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Abstract

Multi-view clustering has garnered significant at-
tention for its ability to integrate heterogeneous
data and uncover underlying categorical structures.
However, prevailing autoencoder-based methods
often yield indiscriminative embeddings, render-
ing them prone to trivial solutions. While dif-
fusion models have shown promise in modeling
complex data distributions, their generative pro-
cesses remain inherently unstable. More critically,
the resulting latent representations often lack suf-
ficient intra-class compactness and inter-class sep-
arability, leading to suboptimal clustering perfor-
mance. In this paper, we propose SCD-MVC,
a Stable Conditional Diffusion-driven framework
for Multi-View Clustering. Specifically, it inte-
grates conditional diffusion generation into the la-
tent encoder to generate a target view conditioned
on the remaining views, thereby facilitating ro-
bust joint distribution modeling. To align gen-
eration with clustering objectives, we introduce a
semantic alignment module that steers the diffu-
sion path toward view-consistent and discrimina-
tive representations. Furthermore, we introduce
a consistency-aware regularization that enforces
alignment between representations of adjacent dif-
fusion steps. This stabilizes training and guides
the optimization toward clustering-friendly repre-
sentations. Extensive experiments on nine bench-
mark datasets demonstrate that SCD-MVC con-
sistently outperforms eight state-of-the-art meth-
ods, achieving performance gains ranging from
6.68% to 13.09%. The source code is available at
https://github.com/Knighttt0011/SCD-MVC.

1 Introduction

The rapid proliferation of diverse sensors and data acquisi-
tion modalities has produced vast amounts of multi-view data,
which provide complementary representations of underlying
entities[Li et al., 2018b; 2018a; Yan et al., 2021]. Conse-
quently, multi-view clustering (MVC) has emerged as a piv-

otal unsupervised learning paradigm that partitions heteroge-
neous data by integrating consistent patterns across multiple
views [Fang et al., 2025]. By effectively leveraging cross-
view synergies, MVC has demonstrated strong applicability
across a wide range of domains, including computer vision,
social network analysis, and bioinformatics[Lu et al., 2024;
Li et al., 2023; Sun et al., 2024].

Traditional MVC methodologies, such as multi-view spec-
tral clustering and canonical correlation analysis, primarily
focus on modeling shallow linear dependencies and simple
geometric structures [Fu er al., 2020; Yang et al., 2025].
Driven by advances in deep learning, deep MVC has emerged
as a dominant paradigm, leveraging autoencoders or con-
trastive frameworks to extract nonlinear, high-level semantic
features [Tang et al., 2022; Xu et al., 2022; Fei et al., 2025;
Ding et al., 2025]. While these discriminative methods have
achieved remarkable success, they typically rely on deter-
ministic mappings optimized through reconstruction or con-
trastive losses. Crucially, these methods often overlook the
underlying generative data distribution. This limitation fre-
quently leads to suboptimal representation expressiveness
and increased susceptibility to trivial solutions (e.g., mode
collapse), particularly in the presence of complex noise or
substantial inter-view discrepancies[Xi er al., 2025].

Diffusion Probabilistic Models (DPMs) have recently rev-
olutionized generative learning by achieving unprecedented
sample fidelity through iterative denoising processes [Ho et
al., 2020]. Despite their exceptional capacity for learning ex-
pressive representations, adapting DPMs to multi-view clus-
tering poses two non-trivial challenges: (1) Diffusion Insta-
bility. Standard diffusion models are inherently stochastic in
nature[Kang et al., 2021]. The randomness embedded in the
diffusion trajectory often induces significant fluctuations in
latent embeddings across diffusion timesteps. Such temporal
inconsistency hinders the formation of compact and discrimi-
native clusters [Biroli et al., 2024; Smith and Dalchau, 2018];
(2) Gap between Clustering and Generation. There exists
a fundamental mismatch between generative capability and
clustering requirements[Gunawardena et al., 2024]. While
DPMs can effectively generate high-quality data representa-
tions, their generative objectives do not explicitly enforce dis-
criminative separability in the learned latent space, which is
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essential for clustering and, if unaddressed, may lead to over-
lapping cluster boundaries [Li et al., 2025].

