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Abstract

Existing multi-view clustering methods employ various strategies to address data-
level sparsity and view-level dynamic fusion. However, we identify a critical yet
overlooked issue: varying sparsity across views. Cross-view sparsity variations lead
to encoding discrepancies, heightening sample-level semantic heterogeneity and
making view-level dynamic weighting inappropriate. To tackle these challenges, we
propose Adaptive Sparse Autoencoders for Multi-View Clustering (SparseMVC),
a framework with three key modules. Initially, the sparse autoencoder probes
the sparsity of each view and adaptively adjusts encoding formats via an entropy-
matching loss term, mitigating cross-view inconsistencies. Subsequently, the
correlation-informed sample reweighting module employs attention mechanisms
to assign weights by capturing correlations between early-fused global and view-
specific features, reducing encoding discrepancies and balancing contributions. Fur-
thermore, the cross-view distribution alignment module aligns feature distributions
during the late fusion stage, accommodating datasets with an arbitrary number of
views. Extensive experiments demonstrate that SparseMVC achieves state-of-the-
art clustering performance. Our framework advances the field by extending sparsity
handling from the data-level to view-level and mitigating the adverse effects of
encoding discrepancies through sample-level dynamic weighting. The source code
is publicly available at https://github.com/cleste-pome/SparseMVC.

1 Introduction

Multi-view learning has emerged as a powerful paradigm for leveraging complementary information
across multiple perspectives, significantly improving the performance of unsupervised learning tasks
such as clustering [1, 2, 3, 4, 5]. At the same time, the sparsity of multi-view data has become
a pivotal focus of research, with numerous studies proposing solutions from perspectives such as
activation functions [6], tensor decomposition [7, 8], and variational autoencoders [9]. Nevertheless,
while prior methods focus on designing advanced approaches to address data sparsity, they often
overlook a fundamental aspect—the potential variations in sparsity across different views. Given
that multi-view data consists of multiple views originating from distinct sources, and sparsity is a
pervasive characteristic in multi-view data [10, 11, 12, 13, 14]. Building upon the factual observations,
a natural question arises: “Does there exist a phenomenon of varying sparsity across views?”
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To quantify cross-view sparsity variations, we define the sparsity ratio sv for the v-th view:

sv =
1

N � F
XN

j=1

XF

i=1
I[xvi;j = 0]; (1)

where N refers to the number of samples, F refers to the feature dimension, xvi;j represents the i-th
feature of the j-th sample in the v-th view, and the indicator function I takes the value of one if
xvi;j equals zero, and zero otherwise. Zero-valued features xvi;j suggests missing dimensions or data
collection errors. Our statistical and computational analysis addresses the question posed earlier
and reveals that sparsity variations across views not only exist, but are widely prevalent in diverse
multi-view data, as illustrated in Fig. 1.

Figure 1: Sparsity ratios across views in multi-view datasets.
TOP BOX PLOT illustrates the sparsity ratio distribution,
which shows the median (orange line), interquartile range
(box), and any outliers (points outside the whiskers). BOT-
TOM BAR PLOT presents the sparsity ratios for each view
within each dataset. To provide a more comprehensive situ-
ation of sparsity variations, additional datasets are included:
Digits [15], LandUse-21 [16], RGB-D [17]. GSE [18] and
STL-10 [19]. The cross-view sparsity ratios have been pro-
cessed to improve visualization using the sigmoid function.

The disparity in view sparsity presents
a multifaceted challenge: highly sparse
views, lacking sufficient informative
content, are prone to underfitting,
whereas less sparse views, often bur-
dened with redundant or irrelevant fea-
tures, are susceptible to overfitting. Ap-
plying a uniform encoder architecture
or regularization strategy across such
heterogeneous views compromises rep-
resentational consistency and limits the
model’s capacity to extract complemen-
tary cross-view information. To re-
solve this, we adopt an adaptive and
sparsity-aware encoding strategy tai-
lored to individual views. This requires
rethinking the autoencoder design to
accommodate view heterogeneity and
structural disparities. Our solution is to
design an autoencoder capable of adap-
tively adjusting its constraints based on
the sparsity ratio of each view, allowing its encoding form to evolve accordingly.

