
g . (10)

This process encourages the semantic consistency and
structural alignment of shared representations, thereby fa-
cilitating more reliable cross-view knowledge distillation.

Information Distillation Unit. To enable adaptive knowl-
edge transfer, we introduce an Information Distillation Unit
(IDU) that models inter-view relations as a directed graph
and learns to distill predictive signals with weighted edges.
Each view is treated as a node vi, with wi→j denoting the
distillation weight from view i to j. The distillation signal
ηi→j captures the discrepancy between their logits, and the
aggregated loss for target view vj is defined as:

µ:j =
∑

vi∈N (vj)

wi→j · ηi→j , (11)

where ηi→j = ∥zi − zj∥2, and N (vj) denotes the set of
source views contributing to vj .

To compute adaptive and dynamic weights wi→j , we em-
bed both the logits and hidden representations of each view
into a shared distillation space. The injection weight is then
computed as:

wi→j = h ([f(zi, σ1), f(zj , σ1), zi, zj ];σ2) , (12)

where f(·, σ1) is a learnable function that projects inputs to
the logit space, and h(·, σ2) is a fully connected layer that
outputs pairwise edge weights given concatenated features.
The final edge matrix W is constructed by evaluating wi→j

for all pairs and normalizing through a softmax operation to
ensure probabilistic interpretation.

Finally, we define the overall distillation loss as:

Ldis = ∥W ⊙E∥1 + ∥w̄ − a∥22, (13)

where E stores the pairwise distillation errors ηi→j , and ⊙
denotes element-wise multiplication. The second term regu-
larizes the average weights w̄ towards a uniform prior a via
∥w̄ − a∥22. This design enables the network to emphasize
reliable modalities and suppress noisy ones. Through itera-
tive optimization, IDU adaptively models cross-view depen-
dencies and facilitates both shared and specific knowledge
distillation.

Ultimately, the overall loss for shared feature enhance-
ment is the sum of the Granular-ball contrastive loss and the
information distillation loss:

Lsha = LG + Ldis. (14)

Cross-View Discrepancy Mitigation
In multi-view tasks, view-specific features carry unique se-
mantics, but discrepancies across views may cause semantic
shifts and hinder collaboration. To address this, we propose
a prototype collaborative transmission alignment strategy
to reduce cross-view discrepancies while preserving speci-
ficity, followed by information distillation to enhance shared
representations.

Prototype Collaborative Transmission Alignment

Differentiable Prototype Extraction. For specific fea-
tures s(v)i , we first extract a set of prototypes for each view
via a differentiable K-means process. Specifically, we de-
note the prototype set for view v as P(v), obtained by:

P(v) =
[
p
(v)
1 , . . . ,p

(v)
Q

]
. (15)

To stabilize the prototype evolution across training itera-
tions, we introduce a momentum-based prototype smooth-
ing mechanism. For each view-specific prototype P(v), its
update incorporates the historical estimate Phis

(v) as:

P̃(v) ← α ·P(v) + (1− α) ·P(v)
his, (16)

where α ∈ (0, 1). To maintain gradient flow via soft re-
assignment, we first compute the soft-assignment scores

f
(v)
iq = −

∥∥s(v)i − p̃(v)
q

∥∥2
2
, (17)

transform them into probabilities

γ
(v)
iq =

exp
(
f
(v)
iq

)∑Q
q=1 exp

(
f
(v)
iq

) , (18)

and re-estimate the centroids in a fully differentiable man-
ner:

p̂(v)
q =

∑N
i=1 γ

(v)
iq s

(v)
i∑N

i=1 γ
(v)
iq

, P̂(v) =
[
p̂
(v)
1 , . . . , p̂

(v)
Q

]
. (19)

Prototype-level Optimal Transport. We quantify the dis-
crepancy between their prototype sets by the cost matrix:

o
(m,n)
kl =

∥∥p̂(m)
k − p̂

(n)
l

∥∥2
2
, (20)

where o
(m,n)
kl represents the pairwise alignment cost be-

tween views m and n.
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Given O(m,n), we compute the Sinkhorn transport plan
T(m,n) under entropy regularization:

T(m,n) = arg min
T∈Π(a,b)

⟨T,O(m,n)⟩ −H(T). (21)

where T denotes a candidate transport plan, H(T) =

−
∑

k,l Tkl logTkl, and Π(a,b) = {T ∈ RQ×Q
+ | T1 =

a, T⊤1 = b} with uniform marginals ak = bk = 1
Q .

