SparseMVC: Probing Cross-view Sparsity Variations
for Multi-view Clustering

Ruimeng Liu', Xin Zou?, Chang Tang>*
Xiao Zheng*, Xingchen Hu®, Kun Sun’, Xinwang Liu®
1School of Computer Science, China University of Geosciences (Wuhan)
2The Hong Kong University of Science and Technology (Guangzhou)
3School of Software Engineering, Huazhong University of Science and Technology
4School of Computer Science, Hubei University of Technology
5College of Systems Engineering, National University of Defense Technology

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

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 s,, for the v-th view:
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where NN refers to the number of samples, F' refers to the feature dimension, xﬁ - 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
x; ; equals zero, and zero otherwise. Zero-valued features x; ; 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
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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- " N0 T AT T Riken  wikman | bReh | e
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.
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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.

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.

. . . Accuracy NMI
Datasets ‘ Sparsity of Different Views ‘ [Ours] [2nd] [Ours] [2nd]
ALOI-100 [0.0001, 0.0001, 0.3415, 0.6383] 82.21 14.49 77.72 192.65 11.78 90.87
MSRCV1 | [0.0049, 0.0048, 0.0048, 0.3478, 0.0051, 0.0048] | 97.14 15.71 91.43 | 94.22 16.32 87.90
LGG [0.0040, 0.0038, 0.0078, 0.0037] 83.15 10.38 82.77 | 54.62 10.49 54.13
Synthetic3d [0.0017,0.0017, 0.0017] 98.33 10.16 98.17 | 92.01 10.74 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



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 profile. 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 first work to explicitly identify, analyze, and define 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-specific 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].
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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 probed s, to generate latent features (Z), making the reconstructed
features (X') approximate the original input features (X'). Subsequently, the correlation between
the early-fused global features (Z) and view-specific features ({ Z, }"_) guides the computation of
sample-level weights ({ W, }7_,) 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 features Y as the anchor latent representation, and
then simultaneously aligning the multi-view feature distribution between Y and each view-specific
compressed feature ({Y }7_;). The algorithm of the framework can be found in Appendix A.1.



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), quantifies the difference
between the reconstructed output &7 and the input x? for the j-th sample:

, 1 . or 2

Eruecon = N Z (wj - w;}) ) (2)
where N is the number of samples (batch size) for view v. Motivated by the widespread presence of
sparsity variations in different views, our aim is to design a function that is positively correlated with
Sy, allowing adaptive adjustments to both the encoder type and the strength of the sparsity constraints.
We scale by f(s,) outside the loss rather than tuning p in Eq. (4), please refer to Appendix B.2. The
design of the adaptive weighting factor f (s, ) follows a ReLU-like approach, adjusting the strength
of L7 based on the probed input dataset sparsity s,, for view v:

entropy
0, ifs, <40,

flou) = {sf‘;’, if 5, > 0,
where the default value of 6 is 0.01. Selecting the threshold 6 for the sparsity ratio s, is based on
the actual cross-view sparsity distribution of each dataset. For most datasets, the sparsity ratios
exhibit a skewed distribution, with a significant concentration of both high and low values, as
shown in Fig. 1 and Table 1. A 6 value of 0.01 effectively captures these low-sparsity views. To
enforce sparsity constraints, the entropy-matching loss is defined using Kullback-Leibler (KL) [42]
divergence, encouraging the activations h,, j in the hidden layer to align with a target sparsity level p.
The entropy-matching loss and the sparsity loss derived from it are formulated as follows:
H

1—
‘c:parse = f(Sv) ’ ﬁ:mropy = f(Sv) ’ Z(p log Ap + (1 - P) log = )7 “4)
k=1 hz 1 - hz

where H refers to the number of units in the first hidden layer of the sparse encoder, p is the target
sparsity level, and hj, represents the average activation of the %-th hidden unit for view v. Following
[40], p 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 overfitting
to irrelevant features. The average activation is computed by
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Figure 3: Sparse autoencoder with adaptive constraints.