Due to varying sparsity across views for the same sample, encoders can introduce semantic and
representational inconsistencies, affecting subsequent stages [20, 21]. As a result, it becomes essential
to dynamically assess the contribution of each view based on the features extracted from different
types of encoders. To address this, we design a correlation-informed reweighting module that assigns
sample-wise weights based on the correlations between global and local features, thereby balancing
view contributions and discrepancies. The early fusion strategy integrates multi-view data through
feature concatenation. Since our reweighting module uses the global latent representation encoded
from early fusion to guide the subsequent dynamic weighted early fusion of local representations, we
chose an early fusion approach that preserves the original feature values as much as possible.

In late fusion, we introduce a cross-view distribution alignment module to align feature distributions
across views, enabling robust integration and supporting datasets with arbitrary view numbers while
balancing global consistency and view-specific diversity. These three core components together
form the SparseMVC framework, addressing sparsity inconsistencies, encoding discrepancies, and
semantic heterogeneity in a step-by-step and interdependent design.

Table 1: Performance comparison of different strategies under extreme and minimal sparsity variation.

Datasets Sparsity of Different Views Accuracy NMI
[Ours] [2nd] [Ours] [2nd]

ALOI-100 [0.0001, 0.0001, 0.3415, 0.6383] 82.21 ↑4.49 77.72 92.65 ↑1.78 90.87
MSRCV1 [0.0049, 0.0048, 0.0048, 0.3478, 0.0051, 0.0048] 97.14 ↑5.71 91.43 94.22 ↑6.32 87.90

LGG [0.0040, 0.0038, 0.0078, 0.0037] 83.15 ↑0.38 82.77 54.62 ↑0.49 54.13
Synthetic3d [0.0017, 0.0017, 0.0017] 98.33 ↑0.16 98.17 92.01 ↑0.74 91.27

As presented in Table 1, we evaluate our method across a range of datasets exhibiting extreme sparsity
disparities. For instance, in ALOI-100, the sparsity ratio spans from as low as 0.0001 to as high
as 0.6644, revealing a substantial imbalance in information density across views. To effectively
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address such heterogeneity, our framework incorporates dynamically adaptive autoencoders that
adjust both the encoding process and sparsity-aware regularization in accordance with each view's
sparsity pro�le. Unlike existing methods, which generally overlook the impact of cross-view sparsity
variation, our targeted design enables SparseMVC to achieve consistently superior performance under
severe disparity conditions. Moreover, it maintains strong competitiveness even in datasets with near-
uniform sparsity variations, such as LGG and Synthetic3D, demonstrating both its responsiveness to
sparsity imbalance and its robustness in more homogeneous scenarios.

To the best of our knowledge, this is the �rst work to explicitly identify, analyze, and de�ne the
problem of cross-view sparsity variations in multi-view data, and to propose a dedicated framework
SparseMVC that offers a targeted and principled solution.

2 Related Work

For multi-view fusion, early methods [22, 23] assumed equal importance of views, ignoring view
heterogeneity. Hence, dynamic weighting approaches have emerged, with attention-based meth-
ods [24, 25] leading, alongside loss optimization [26, 27], kernel techniques [28, 29], and subspace
methods [30]. However, uniform view-level weighting fails to address intra-view variability, high-
lighting the need for sample-level dynamic weighting. Trust-based methods [31, 32, 33, 34] excel in
supervised scenarios. For multi-view clustering, sample-adaptive fusion [35] has been proposed using
Laplacian matrix divergence. In contrast, our framework dynamically computes sample weights via
correlation calculation without additional loss, while adopting a decoupled design with independent
global and view-speci�c autoencoders. More details can be found in Appendix A.2.