Collaborative Transmission Loss. The final alignment
loss aggregates the OT cost and the prototype-level MMD:

l(m,n)
c =

〈
T(m,n),O(m,n)

〉
+MMD

(
P̂(n), P̄(m→n)

)
,

(22)
Here, the MMD term is computed using an RBF kernel with
automatic bandwidth selection, encouraging semantic con-
sistency under distributional alignment.Transporting proto-
types from view m to n gives P̄(m→n) = T(m,n) P̂(m).

And the overall loss averages across all view pairs

LC =
2

V
(
V − 1

) ∑
2≤m<n≤V

l(m,n)
c . (23)

Information Distillation Unit. After the prototype col-
laborative transmission alignment of the specific representa-
tions, we apply an Information Distillation Unit—identical
in structure to the one used for the shared representations to
transfer knowledge across views. The resulting distillation
loss is then given by:

Ldis = ∥W ⊙E∥1 + ∥w̄ − a∥22. (24)

Ultimately, the overall loss for specific feature part is the
sum of the collaborative transmission loss and the informa-
tion distillation loss:

Lspe = LC + Ldis. (25)

Attention-based Fusion Mechanism
To integrate multi-view information, we employ an
attention-based fusion mechanism that separately processes
the distilled shared representations z

(v)
i and specific repre-

sentations s
(v)
i . For both, we adopt identical self-attention

networks to capture high-order semantics and derive the uni-
fied features Z and S.

For a given view v, the attention mechanism begins by
projecting the input feature X(v) ∈ RN×d into query, key,
and value matrices via:

Q(v) = X(v)W
(v)
Q ,K(v) = X(v)W

(v)
K ,V(v) = X(v)W

(v)
V ,

(26)
where W(v)

Q ,W
(v)
K ,W

(v)
V ∈ Rd×dk are learnable projection

matrices, and dk is the dimensionality of the transformed
space. The attention score matrix is computed via scaled dot-
product attention:

Attention(Q(v),K(v)) = softmax

(
Q(v)K(v)⊤

√
dk

)
, (27)

which measures the similarity between queries and keys.
The resulting normalized scores are used to weight the

value matrix to produce attention-enhanced features A(v) =
Attention(Q(v),K(v))V(v),where A(v) ∈ RN×dk is the
attention-weighted representation for view v.

After obtaining the attention-enhanced features A(v) for
all views, we average them to produce the global shared fea-
ture Z and global specific feature S:

Z =
V∑

v=1

ε
(v)
shaA

(v)
sha, S =

V∑
v=1

ε(v)speA
(v)
spe, (28)

where A
(v)
sha and A

(v)
spe denote the attention-enhanced repre-

sentations for shared and specific features of view v, respec-
tively. ε(v)sha and ε(v)spe are weights of attention.

Finally, we feed the concatenation of Z and S into a multi-
layer perceptron (MLP) to produce the final unified repre-
sentation:

H = MLP([Z∥S]), (29)

where [·∥·] denotes concatenation and H is the final fused
representation that incorporates both global shared seman-
tics and view-specific nuances.

Objective Function and Optimization
Given the preceding definitions, the HOARD framework
aims to minimize a composite loss comprising three com-
ponents: Ldec, Lsha, Lspe, corresponding to decouple, con-
trastive, and fusion consistency losses, respectively. The
complete objective is defined as:

L = Ldec + λ1Lsha + λ2Lspe, (30)

where λ1 and λ2 are trade-off hyperparameters that balance
different optimization components.

Dataset Samples Views Dimensionality
Synthetic3d 600 3 [3,3,3]

CUB 600 2 [1024,300]
UCI 2000 3 [216,76,64]

MFeat 2000 2 [76,240]
CiteSeer 3312 4 [3703,3312,3312,3312]
Hdigit 10000 2 [784,256]

NoisyMNIST 70000 2 [784,784]

Table 1: Information of seven datasets.