To address these challenges, we propose SCD-MVC, a
novel Stable Conditional Diffusion framework for Multi-
View Clustering. Instead of treating view generation in iso-
lation, we reformulate the problem as a conditional gener-
ation task, in which each target view is synthesized condi-
tioned on the context provided by all remaining views. This
formulation explicitly encourages the latent space to aggre-
gate complementary cross-view information. To mitigate
the inherent instability of the diffusion process, we intro-
duce a consistency-aware regularization scheme that enforces
smoothness across representation trajectories between adja-
cent diffusion steps. Furthermore, to bridge the misalignment
between generative objectives and clustering targets, we de-
sign a cluster-guided semantic fusion module. By leverag-
ing a Transformer architecture to integrate cross-view fea-
tures and refining the latent space through iterative pseudo-
labeling, this module ensures the learned representations are
both geometrically compact and highly discriminative. The
main contributions of this paper are summarized as follows:

* Framework: We propose SCD-MVC, a stable generative
multi-view clustering framework that synergizes condi-
tional diffusion with clustering assignments. To the best
of our knowledge, this represents one of the pioneering
works to address diffusion stability within the context of
clustering-guided representation generation.

Algorithm: We introduce a consistency-aware regular-
ization that constrains the denoising network to yield
consistent predictions across adjacent time steps ¢ and
t — 1, thereby imposing smoothness on the induced gen-
erative manifold. Furthermore, we develop a cluster-
guided semantic fusion mechanism to align the genera-
tive process with the discriminative clustering objective.

L]

Evaluation: Extensive experiments on nine benchmark
datasets demonstrate that SCD-MVC significantly out-
performs state-of-the-art methods, achieving an average
improvement of up to 13.09% in clustering accuracy.

2 Related Work
2.1 Multi-view Clustering

MVC aims to partition data into distinct groups by integrat-
ing heterogeneous-information from diverse views [Fang et
al., 2023]. Early research primarily relied on matrix factor-
ization and spectral analysis to uncover shared latent struc-
tures while addressing noise and scalability [Fu et al., 2020].
Notably, RMKMC proposes a robust framework designed for
large-scale data, using structured sparsity to integrate hetero-
geneous features while effectively mitigating the impact of
outliers[Cai ef al., 2013]. Similarly, to capture the topolog-
ical structure of data, MSGL introduces a multi-view spec-
tral graph learning strategy that optimizes the graph Lapla-
cian matrix to preserve consistency across data from differ-
ent views [Kang et al., 2021]. With the rapid development of
deep learning, methods have evolved to learn more expressive
non-linear representations [Chen ef al., 2022]. DCCNMF

combined deep learning with matrix factorization, enforc-
ing consensus across views through a deep canonical archi-
tecture [Gunawardena et al., 2024]. Focusing on efficiency,
FastMICE significantly reduces computational overhead by
employing a random-forest-based ensemble strategy to syn-
thesize consensus cross-view representations [Huang et al.,
2023]. In the field of graph learning, GCFAggMVC intro-
duces a graph collaborative filtering aggregation mechanism,
which effectively captures high-order structural information
and non-linear interactions across views [Yan et al., 2023].

Most recently, contrastive and regression-based paradigms
have achieved state-of-the-art performance by aligning view-
specific distributions. CCMVC leverages context-aware con-
trastive learning to align samples at both the instance and
cluster levels [Shi et al., 2025]. Addressing the challenge
of incomplete data, DealMVC tackles view misalignment
through a dual-contrastive prediction mechanism that recov-
ers missing semantics [Yang et al, 2023]. Furthermore,
CRMVC presents a continuum regression framework, flexi-
bly bridging canonical correlation analysis and partial least
squares to extract robust common representations [Kumar et
al., 2011]. Notwithstanding these advancements, the major-
ity of existing deep MVC methods are still predominantly
built upon autoencoder-based backbones.[Zhou et al., 2024]
However, such approaches often produce embeddings with
limited -discriminative power and fail to explicitly model
the underlying generative distribution of complex multi-view
data.[Zhang et al., 2024]

2.2 Generative Diffusion Model

Diffusion Probabilistic Models, encompassing Denoising
Diffusion Probabilistic Models (DDPMs) and Score-based
Generative Models (SGMs), have emerged as a powerful
class of generative frameworks [Ho er al., 2020; Song et
al., 2020; Croitoru et al., 2023]. Unlike generative adver-
sarial networks or VAEs, diffusion models generate high-
fidelity samples by reversing a gradual noise-adding process
via a learnable Markov chain[Graham et al., 2022]. The core
objective involves optimizing a variational lower bound or
matching the score function of the data distribution.