Sparse representation effectively captures essential features in sparse data by enforcing sparsity
constraints [36] but struggles to handle the non-linear structures common in multi-view datasets [37].
Autoencoders excel at learning non-linear latent features [38, 39], yet their lack of sparsity enforce-
ment limits their adaptability to varying sparsity rates across views. Sparse autoencoders combine the
strengths of both sparse representation and standard autoencoders by incorporating sparsity constraints
into the hidden layers [40], which have become a research focus in multi-view learning [9, 41].

3 Method

Figure 2: Overview of SparseMVC, a framework designed to address varying sparsity across views.

This section sequentially introduces the three key submodules of SparseMVC, as illustrated in Fig. 2.
It begins by utilizing sparse autoencoders with adaptive constraints, which dynamically adjust the
coding strategy based on the probedsv , to generate latent features (Z ), making the reconstructed
features (cX ) approximate the original input features (X ). Subsequently, the correlation between
the early-fused global features (�Z ) and view-speci�c features (fZ v gn

v=1 ) guides the computation of
sample-level weights (fW v gn

v=1 ) via the attention mechanism within the correlation-informed sample
reweighting module. Finally, the cross-view distribution alignment module enhances clustering
performance by setting the late-fused global featuresY as the anchor latent representation, and
then simultaneously aligning the multi-view feature distribution betweenY and each view-speci�c
compressed feature (fYv gn

v=1 ). The algorithm of the framework can be found in Appendix A.1.
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3.1 Sparse Autoencoder with Adaptive Constraints

To handle varying view sparsity rates, we propose the sparse autoencoder with adaptive constraints
(SAA), extending traditional sparse autoencoders. SAA employs an adaptive loss function that
integrates reconstruction and sparsity-aware entropy-matching as distinct constraints, wherein the
adjustment is dynamically guided by view sparsity ratios formulated as prior knowledge.

The reconstruction loss, typically measured by mean squared error (MSE), quanti�es the difference
between the reconstructed outputx̂ v

j and the input xvj for the j-th sample:

L v
recon =

1
N

NX

j=1

�
x̂ v

j � x v
j

� 2
; (2)

whereN is the number of samples (batch size) for viewv. Motivated by the widespread presence of
sparsity variations in different views, our aim is to design a function that is positively correlated with
sv , allowing adaptive adjustments to both the encoder type and the strength of the sparsity constraints.
We scale byf(s v ) outside the loss rather than tuning� in Eq. (4), please refer to Appendix B.2. The
design of the adaptive weighting factorf (s v ) follows a ReLU-like approach, adjusting the strength
of L v

entropybased on the probed input dataset sparsity sv for view v:

f (s v ) =
�

0; if sv � �;
sv ��
1�� ; if sv > �;

(3)

where the default value of� is 0.01. Selecting the threshold� for the sparsity ratiosv is based on
the actual cross-view sparsity distribution of each dataset. For most datasets, the sparsity ratios
exhibit a skewed distribution, with a signi�cant concentration of both high and low values, as
shown in Fig. 1 and Table 1. A� value of 0.01 effectively captures these low-sparsity views. To
enforce sparsity constraints, the entropy-matching loss is de�ned using Kullback-Leibler (KL) [42]
divergence, encouraging the activationsĥv

k in the hidden layer to align with a target sparsity level� .
The entropy-matching loss and the sparsity loss derived from it are formulated as follows:

L v
sparse= f(s v ) � L v

entropy = f(s v ) �
HX

k=1

(� log
�

ĥv
k

+ (1 � �) log
1 � �

1 � ĥv
k

); (4)

whereH refers to the number of units in the hidden layers of each sparse encoder, and� is the
target sparsity level.̂hv

k represents the average activation of thek-th hidden unit for viewv, which
is clamped to lie strictly within the open interval from zero to one. Following [40], � is set to 0.05,
which is a well-validated choice that balances sparsity and the learning capacity of the autoencoder,
allowing it to effectively capture key features in the data while avoiding over�tting to irrelevant
features. The average activation is computed by:

ĥv
k =

1
N

NX

j=1

�
�
W v

k x v
j + bv

k

�
; (5)

Figure 3: Sparse autoencoder with adaptive constraints.

whereW v
k is the weight matrix,bv

k
is the bias term for thek-th hidden
unit in thev-th view,x v

j is the input
feature, and�(�) denotes the ReLU
activation function. Whensv � � ,
L v

entropy is deactivated (f (s v ) = 0 )
and the sparse autoencoder degen-
erates into a standard autoencoder.
Conversely, for input views where
sv > � , f (s v ) exhibits a linear in-
crease withsv , ensuring that the spar-
sity constraint becomes more promi-
nent for highly sparse inputs. Based
on the above, the loss function for
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SAA is then formulated as follows:

L SAA =
VX

v=1

�
L v

recon + L v
sparse

�
: (6)

As shown in Fig. 3, this piecewise linear design dynamically aligns the sparsity constraint with the
input sparsity level and customizes the encoding strategy for each view.

3.2 Correlation-Informed Sample Reweighting

While SAA balances reconstruction and sparsity, it introduces sample-speci�c encoding inconsisten-
cies due to differences in sparsity. Additionally, while networks adjust weights through layer updates,
this weighting alone cannot address the lack of communication between autoencoders. On the above
bases, we drew inspiration from the concept of multi-head attention and designed the correlation-
informed sample reweighting module (CSR), which leverages correlations between the early-fused
global features (�Z ) and the view-speci�c local features (Z v ), then computes sample-speci�c weights.
This cascading design is devised to achieve two objectives: mitigating the encoding inconsistencies
introduced by SAA and leveraging globally fused features, which preserve the relatively high-�delity
patterns of the original data structure, to supervise the computation of view correlations.

CSR adopts a simpli�ed structure inspired by multi-head attention, which captures similar effects
while deviating from the standard formulation. Initially, CSR takes�Z 2 R N�F andZ v 2 RN�F as
input, and projects them into the query, key, and value spaces through parallel linear transformations:

Q = �ZW Q ; K v = Z v W K ; Vv = Z v W V ; (7)

whereW Q ; W K ; W V 2 RF �F are the learnable weight matrices, generating the query matrix
Q 2 R N�F , which encapsulates global semantic information, and the key matrixK v 2 RN�F ,
which capture view-speci�c features for each view. Our primary objective is to quantify inter-view
relationships by evaluating attention scores between queries and keys, without generating new feature
representations, thus omitting the value matrixVv . To compute the correlation between�Z andZ v , we
de�ne the correlation scoreCv 2 RN for thev-th view based on Einstein summation convention as:

Cv =

P F
f=1 Q f � (K v

f )T

p
F

; (8)

where
p

F is the scaling factor equals to the square root of the dimension of the key vector. The
correlation scores are normalized via the softmax function to produce sample-speci�cW v 2 RN as:

W v =
exp(Cv )

P V
v=1 exp(Cv )

; (9)

that dynamically adjust the contribution of each corresponding sample in respective autoencoders.

3.3 Cross-view Distribution Alignment

Aligning features across views is a fundamental challenge in multi-view learning, as it is crucial for
leveraging the complementary information provided by diverse views. The cross-view distribution
Alignment module (CDA) addresses this issue by performing contrastive learning between the late-
fused global features (Y ) and the compressed features of individual views (Yv ), ensuring effective
alignment of multi-view features within a uni�ed and shared latent space.

To mitigate the risk of dimensional collapse during alignment, potentially caused by an excessively
large latent space, we introduce a compression layer before feeding the encoded view-speci�c features
into the CDA. More details are provided in Appendix B.1. Speci�cally,Yv 2 RN�F is obtained
from Z v via the compression layer. In parallel, the global featuresY 2 R N�F are as follows:

Y = F

 
VX

v=1

W v Z v

!