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-specific 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-specific local features (Z,,), then computes sample-specific 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-fidelity
patterns of the original data structure, to supervise the computation of view correlations.

CSR adopts a simplified structure inspired by multi-head attention, which captures similar effects
while deviating from the standard formulation. Initially, CSR takes Z € RV*¥ and Z, € RV*F as
input, and projects them into the query, key, and value spaces through parallel linear transformations:

Q:ZWQ7 K’U:Z’UWKa VU:ZUWV7 (7)

where W, Wi, Wy, € REXF are the learnable weight matrices, generating the query matrix
Q < RVXF | which encapsulates global semantic information, and the key matrix K, € RV*¥,
which capture view-specific 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 matrix V;,. To compute the correlation betweenZ and Z,,, we
define the correlation score C,, € R¥ for the v-th view based on Einstein summation convention as:

F
X Qs (KT

v \/F b

where /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-specific W,, € R as:

exp(Cy)
W, = — o) 9
SV, exp(C.) ®

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 (Y,), ensuring effective
alignment of multi-view features within a unified 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-specific features
into the CDA. More details are provided in Appendix B.1. Specifically, Y, € RY*F is obtained
from Z, via the compression layer. In parallel, the global features Y € RY* ¥ are as follows:

y
Y=F <Z WvZU>, (10)

v=1
where fusion function F represents the late fusion layers and ensures that the transformed dimension
matches Y,,. The similarity matrix S,, between Y and Y, is defined as:

S, = 2 (In

with 7 denoting a temperature parameter that scales the similarity values. The sample pairs position
indices in S, are defined as p and ¢. Positive pairs, which correspond to the same samples across



views , are represented by the diagonal elements of S,,, denoted as SPP. Negative pairs, which
involve different samples across views, are identified using a mask matrix M, € RNVXN  where
MP? =1ifp # g, and MP¢ = 0 otherwise. The contrastive loss for each sample is:

L2 — _log exp(S5”)
D1 exp(S7) - ME

where exp(SPP) quantifies the similarity of positive pairs, and the denominator aggregates the
exponential similarities of all pairs, weighted by the mask matrix M,,. The overall CDA loss across
all views is obtained by summing the individual losses for each view and averaging over all samples:

14 N
Lcpa = Z‘: % Z_‘: Loy (13)

For contrastive learning, when samples of
the same class are clustered in one view, the
attraction exerted by positive pairs propa- . )
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Regarding the role of CDA, the global view Easy-to-classify
c s . N et

serves as an anchor, which is compared in W N

parallel against each local view. To mini- (b) Cross-view distribution alignment (c) Multi-view fusion
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
classified 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 difficult-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.

Figure 4: View distribution alignment based on contrast.
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Figure 5: T-SNE visualization of the features learned with recently comparative methods (a-d) and
ours (e) on the ALOI-100 dataset.

3.4 The Overall Loss Function of SparseMVC

The total loss Ly comprises the adaptive sparse autoencoder loss Lsaa in Eq. (6), preserving data
fidelity and enforcing structured sparsity via Lyecon and Leniropy, and the cross-view alignment loss



Lcpa in Eq. (13), ensuring consistent clustering across views:

14
Lol = Zv:l (‘C;}econ + f(.Sv) : £:mropy> +Acr - Lcpa, (14)

where Acg is the constraint ratio coefficient that controls the trade-off between Lsaa and Lcpa.

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.