Recent advancements, exemplified by Latent Diffusion
Models and ControlNet, have extended diffusion models to
conditional generation and representation learning. Con-
ditional Diffusion Models incorporate auxiliary information
(e.g., class labels or text prompts) into the denoising process
to guide the synthesis towards desired attributes [Rombach
et al., 2022; Zhang et al., 2023; Croitoru ef al., 2023]. In
the context of unsupervised learning, diffusion models are in-
creasingly explored for their ability to learn separate latent
structures [Croitoru et al., 2023]. However, applying con-
ditional diffusion mechanisms to the MVC domain remains
largely under-explored. Existing generative clustering meth-
ods often fail to explicitly model the conditional dependen-
cies between views, which induces significant fluctuations in
latent embeddings across diffusion timesteps and thus hinders
the formation of compact and discriminative clusters.
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3 Methods

3.1 Problem Definition

Let X = {X®1V_ denote a multi-view dataset with V'
views, where X(*) = [x{"), ... x{"]T € R¥*4: represents
the data matrix for the v-th view with N samples and d,, di-
mensions. The goal of MVC is to partition the N samples
into K disjoint clusters C = {C,...,Ck}. Formally, MVC
learns a mapping function f : X — y that assigns a cluster
label y; € {1,..., K} to the i-th sample. Unlike traditional
methods that cluster raw features directly, we reformulate the
task as learning a generative latent embedding using condi-
tional diffusion. The proposed approach jointly optimizes the
generative likelihood of view-specific data p(X(*) | Z) and
the discriminative power of the latent representation Z. As a
result, samples with the same semantics are consistently ag-
gregated across heterogeneous views.

3.2 View-specific Latent Embedding

The high dimensionality and heterogeneity of multi-view data
make direct generative modeling challenging. Following
common practice, we project features from different views
into a compact latent space using view-specific autoencoders.

Specifically, for the v-th view, an encoder féﬁ% (-) maps an

input sample xl(-v) to a latent embedding zgv)

, while the cor-
responding decoder gfﬁ,),) (+) reconstructs the input to preserve

semantic information. Formally, the encoding and decoding
processes are defined as follows:

A(v) _ g( v) ( (v)) _ gn<”> (fe(“)( )) (1)

To ensure that z( v) preserves the essential semantic infor-
mation of the orlgmal data, we optimize the representations
by minimizing the mean squared error (MSE) between the
original inputs and the reconstructed outputs:

L= 3 el -

v=11i=1
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this process aligns diverse feature spaces into a unified di-
mension dj,, providing a robust and compact representation
for the subsequent conditional diffusion generation.

3.3 Stable Conditional Diffusion Generation

Diffusion probabilistic models have recently demonstrated
strong capabilities in generative representation learning. To
explicitly model intricate correlations across heterogeneous
views and promote a consensus data representation, we
construct a conditional diffusion probabilistic model in the
learned latent space. Unlike standard unconditional diffusion
paradigms, the proposed module is specifically designed for
the MVC setting, in which it generates the latent represen-
tation of a target view by conditioning on semantic context
extracted from the remaining complementary views.

Cross-view Conditional Diffusion. Formally, the forward
diffusion process is modeled as a fixed Markov chain that
progressively corrupts the clean latent representation zi%)
with Gaussian noise. This procedure generates a sequence

of noisy latents {Zgz)}thl’ regulated by a variance schedule
{B: € (0,1)}L_,. The transition kernel at timestep ¢ is for-

mulated as:
7,157\/1_Btz1t 17ﬁtI (3)

where I denotes the identity matrix and N represents the nor-
mal distribution. To enhance the signal-to-noise ratio during
the diffusion process, we employ a cosine schedule for 3,
which effectively mitigates the abrupt information collapse
often observed in linear schedules. Leveraging the closed-
form property of the Gaussian distribution, we can sample

1( t) at an arbitrary timestep ¢ directly from z(v)

|z1t 1

t

H(l _/Bs)v (4)

s=1

= Va2 + V= age, ag=

here, € denotes the noise term-and is assumed to follow a
standard Gaussian distribution, i.e., € ~ N (0,I). In addition,
we adopt an offset noise strategy as a lightweight stabiliza-
tion heuristic, following common practice in diffusion-based
models. Specifically, the Gaussian noise is perturbed by a
learnable channel-wise offset:

£:6+A0ff'67 GNN(07I)7 (5)

where Ao controls the magnitude of the offset. The reverse

diffusion process aims to recover the latent variable z by
progressively removing the injected noise. We formulate this
reverse process as a conditional denoising task, in which the
generation of the v-th view is guided by the semantic context
of all complementary views {1,2,...,0 — Lo+ 1,...,V}.
We construct a conditioning vector c§”> by concatenating the
latent representations of the remaining views as follows:

- D=y, (©6)

uFv

where the @ denotes the concatenation operation. This con-
ditioning approach is designed for standard low-view MVC
benchmarks, where the number of views is small and the re-

sulting dimensionality remains tractable. The denoising dif-

(v) takes the noisy latent zz( t), the time em-

bedding 7(t), and the conditioning vector c( Y as inputs to
predict the noise component. The sinusoidal tlme embedding
7(t) injects temporal position information and is defined as
T(t) = [...,sin(t/10000%/), cos(t/100002*/4), . . .].

We train the diffusion model using a hybrid objective that
balances reconstruction fidelity and temporal coherence. This
objective consists of a denoising term and a consistency-
aware regularizer. Specifically, the denoising 10ss Lgenoise
minimizes the discrepancy between the target noise & and the
predicted noise component:

fusion network €5

ﬁdenorse - Z]E <“) & |:H€ - 6((;)( 1(12), ( )7Cl('1)))”§ , (7)

v=1

this term guides the model to learn the reverse transition ker-
nel required to reconstruct the original data distribution.
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Figure 1: Overview of the SCD-MVC framework. It integrates three main modules: (1) view-specific encoder, which projects raw fea-
tures into compact latent embeddings via autoencoders; (2) stable cross-view conditional diffusion, which learns consensus representations
by generating target-view latents conditioned on complementary view contexts and stabilized through consistency optimization; and (3)
clustering-guided semantic alignment, which fuses denoised representations using a Transformer and aligns them with global centroids via

iterative pseudo-labeling.

Consistency-aware Optimization. However, the inherent
stochasticity of the diffusion process often leads to signifi-
cant fluctuations during sampling. To impose smoothness on
the induced generative manifold, we introduce a consistency-
aware regularization strategy. Specifically, we enforce tem-
poral coherence by constraining the denoising network to
yield consistent predictions for the same sample across ad-

jacent time steps ¢t and ¢ — 1. Let zgz)_l represent the noisy

latent at step ¢ — 1, derived from the same clean latent z( v

and noise &. The consistency loss is formulated as:

2
Cons = Z]Et>1 |:H€¢ 1(12)’t C.: v)) Eff:))(zl(;)_ht_ l,cg’U))H2:| ,

(®)
this regularization effectively constrains the gradient of the
learned vector field, ensuring that the semantic trajectory re-
mains stable throughout the reverse diffusion process. Fi-
nally, the total objective combines the standard denoising loss
with the consistency term, balanced by a hyperparameter o:

Litt = Ldenoise + ¢Leons- 9

Empirically, we set o« = 50 to strike a balance between
training stability and denoising precision. This configuration
fosters the learning of robust cross-view correlations without
compromising generation quality. Through the conditional
diffusion process, the objective enforces the latent represen-
tation of a target view to be both predictive of and consistent
with the remaining views.

3.4 Clustering-guided Semantic Alignment

While the conditional diffusion module effectively generates
high-quality embeddings, it does not explicitly guarantee that
the learned latent space exhibits the discriminative separabil-
ity required for clustering. To bridge the gap between the gen-
erative capability of diffusion models and the discrete nature

of clustering tasks, we introduce a novel cluster-guided se-
mantic fusion mechanism driven by iterative pseudo-labeling.
The core motivation is to leverage the intrinsic geometric
structure of the fused latent representations as semantic an-
chors, thereby guiding the view-specific encoders and the fu-
sion transformer to pull intra-class samples closer while push-
ing inter-class samples further apart. This module extracts a
denoised feature representation and optimizes it with respect
to global cluster centroids.