Experiments
Experimental Settings
Datasets and Experimental Settings. To thoroughly as-
sess the effectiveness of the proposed model, we perform
evaluations on seven widely used multi-view datasets: Syn-
thetic3d, CUB, UCI, MFeat, CiteSeer, Hdigit and NoisyM-
NIST. The characteristics of these datasets are presented in
Table 1. Our model uses two hyperparameters λ1 and λ2,
both ranging between [0.1, 1000], and a learning rate of
0.0001. We implemented the model in PyTorch 2.0.1 with
an NVIDIA GeForce RTX 3090 GPU and 64GB RAM, uti-
lizing the Adam optimizer with default settings.
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Dataset MFLVC CVCL DealMVC GCFAgg ACCMVC DMAC DMVC-CE HOARD
ACC(%)

Synthetic3d 96.33 61.00 97.00 66.50 97.50 66.00 70.10 97.67
CUB 39.50 72.33 50.33 60.67 74.83 71.33 23.10 79.83
CiteSeer 27.20 35.00 29.14 21.26 43.32 21.62 19.34 46.98
MFeat 72.45 80.15 81.70 45.80 78.18 82.75 29.19 93.30
Hdigit 99.14 99.26 89.38 37.12 98.19 86.45 36.65 99.32
UCI 91.20 90.50 84.40 63.75 90.50 82.80 23.79 93.65
NoisyMNIST 69.64 97.75 96.65 34.26 96.24 OM 17.42 97.94

NMI(%)
Synthetic3d 85.68 55.39 87.43 41.91 88.88 27.50 49.42 89.42
CUB 50.55 67.13 61.92 58.30 67.67 72.73 15.19 75.44
CiteSeer 8.69 14.49 11.34 0.24 18.14 1.05 0.33 22.94
MFeat 74.65 76.89 76.99 48.50 76.07 75.79 23.15 87.47
Hdigit 97.43 97.78 94.04 45.79 94.92 75.59 34.70 97.83
UCI 85.25 83.52 82.28 59.33 83.66 74.67 15.00 88.06
NoisyMNIST 83.02 93.87 94.81 48.30 90.71 OM 7.96 95.36

ARI(%)
Synthetic3d 89.38 43.94 91.27 39.66 92.66 25.70 42.45 93.11
CUB 26.24 53.60 46.09 45.02 56.08 60.91 7.72 65.06
CiteSeer 3.76 8.78 6.29 0.10 17.04 0.73 0.08 19.00
MFeat 63.94 68.82 70.49 27.99 66.30 68.33 12.49 85.85
Hdigit 98.10 98.36 87.85 22.09 98.19 72.87 21.82 98.32
UCI 82.18 80.66 77.42 43.89 80.37 66.82 7.50 87.22
NoisyMNIST 54.59 95.14 93.24 23.35 92.01 OM 3.91 95.16

Table 2: Clustering algorithms are compared on benchmark datasets using ACC, NMI, and ARI. The best performance is
highlighted in bold, while the second-best is shown with underline. “OM” denotes out-of-memory failure.

Compared Methods and Evaluation Metrics. To evalu-
ate our method, we compare it with seven state-of-the-art
baselines: MFLVC (Xu et al. 2022), CVCL (Chen et al.
2023b), DealMVC (Yang et al. 2023), GCFAgg (Yan et al.
2023), ACCMVC (Yan et al. 2024), DMAC (Wang et al.
2025a), and DMVC-CE (Zhang et al. 2025). We assess clus-
tering performance in the unsupervised setting using three
standard metrics: clustering accuracy (ACC), normalized
mutual information (NMI), and adjusted Rand index (ARI).

Comparison with State-of-the-art Baselines
We evaluate HOARD on seven benchmark multi-view
datasets against seven state-of-the-art methods using
three standard metrics, as shown in Table 2. Overall,
HOARD consistently achieves either the best or second-
best performance across most datasets. In terms of ACC,
HOARD ranks first on all datasets—Synthetic3d (97.67%),
CUB(79.83%), CiteSeer(46.98%), MFeat (93.30%),
Hdigit (99.32%), UCI (93.65%), and NoisyMNIST
(97.94%)—outperforming all baselines by a notable mar-
gin. Particularly on challenging datasets like NoisyMnist,
where several methods suffer from out-of-memory (OOM)
failures, HOARD maintains robust and stable performance,
highlighting its scalability and noise resilience. For NMI
and ARI, it also ranks among the top performers, demon-
strating its ability to preserve semantic consistency and
capture latent cluster structures. While some methods (e.g.,
DealMVC, ACCMVC) perform well on specific datasets,
their overall stability degrades on high-dimensional or
heterogeneous data. In contrast, the hierarchical cross-view
alignment mechanism, information distillation module,

and structure-preserving strategy introduced in HOARD
work collaboratively to build a highly consistent and
discriminative clustering framework, delivering more robust
and superior performance across multi-view datasets with
diverse types and multi-scale features.