Benchmark Datasets. The selected Table 2: Characteristics of kinds of multi-view datasets.

datasets span diverse domains: Image Datasets | Samples  Clusters  Views | View Dimensions
datasets include MSRCV1 [53] focusing Images

on objects and scenes, Dermatology [54] MSRCV1 210 7 6 | [1302, 48,512, 100, 256,210]
on medical images, Out-Scene [55] on nat- ~ Pgmacloey ;(fgg o : 512, 5‘1322”2225]& 48
ural scenes, and ALOI-100 [56] on object ALOL-100 | 10,800 100 4 (77,13, 64, 125
recognition. Image-text datasets include Image-Text

Wikipedia 2, which provides website cross- Wikipedia | 693 10 2| [128, 10]
modal data. Omics datasets include LGG Omics

[57] focusing on brain tumor genomics LGG 267 3 3 [2000. 2000, 333, 209]
and BRCA [58] on breast cancer genomics. BRCA ‘ 398 4 4 ‘ [2000, 2000, 278, 212]
Synthetic3d [59] supports 3D object mod- Synthetics

eling and recognition. Detailed properties Synthetic3d | 600 3 3 13,3.3]

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+cull6 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 fixed 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 features Z, derived from early fusion were used,
while alignment training used late fusion features Y. Metrics were calculated as the average of 10
runs in the final epoch, with no fine-tuning performed for specific datasets. To ensure fairness, the
hyperparameters for the comparison methods were determined based on either the default global
settings or the configuration of the first 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
and highlight its potential for a wide range of downstream tasks. In comparison, other approaches
such as SCMVC, MVCAN, and CPSPAN achieved relatively good results on specific datasets but
failed to maintain an advantage due to their limited generalizability across other datasets.

*https://dumps.wikimedia.org/



Table 3: Clustering results on small multi-view datasets. The top-ranked result is bolded, and the
second-ranked result is underlined.

Methods \ Datasets | Synthetic3d | LGG | Dermatology | BRCA
‘ ACC NMI PUR ‘ ACC NMI PUR ‘ ACC NMI PUR ‘ ACC NMI PUR

COMPLETER [CVPR’21] [44] 9333  76.06 9333 | 80.15 49.25 80.15 | 77.65 80.11 82.12 | 55.53 34.65 65.33
DCP [TPAMI'22] [45] 97.17 87.60 97.17 | 59.55 44.82 73.03 | 7291 77.22 80.73 | 57.29 39.51 60.55
MFLVC [CVPR’22] [48] 90.67 72.59 90.67 | 79.03 49.73 79.03 | 58.10 56.20 62.85 | 55.53 27.74 60.05
DSMVC [CVPR’22] [43] 96.83 86.64 96.83 | 82.77 54.13 82.77 | 92.74 87.82 92.74 | 54.52 33.53 68.84
SURE [TPAMI'22] [62] 96.33 85.16 96.33 | 62.92 38.01 65.17 | 88.27 77.03 88.55 | 39.70 12.85 48.99
DealMVC [MM’23] [49] 87.50 72.07 87.50 | 72.28 40.55 72.28 | 4553 31.13 4553 | 59.55 3279 61.56
GCFAgg [CVPR’23] [3] 96.67 85.54 96.67 | 55.06 2295 61.80 | 88.27 79.25 88.27 | 51.51 3241 6131
CPSPAN [CVPR’23] [51] 97.83 90.15 97.83 | 63.30 30.53 63.30 | 76.26 84.63 8520 | 66.83 34.48 74.12
SDMVC [TKDE’23] [50] 96.83 86.47 90.00 | 63.67 4386 67.79 | 70.67 83.30 84.92 | 57.79 33.80 64.57
CVCL [ICCV’23] [46] 9531 8236 9531 | 5820 23.73 5820 | 56.25 56.01 67.97 | 61.98 34.68 68.49
MVCAN [CVPR’24] [52] 98.17 91.27 94.59 | 59.55 4257 27.18 | 58.38 66.73 51.58 | 57.79 3570 32.24
SCMVC [TMM’24] [47] 97.00 87.11 97.00 | 7341 39.76 73.41 93.85 8844 93.85 | 50.25 30.70 60.80
SparseMVC (Ours) 98.33 92.01 98.33 | 83.15 54.62 83.15 9525 89.86 95.25 | 70.10 44.90 70.85