Semantic Fusion via Transformer. To initiate the process,

we recover the clean latent representation 2(%) from the cur-

rent noisy state z( v) by leveraging the predicted noise:

. 1 —

20 = 7= (zgj;) —Vi—ate (2,1, c“’))) . (10)
ﬁi()%) acts as a proxy for the view-specific latent represen-
tation. The asymmetric token construction reflects the un-
equal reliability between the recovered target representation
and clean complementary-view representations. The latter
provides reliable semantic context to refine the uncertain tar-
get token, following the reconstructive learning principle that
clean context can guide target recovery [He et al., 2022].
To synthesize cross-view information for holistic clustering,
we formulate a sequence S; that incorporates both the recov-
ered target view and the corresponding clean complementary
views:

Si= 20202V an
then, the sequence is processed by a Transformer encoder,
which leverages self-attention mechanisms to capture high-
order cross-view dependencies. The output embedding cor-
responding to the target view token constitutes the fused se-

mantic representation hz(-v) , formulated as:

h{" = H,;0], (12)

7

H, = TransformerEncoder(Si);
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H, encapsulates the output embeddings of the sequence. We
specifically designate the first token H;[0] as the fused repre-
sentation hgv) , as it collects and synthesizes information from
all views through the attention mechanism.

Iterative Pseudo-Labeling. To obtain the final cluster as-
signments, we utilize a classifier fo(-) to map hz(-”) to the tar-
get category distribution. The predictive probability of sam-
ple ¢ being assigned to cluster & is derived as follows:

o 2P ((Fas(0),.) (13)
ik T '

f: exp ((fcls( (U)))J>

J=1

In parallel, we maintain a set of global cluster centroids
w = {p1, ..., ux} within the joint latent space. These cen-
troids are updated iteratively to align with the distribution of
the fused representations. We then derive pseudo-labels g; for
each sample by assigning it to the nearest centroid based on
feature proximity:

—argmlnH@zzo—ukH . (14)

kel,

To enforce clustering consistency, we minimize the Cross-
Entropy loss between the predicted soft assignments and the
target pseudo-labels. This objective effectively promotes
intra-cluster compactness by guiding samples towards their
assigned centroids:

vV K
»Ccls = Z Z]I = yz IOg Pfk)) (15)

v=1 k=1

where [(-) denotes the indicator function. This aligning loss
effectively encourages the latent embeddings to cluster tightly
around their corresponding centroids across ‘all V' views,
thereby producing clustering-friendly embeddings.

3.5 Joint Optimization

To enable mutually beneficial learning across different tasks,
we optimize our SCD-MVC in an end-to-end manner by min-
imizing a unified objective function. This objective integrates
the reconstruction, diffusion, and clustering losses as follows:

L = Lres + M Laitr + Ao Lets, (16)

where \; and Ao are trade-off hyperparameters that balance
the contributions of reconstruction fidelity, generative capa-
bility, and clustering discriminability, respectively.

4 Experiments

4.1 Experimental Settings

Benchmark Datasets. To evaluate the effectiveness of the
proposed SCD-MVC method, we conduct extensive experi-
ments on nine diverse and widely used multi-view benchmark
datasets, including YaleA, Hdigit, Dermatology, Prokaryotic,
Washington, ORL-3Views, ForestTypes, WebKB, and BBC-
Sport. Following standard experimental protocols, all feature
vectors are standardized to have zero mean and unit variance.

Dataset n v k d

YaleA 165 3 15 512/50/9
Washington 230 4 5 230/1703/230/230
Dermatology 358 2 6 12/22
ORL 3Views 400 3 40 3304/6750/4096
ForestTypes 523 3 4 9/9/9
2

2

2

2

BBCSport 544 5 3203/3183

Prokaryotic 551 4 393/438/3
WebKB 1051 2 2949/334
Hdigit 10000 10 784/256

Table 1: Nine multi-view benchmark datasets.

No additional preprocessing steps are applied to ensure a fair
comparison among different methods.

Evaluation Metrics. To rigorously evaluate clustering per-
formance, we adopt three standard evaluation metrics: Accu-
racy (ACC), Normalized Mutual Information (NMI), and Pu-
rity (PUR). Following established evaluation protocols, the
ACC score is computed by identifying the optimal permu-
tation that aligns the predicted cluster assignments with the
ground-truth labels using the Kuhn—Munkres algorithm.
Baseline Methods. Our comparative study includes eight
widely cited and recent baseline methods: CRMVC [Kumar
etal.,2011], RMKMC [Cai et al., 2013], MSGL [Kang et al.,
2021], DealMVC [Yang et al., 2023], GCFAggMVC [Yan et
al., 2023], FastMICE [Huang et al., 2023], DCCNMF [Shi et
al., 2025],'and CCMVC [Shi et al., 2025].