Ablation Studies

Datasets Ldec Lsha Lspe ACC NMI ARI
CUB ✓ ✓ ✓ 79.83 75.44 65.06

✓ ✓ 41.09 16.87 11.75
✓ ✓ 71.67 70.95 58.07
✓ 65.17 62.63 47.69

MFeat ✓ ✓ ✓ 93.30 87.47 85.85
✓ ✓ 46.17 59.13 37.20
✓ ✓ 76.60 73.69 65.84
✓ 77.10 72.58 64.78

Hdigit ✓ ✓ ✓ 99.32 97.83 98.32
✓ ✓ 64.76 49.82 41.21
✓ ✓ 97.89 95.48 95.30
✓ 70.59 62.12 53.94

Table 3: Ablation study on three datasets with different loss
situation.

• Loss Component Analysis. We evaluate the impact of
each loss by removing the shared alignment loss (Lsha)
or the specific alignment loss (Lspe) on three represen-
tative datasets. As shown in Table 3, removing any loss
term leads to noticeable performance drops, with Lsha

having the largest impact. The full model performs best
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(a)Raw(ACC=73.70%) (b)Shared(ACC=76.15%) (c)Specific(ACC=76.95%) (d)Final(ACC=93.30%)

Figure 2: t-SNE visualization of clustering results for different feature spaces on the MFeat dataset.

Datasets GB OT ACC NMI ARI
CUB ✓ ✓ 79.83 75.44 65.06

✓ 66.00 74.83 63.24
✓ 61.17 62.89 45.47

55.17 56.51 37.76
MFeat ✓ ✓ 93.30 87.47 85.85

✓ 86.45 77.44 73.12
✓ 72.15 66.77 56.40

73.35 72.11 63.22
Hdigit ✓ ✓ 99.32 97.83 98.32

✓ 97.85 95.39 95.19
✓ 68.79 57.64 49.97

73.39 70.27 63.22

Table 4: Ablation study on three datasets with different
module combinations.

overall, demonstrating the necessity of jointly optimizing
decoupling, shared alignment, and specific modeling.

• Module Contribution Evaluation. We further ablate
the Granular-Ball contrastive module (GB) and the
Prototype-based OT module (OT). Results in Table 4
show that removing either module reduces clustering per-
formance. Eliminating GB notably degrades results on
CUB and MFeat, while removing OT diminishes seman-
tic discriminability. The full model combining both mod-
ules achieves the highest performance, indicating their
complementary effects.

Sensitivity Analysis and Visaulization
We perform sensitivity analysis on the hyperparameters λ1
and λ2 within the range {0.1, 1, 10, 100, 1000}, as shown
in Figure 3. The model maintains stable clustering perfor-
mance on the MFeat dataset, with ACC and NMI consis-
tently above 0.8, demonstrating low sensitivity to changes
in hyperparameters. Figure 2 illustrates the t-SNE visualiza-
tions of features at different stages on the MFeat dataset. The
original features (a) exhibit poor separability, with signifi-
cant overlap between clusters. The shared features (b) cap-
ture local discrimination, while the specific features (c) im-
prove global alignment. The final fused features (d) form
compact and well-separated clusters, validating the effec-
tiveness of integrating shared and specific representations.
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Figure 3: Parameter sensitivity analysis on MFeat.

Conclusion
In this paper, we propose HOARD, a novel hierarchical
alignment framework for unsupervised multi-view cluster-
ing. By decoupling shared and specific representations,
HOARD enables explicit modeling of inter-view consis-
tency and diversity. The introduction of granular-ball con-
trastive alignment ensures fine-grained alignment of homo-
geneous semantics, while a prototype collaborative trans-
mission alignment strategy mitigates view-specific discrep-
ancies at the distributional level. Furthermore, the adap-
tive distillation unit dynamically captures inter-view knowl-
edge flow based on representation similarity, enhancing
cross-view collaboration. Extensive experiments on multi-
ple benchmarks demonstrate that HOARD achieves state-of-
the-art performance.
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