(2) Our method demonstrates stability in clustering performance, as evaluation metrics oscillate
upward within a small range and stabilize with increasing epochs, showcasing robust results. In
contrast, methods like SURE and DealMVC on ALOI-100 or CVCL and CPSPAN on Wikipedia
fail to stabilize, with metrics either degrading significantly after peaking or fluctuating dramatically
without consistent improvement. During the early stages of contrastive training when the embedding
space’s distribution remains uneven, potentially causing abrupt gradient fluctuations. To alleviate the
instability, we adopt a dynamic fusion strategy in Sec. 3.2 and a pre-training approach in which only
the autoencoder is trained initially.

(3) Although our model is specifically designed to address the challenge: across-view sparsity varia-
tions, it also achieves superior performance on dense datasets, such as BRCA, thereby demonstrating
its adaptability and broad applicability. This is attributed to the inherent flexibility of our designed
sparse autoencoder, which adaptively transitions into a conventional autoencoder when confronted
with dense data, thereby prioritizing the reconstruction objective with greater emphasis.

(4) Compared to recent state-of-the-art methods, our approach demonstrates superior feature rep-
resentation performance by producing clearer boundaries and more compact clusters, as shown in
Fig. 5. Its most notable advantage is the ability to disentangle intra-class clusters while preserving
inter-class separability, which leads to better scalability and robustness when handling data with large
cross-view distribution disparities.

4.3 Convergence Analysis

By analyzing the training , 80
curve in Fig. 6, we observe o
the following key points: (1)
The evaluation metrics gener-
ally exhibit an oscillatory in-
crease followed by stabiliza-
tion, with this stability be-
ing maintained as the num-
ber of training epochs pro-
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maintaining stable clustering
performance despite optimiza-
tion challenges. (2) During the
early stages of the alignment
training phase, the evaluation metrics exhibit a brief dip, which is quickly followed by a recovery
and subsequent stabilization at a higher level. The fluctuations observed in the evaluation metrics
can be attributed to Lcpa in Eq. (13), which necessitates the initialization of all network parameters
except the autoencoder. (3) Despite significant fluctuations in the loss for small datasets, intriguingly,
these fluctuations do not propagate to the evaluation metrics, suggesting that our approach effectively
mitigates the influence of instability in the optimization algorithm on the clustering structure.

Figure 6: Convergence analysis of the training process. The left area
of the vertical black dashed line represents the pre-training phase,
while the right area stands for the view alignment training process.



Table 4: Clustering results on big (Out-Scene & ALOI-100) and small multi-view datasets.
| Out-Scene | ALOI-100 | Wikipedia | MSRCV1
| ACC NMI PUR | ACC NMI PUR | ACC NMI PUR | ACC NMI PUR

Methods \ Datasets

COMPLETER [CVPR’21] [44] | 69.79 5539 69.79 | 30.70 62.12 33.63 | 57.14 53.10 59.31 | 90.00 87.90 90.00
DCP [TPAMI'22] [45] 56.03 45.59 56.32 | 34.01 60.28 37.32 | 4531 43.16 4632 | 2571 2325 27.14
MFLVC [CVPR’22] [48] 5897 51.31 5897 | 33.17 7328 33.17 | 40.12 27.52 41.70 | 63.33 66.11 64.29
DSMVC [CVPR’22] [43] 62.13 53.01 64.25 | 71.52 90.87 72.72 | 60.32 54.74 62.19 | 64.29 5429 64.29
SURE [TPAMI'22] [62] 60.97 48.09 6097 | 10.13 34.19 1190 | 50.65 3997 54.11 | 9143 85.84 91.43
DealMVC [MM’23] [49] 69.57 59.44 69.57 | 13.11 4854 13.10 | 3896 37.09 38.96 | 82.00 75.54 82.00
GCFAgg [CVPR’23] [3] 68.23 57.14 6823 | 74.11 88.30 76.63 | 51.80 4587 56.57 | 39.52 3191 42.86
CPSPAN [CVPR’23] [51] 59.15 50.46 59.15 | 56.96 78.78 67.99 | 22.08 835 2439 | 67.62 69.83 89.52
SDMVC [TKDE’23] [50] 56.03 46.18 59.93 | 52.02 7470 56.56 | 55.99 5398 62.05 | 59.52 5251 45.24
CVCL [ICCV’23] [46] 7351 59.59 7351 | 21.86 43.13 2329 | 14.17 42.81 32.69 | 48.44 84.57 90.62
MVCAN [CVPR’24] [52] 7098 5823 4995 | 6748 83.78 56.71 | 59.02 55.81 67.97 | 71.54 60.19 71.54
SCMVC [TMM’24] [47] 7154 60.19 7154 | 77.72 89.42 81.05 | 53.54 3559 55.84 | 90.95 83.92 90.95
SparseMVC (Ours) | 7749 6334 77.49 | 8221 92.65 84.19 | 61.04 5479 6291 | 97.14 9422 97.14