Implementation Details. Our method is implemented in Py-
Torch and trained on NVIDIA RTX 3090 GPUs. The model
istrained for up to 200 epochs with an early stopping strategy
to prevent overfitting. To ensure a fair comparison, we report
the best performance achieved by all baseline methods. For
datasets not included in the original studies, results are repro-
duced using the authors’ official code releases, with a grid
search conducted within the recommended parameter ranges
to obtain the best performance.

4.2 Clustering Performance

Table 2 presents the clustering results on nine benchmark
datasets. The best results are highlighted in bold, while the
second-best results are underlined. Based on these results,
we draw the following conclusions:

(1) SCD-MVC consistently outperforms state-of-the-art
baseline methods on the majority of datasets, achieving
notable performance gains over the second-best com-
petitors. For example, on the Dermatology dataset,
SCD-MVC exceeds the second-best method by more
than 13% in terms of ACC.

(2) SCD-MVC demonstrates a clear performance advantage
on challenging datasets (e.g., Prokaryotic and Forest-
Types) and exhibits strong scalability to large-scale sce-
narios (e.g., WebKB and Hdigit). These gains can be at-
tributed to the proposed cross-view conditional diffusion
framework, which captures fine-grained semantic corre-
lations and facilitates robust joint representation learning
across diverse and high-dimensional views.

(3) SCD-MVC achieves a superior balance between effi-
ciency and accuracy. As shown in Table 3, while
lightweight baselines trade performance for speed and
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(a) w/o CV-Diff

(b) w/o CG-Fuse (c) SCD-MVC

Figure 2: t-SNE visualization of latent representations on the Hdigit
dataset. (a) w/o CV-Dift, (b) w/o CG-Fuse, (c) the proposed SCD-
MVC. The complete model shows superior cluster separability.

complex models like CCMVC incur prohibitive over-
heads, SCD-MVC maintains a competitive runtime. No-
tably, our method is significantly faster than CCMVC,
confirming that its substantial performance gains do not
impose excessive computational burdens.

4.3 Ablation Study

Table 4 reports the ablation study results on the ForestTypes
and Hdigit datasets, validating the effectiveness of key com-
ponents. For brevity, we denote the Cross-View Conditional
Diffusion and Clustering-Guided Semantic Fusion modules
as CV-Diff and CG-Fuse, respectively.

w/o CV-Diff: By removing the CV-Diff module, this variant
eliminates the reverse reconstruction mechanism and loses
the generative stable diffusion. Thus, performance degrades
significantly on the spectrally overlapped ForestTypes dataset,
highlighting the critical role of CV-Diff in maintaining cross-
view robustness. In its absence, the latent spaces across dif-
ferent views remain misaligned, leading to increased seman-
tic divergence and degraded embedding quality.

w/o CG-Fuse: By removing the CG-Fuse module, this vari-
ant becomes less discriminative, as the diffusion process
alone cannot compress intra-class variance or ‘enlarge inter-
class margins. This leads to ambiguous K-means decision
boundaries that incorrectly group heterogeneous samples.
These results underscore that generative consistency alone,
without clustering-driven discriminative guidance, fails to
produce a compact and well-separated-decision geometry.

To qualitatively analyze learned representations, we visu-
alize feature distributions via t-SNE (Fig. 2). Both w/o CV-
Diff and w/o CG-Fuse variants exhibit dispersed, overlapping
clusters, indicating that reconstruction constraints or discrim-
inative guidance alone are insufficient. Conversely, the full
Model produces compact embeddings with clear margins,
confirming that CV-Diff and CG-Fuse act synergistically to
optimize clustering performance.