; (10)

where fusion functionF represents the late fusion layers and ensures that the transformed dimension
matches Yv . The similarity matrix Sv betweenY and Yv is de�ned as:

Sv =
Y � (Yv )T

�
; (11)
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with � denoting a temperature parameter that scales the similarity values. The sample pairs position
indices inSv are de�ned asp andq. Positive pairs, which correspond to the same samples across
views , are represented by the diagonal elements ofSv , denoted asSp;p

v . Negative pairs, which
involve different samples across views, are identi�ed using a mask matrixM v 2 RN�N , where
M p;q

v = 1 if p 6= q, and Mp;q
v = 0 otherwise. The contrastive loss for each sample is:

L p;v
con = � log

 
exp(Sp;p

v )
P N

q=1 exp(Sp;q
v ) � M p;q

v

!

; (12)

whereexp(Sp;p ) quanti�es the similarity of positive pairs, and the denominator aggregates the
exponential similarities of all pairs, weighted by the mask matrixM v . The overall CDA loss across
all views is obtained by summing the individual losses for each view and averaging over all samples:

L CDA =
VX

v=1

1
N

NX

p=1

L p;v
con : (13)

Figure 4: View distribution alignment based on contrast.

For contrastive learning, when samples of
the same class are clustered in one view, the
attraction exerted by positive pairs propa-
gates to other views. In contrast, although
the distinction between samples does not
necessarily imply class disparity, repulsion
among negative pairs enables view with
greater discriminative power to transmit
class separations to other views. This re-
sults in a mechanism that transforms both
the alignment and misalignment informa-
tion at the cross-view sample level into an
objective, aiming to minimize intra-class
while maximizing inter-class distances.

Regarding the role of CDA, the global view
serves as an anchor, which is compared in
parallel against each local view. To mini-
mize the overall contrastive loss, the sam-
ple distribution of the global view is con-
currently attracted toward all local views, thereby encouraging the features of each sample to converge
more tightly in the latent space. From the perspective of the entire latent space, this process effectively
facilitates overall distribution alignment. The rationale behind utilizing local views for distribution
alignment with the global view to enhance class separability lies in the ability to leverage easily
classi�ed samples from one view to improve the distinguishability of harder-to-classify samples in
another. The reasoning above, together with Fig. 4, illustrate the working principle of the CDA:
utilizing contrastive learning as a tool, through the process of aligning the distribution of sample
features across views, enhancing the differentiation of dif�cult-to-classify samples in one view by
leveraging easy-to-classify samples in another, and ultimately achieving the goal of optimal alignment
of features in the shared latent space.

(a) GCFAgg (CVPR'23) (b) CPSPAN(CVPR'23) (c) SCMVC (TMM'24) (d) MVCAN (CVPR'24) (e) SparseMVC (Ours)

Figure 5: T-SNE visualization of the features learned with recently comparative methods (a-d) and
ours (e) on the ALOI-100 dataset.
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3.4 The Overall Loss Function of SparseMVC

The total lossL total comprises the adaptive sparse autoencoder lossL SAA in Eq. (6), preserving data
�delity and enforcing structured sparsity viaL reconandL entropy, and the cross-view alignment loss
L CDA in Eq. (13), ensuring consistent clustering across views:

L total =
X V

v=1

�
L v

recon+f(s v ) �L v
entropy

�
+ � CR �L CDA; (14)

where �CR is the constraint ratio coef�cient that controls the trade-off between LSAA and LCDA.

4 Experiments

4.1 Experimental Settings

Compared Methods. Our proposed method is compared against the following 12 state-of-the-
art multi-view clustering methods based on deep learning. DSMVC [43], COMPLETER [44],
DCP [45], CVCL [46] and SCMVC [47] focus on dynamic contrastive learning; MFLVC [48],
GCFAgg [3], DealMVC [49] combine feature fusion and consistency; DSMVC [43] and SDMVC
[50] enhance consistency through discriminative learning; CPSPAN [51] and MVCAN [52] apply
proxy supervision and prototype alignment.