4.4 Ablation Study

Loss Function To ensure the rigor of ablation experiment, we selected three datasets with significant
variations in view sparsity as shown in Fig. 1, ensuring the functionality of the SAA. We assessed the
effectiveness of individual losses in the total loss Eq. (14) of SparseMVC, as presented in Table 5.

Specifically, we use Liecon as the baseline and

find that adding either Lenyopy Or Lcpa improves  Taple 5: Comparison of different loss function
performance. Leniopy Yields substantial improve- combinations.

ments on ALOI-100 and Dermatology, which

.. . . T Datasets | Loss Function | Evaluation Metrics
have stronger variations in view sparsity. These atasets | — - s
. . . . | Liccon  Lenwopy Lcpa | ACC NMI  PUR
improvements highlight the effectiveness of adap- Y - T RETETIETYT
tive encoding and cross-view distribution align- v v 6635 8165 70.62
. . . ALOI-100 - ‘ :
ment as robust constraints that contribute posi- 4 v | 6411 8023 67.33
. _ v V| 8221 9265 8419
tively to the overall model training process. More-
. . v 70.11 7441 59.69
over, when all losses are activated simultaneously, v 7570 8336 6936
. . Dermatology . . .
the model achieves optimal performance, suggest- v v/ | 7095 71.06 8380
ing that Lenropy and Lepa complement each other d d v 19525 8986 9525
- ‘o . v 5857 4863 3276
§ynerg1st1cally. Notably, their integration does not VSROVT v v 2048 6527 5208
introduce any mutual interference, further under- : v /| 9238 87.62 9238
lining the coherence and compatibility of these v v 19714 9422 97.14

objectives in driving superior learning outcomes.

Components Our approach focuses on view-level structural sparsity, specifically the sparsity
variation across views within the same multi-view data. This differs from data-level sparsity methods,
which typically apply uniform sparse encoding to all views without explicitly considering the
heterogeneity of inter-view sparsity. To further validate the effectiveness of the proposed SAA
module, we extend the ablation study in Table 5 by introducing two additional comparative settings:
(i) uniformly sparse encoding applied to all views, which mimics methods designed for data-level
sparsity; and (ii) adaptive encoding tailored to each view. On top of this, we also ablate the CSR
module, which reweights the local features during the late fusion stage. Regardless of whether
the CSR module is applied, the results in Table 6 show that the proposed SAA, which leverages
adaptive autoencoders, remains effective and consistently achieves superior performance. Results
further confirm that the effectiveness arises from the synergy between adaptive encoding and sample
reweighting, rather than from the use of sparse autoencoders alone. Collectively, these findings
confirm that our method is robust to varying sparsity across views and that the SAA and CSR modules
function synergistically rather than independently.

Table 6: Ablation study on different components.