4.4 Convergence Analysis

To illustrate the optimization behavior of the proposed frame-
work, we track the training dynamics of the normalized loss
and key clustering metrics on the ForestTypes and Hdigit
datasets. As illustrated in Fig. 3, the normalized loss de-
creases monotonically and converges near zero, while the
clustering metrics show a steady upward trajectory, eventu-
ally saturating at optimal values without significant fluctu-
ations. This consistent convergence behavior confirms that

1.0
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0.67 |
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“t08 0.81 ,.J ' 0.8
L0.6 0.6-\ 0.6

— Loss

0.44 j‘.“f — ACC 104 0.4+ — ACC 04
0.21 % ==NMI | 021 -=NMI |
S — ror [02
0.04, : z : : Loo 0.0, : ; : : 100
1 40 80 120 160 200 1 40 80 120 160 200
Epoch Epoch
(a) ForestTypes (b) Hdigit

Figure 3: Convergence analysis on the ForestTypes and Hdigit
datasets. The left Y-axis represents the Normalized Loss (red mark),
while the right Y-axis denotes the clustering performance.
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(b) Hdigit

Figure 4: Sensitivity analysis of hyperparameters A1 and A2 on the
ForestTypes and Hdigit datasets.
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Figure 5: Sensitivity analysis of hyperparameters « on the Forest-
Types and Hdigit datasets.

the synergy between CV-Diff and CG-Fuse effectively sta-
bilizes the optimization process. The results demonstrate
that our dual mechanism design, which balances genera-
tive constraints with discriminative regularization, ensures
robust training stability across datasets of varying complex-
ity. This also indicates that SCD-MVC achieves stable end-
to-end joint optimization without relying on stage-wise pre-
training or stop-gradient operations.

4.5 Parameter Analysis

To evaluate the robustness of the proposed framework, we
conduct parameter sensitivity experiments, as illustrated in
Fig. 4 and Fig. 5. We first analyze the sensitivity of the trade-
off weights A\; and A\;. The model maintains stable ACC
across a wide range of [1073,10°] on both the Hdigit and
ForestTypes datasets. This observation indicates our method
is highly tolerant to parameter perturbations. With optimal
A1 and )y values, we vary a within the range of [1072, 102,
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Dataset CRMVC’11 RMKMC’13 MSGL’21 DealMVC’23 GCFAggMVC’23 FastMICE’23 DCCNMF’24 CCMVC’25 Ours
ACC
YaleA 0.6148 0.6545 0.7505 0.3333 0.2970 0.6800 0.4078 0.5188 0.7758
Washington 0.4826 0.5217 0.5240 0.3174 0.3435 0.5621 0.3213 0.3802 0.5957
Dermatology ~ 0.5123 0.7486 0.7084 0.7877 0.8017 0.7259 0.7374 0.6844 0.9358
ORL 3Views  0.6425 0.5275 0.6025 0.1025 0.2125 0.7415 0.3687 0.3438 0.6850
ForestTypes 0.7744 0.5143 0.7372 0.4302 0.3574 0.6772 0.5525 0.3574 0.8203
BBCSport 0.5000 0.5515 0.6526 0.6783 0.4412 0.3976 0.3654 0.3203 0.7408
Prokaryotic 0.5953 0.4356 0.6124 0.5336 0.4955 0.5537 0.4938 0.4336 0.7650
WebKB 0.5652 0.5186 0.6019 0.5119 0.5119 0.7936 0.7645 0.7090 0.7888
Hdigit 0.6853 0.6476 0.6868 0.9000 0.9816 0.9082 0.9446 0.9872 0.9467
Average 0.5969 0.5689 0.6529 0.5105 0.4936 0.6711 0.5507 0.5261  0.78387113.09%
NMI
YaleA 0.6298 0.6880 0.6893 0.4448 0.4159 0.7235 0.4741 0.5790 0.7838
Washington 0.2085 0.1857 0.3009 0.0962 0.1167 0.2707 0.0463 0.1139 0.2023
Dermatology ~ 0.5782 0.7110 0.7150 0.8094 0.7178 0.7853 0.7793 0.7334 0.9040
ORL 3Views  0.8444 0.7541 0.7999 0.3596 0.4698 0.8915 0.5902 0.6010 0.8039
ForestTypes 0.5290 0.3888 0.5232 0.1542 0.0956 0.5048 0.3695 0.0956 0.5805
BBCSport 0.3199 0.3846 0.4950 0.5749 0.2340 0.1288 0.1985 0.0546 0.4797
Prokaryotic 0.2703 0.2070 0.3959 0.2962 0.2746 0.2981 0.2438 0.2452 0.4780
WebKB 0.1173 0.0010 0.0103 0.1201 0.1121 0.0571 0.0052 0.2426 0.1513
Hdigit 0.6637 0.8024 0.7419 0.9375 0.9485 0.9208 0.9017 0.9783 0.8885
Average 0.4623 0.4581 0.5190 0.4214 0.3761 0.5090 0.4009 0.4048 0.585876.68%
PUR
YaleA 0.5758 0.6545 0.6236 0.3455 0.3333 0.6939 0.4327 0.5500 0.7758
Washington 0.6522 0.6261 0.6745 0.5304 0.5478 0.6765 0.5026 0.5885 0.6348
Dermatology ~ 0.6508 0.7600 0.7808 0.7905 0.8017 0.8187 0.8296 0.8312 0.9358
ORL 3Views  0.8509 0.5925 0.6502 0.1025 0.2300 0.7767 0.3937 0.3724 0.6950
ForestTypes 0.7744 0.6386 0.7572 0.4688 0.4238 0.7246 0.6615 0.4238 0.8203
BBCSport 0.6250 0.6011 0.7067 0.7868 0.5037 0.4362 0.4693 0.3848 0.7408
Prokaryotic 0.6479 0.5717 0.7684 0.7169 0.6788 0.6562 0.3937 0.6016 0.8330
WebKB 0.7812 0.7812 0.7811 0.7812 0.7812 0.7936 0.7811 0.7812 0.7888
Hdigit 0.7189 0.8459 0.7795 0.9000 0.9816 0.9208 0.9446 0.9728 0.9567
Average 0.6975 0.6746 0.7247 0.6025 0.5869 0.7219 0.6010 0.6118 0.797917.32%