Table 2: Characteristics of kinds of multi-view datasets.

Datasets Samples Clusters Views View Dimensions

Images

MSRCV1 210 7 6 [1302, 48, 512, 100, 256, 210]
Dermatology 358 6 2 [12, 22]
Out-Scene 2,688 8 4 [512, 432, 256, 48]
ALOI-100 10,800 100 4 [77, 13, 64, 125]

Image-Text

Wikipedia 693 10 2 [128, 10]

Omics

LGG 267 3 4 [2000, 2000, 333, 209]
BRCA 398 4 4 [2000, 2000, 278, 212]

Synthetics

Synthetic3d 600 3 3 [3, 3, 3]

Benchmark Datasets. The selected
datasets span diverse domains: Image
datasets include MSRCV1 [53] focusing
on objects and scenes, Dermatology [54]
on medical images, Out-Scene [55] on nat-
ural scenes, and ALOI-100 [56] on object
recognition. Image-text datasets include
Wikipedia2, which provides website cross-
modal data. Omics datasets include LGG
[57] focusing on brain tumor genomics
and BRCA [58] on breast cancer genomics.
Synthetic3d [59] supports 3D object mod-
eling and recognition. Detailed properties
of datasets are listed in Table 2.

Evaluation Metrics. Accuracy (ACC) evaluates alignment with ground truth, normalized mutual
information (NMI) measures shared information, purity (PUR) assesses cluster homogeneity. Ad-
justed Rand index (ARI), measuring clustering similarity, is partially utilized in experiments. For all
metrics, higher values indicate better performance.

Implementation Details All experiments were conducted using Python 3.8.15 and PyTorch
1.13.1+cu116 on a Windows PC equipped with an AMD Ryzen 9 5900HX CPU, 32GB RAM,
and an Nvidia RTX 3080 GPU (16GB). Models were trained using the Adam optimizer [60], a
learning rate of 0.003, and a �xed seed of 50, with batch size equal to the dataset's sample count.
Pre-training was performed uniformly for 300 epochs, while alignment training was conducted
for 300 epochs for datasets with less than 2500 samples and 1000 epochs for larger datasets. For
clustering,k-means [61] was applied with the number of clusters equal to the dataset categories and
100 initializations. During pre-training, global featuresZ v derived from early fusion were used,
while alignment training used late fusion featuresY . Metrics were calculated as the average of 10
runs in the �nal epoch, with no �ne-tuning performed for speci�c datasets. To ensure fairness, the
hyperparameters for the comparison methods were determined based on either the default global
settings or the con�guration of the �rst dataset.

4.2 Comparative Results Analysis

Table 3 and 4 summarize the comparative results, leading to the following conclusions:

(1) Our method achieves state-of-the-art performance across eight diverse multi-view datasets, along
with larger-scale datasets as shown in Table 8. These results validate the versatility of our approach

2https://dumps.wikimedia.org/

7




	Introduction
	Related Work
	Method
	Sparse Autoencoder with Adaptive Constraints
	Correlation-Informed Sample Reweighting
	Cross-view Distribution Alignment
	The Overall Loss Function of SparseMVC

	Experiments
	Experimental Settings
	Comparative Results Analysis
	Convergence Analysis
	Ablation Study
	Parameter Sensitivity Analysis

	Conclusion
	Algorithm and Comparison with Prior Work
	Algorithm
	Comparison with Prior Work

	Further Experiments
	Dimension and Feature Compression
	Selection of Scaling Factor
	The large-scale datasets

	Visualization
	Computational Complexity
	Theoretical Analysis
	Why should sparsity constraints be adaptive?
	What exactly are we coding or preserving?

	Limitations and Future Work