Table 2: Clustering performance comparison on nine benchmark datasets. The best results are shown in bold, while the runners-up are
underlined. 1 denotes the improved performance compared with the second-best baseline.

Method ForestTypes Hdigit 100Leaves prokaryotic Washington WebKB
CRMVC 13.14 87138 919.04 15.53 6.75 97.02
MSGL 16.54 47135  430.28 13.39 14.25 22.54
DealMVC 9.25 13372 97.63 12.67 13.78 18.58
GCFAggT 2245 34842  63.58 13.55 11.66 54.35
FastMICE 18.15 222.66  123.54 28.96 12.51 204.95
DCCNMF 15.39 20636  107.59 29.17 39.14 80.35
RMKM 12.66 139.42  100.12 36.44 26.56 97.80
CCMVC 247.67  4293.37 151244  1180.18 390.12  143.15
SCD-MVC  48.82 353.59 517.29 42.13 37.91 46.56

Table 3: Running time comparison of different baseline methods (in
seconds).

as shown in Fig. 5a and Fig. 5b. The model exhibits strong
robustness. For example, ACC consistently exceeds 0.85 on
Hdigit, while performance on ForestTypes follows a smooth
curve without abrupt drops. These results further demon-
strate the stability of the proposed design and the ease of hy-
perparameter tuning. Given this stability, we empirically set
A1 = 0.1 and Ay = 0.01 for the main experiments.

5 Conclusions

In this paper, we propose SCD-MVC, a novel generative
paradigm that reconsiders multi-view clustering through the
lens of stable conditional diffusion. By explicitly modeling
the joint distribution of heterogeneous views through cross-
view conditional generation, our approach effectively cap-

Metrics
Dataset Modules ACC NMI PUR
w/o CV-Diff 0.7706  0.5027  0.7706
ForestTypes w/o CG-Fuse 0.6970  0.4884  0.7152
SCD-MVC (Ours) 0.8203 0.5805 0.8203
w/o CV-Diff 09422 0.8793  0.9422
Hdigit w/o CG-Fuse 0.9421  0.8689  0.9421
SCD-MVC (Ours) 0.9467 0.8885 0.9567

Table 4: Ablation study on the ForestTypes and Hdigit datasets. We
compare the full model against two variants: (1) w/o CV-Diff and
(2) w/o CG-Fuse, to validate the contribution of each component.

tures complex latent semantics that are often overlooked by
traditional discriminative methods. To mitigate the stochastic
volatility inherent in diffusion probabilistic models, we intro-
duce a consistency-aware regularization mechanism that en-
sures smooth and semantically consistent representation tra-
jectories during the reverse diffusion process. Additionally,
the proposed cluster-guided semantic fusion module bridges
the objective gap between generative reconstruction and dis-
criminative clustering. Experimental results demonstrate the
superiority of our method. Future work will focus on ex-
tending this framework to accommodate incomplete multi-
view scenarios and exploring accelerated sampling strategies
to further enhance scalability.
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