Components \ Datasets ALOI-100 Dermatology MSRCV1
ACC NMI PUR ‘ ACC NMI PUR ‘ ACC NMI PUR

all sparse autoencoders w/o CSR 78.56 88.92 81.12 71.37 74.38 86.03 91.90 88.56 91.90
all sparse autoencoders 80.42 89.19 82.44 89.11 78.37 89.11 92.38 88.61 92.38

adaptive autoencoders w/o CSR 81.04 89.58 83.17 88.83 78.23 88.83 95.71 92.69 95.71
adaptive autoencoders (Ours) 82.21 92.65 84.19 95.25 89.86 95.25 97.14 94.22 97.14




4.5 Parameter Sensitivity Analysis

We selected the temperature parameter 7 in Lcpa and the constraint ratio coefficient Acg, the ratio of
Lsaa to Lcpa, as the two parameters for analysis. Both coefficients were set to gradually increase
from 0.1 to 1.9 with a step size of 0.3.

19 <04
Aor o1

(a) Synthetic3d (b) Out-Scene (c) BRCA (d) MSRCV1
Figure 7: The bar chart of clustering accuracy varying with different values of 7 and Acg.

In Fig. 7, we can discover that the accuracy initially increases and then decreases as 7 increases,
remaining relatively stable within a range around 1.0. The influence of Acgr on clustering performance
is comparatively minor, with a negligible impact when 7 is within the range of 0.4 to 1.0. In light of
Sec. 3.3, Lcpa incorporates the smoothing property of the logarithmic function, which diminishes
the direct effect of Acr adjustments on the gradient. In contrast, changes to 7 significantly influence
clusters separability and alignment performance by modulating the nonlinear response of the softmax
function. A smaller 7 enhances class separability, while a larger 7 emphasizes global consistency.
Therefore, we set the default values of 7 and Acg to 1.0 in the loss function.

Our method is largely insensitive to hyperparameter changes. To begin with, significant performance
degradation only occurs when the temperature coefficient 7 < 0.4 or > 1.6. The extremely small
value of 0.1 is chosen to probe the lower bound of performance degradation and is rarely used in
practical applications. Furthermore, the performance fluctuation mainly occurs along the 7-axis,
whereas it remains relatively insensitive to changes in the constraint ratio coefficient Acg. In practice,
it is the relative weighting between loss terms that is more commonly adjusted. In addition, the
accuracy-axis was intentionally truncated to better highlight the differences, accentuating the visual
disparity. Finally, regarding the concern that hyperparameters are not easy to tune in practice, our
method maintains stable performance even under noticeable loss fluctuations, as illustrated in Fig. 6.

5 Conclusion

This paper highlights a frequently overlooked issue in deep multi-view learning: varying sparsity
ratios across views. Therefore, we systematically define, quantify, and analyze cross-view sparsity
variation as a fundamental characteristic of multi-view data. Our entire framework, SparseMVC, is
designed to handle view-level sparsity variations with a complete data-driven and tightly integrated
architecture. To tackle sparsity variation, we propose an adaptive encoding strategy that uses the
sparsity ratio of each view as prior knowledge, enabling the encoder to switch between standard
and sparse forms with appropriate constraint strengths. Additionally, we introduce a series of
interdependent mechanisms to mitigate the side effects of representational divergence caused by non-
uniform encoding. Specifically, a correlation-guided fusion strategy leverages global-to-local feature
relationships from the early stages to guide the weighting of local features in late fusion. Moreover, a
distribution alignment module structurally constrains the fused representations, enhancing cross-view
complementarity in the final stage. Comprehensive experiments and detailed dissections of each
module validate the efficacy of SparseMVC. We hope this work inspires greater attention to the
intrinsic characteristics of data and to the design of architectures driven by data.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly articulate the core problem addressed
by the paper, cross-view sparsity variations in multi-view clustering, and emphasize the
limitations of existing methods in handling this structural heterogeneity. The proposed
solution, SparseMVC, is concisely described as incorporating sparsity-aware constraints
and a view-adaptive autoencoder design. These claims are fully supported by both the
theoretical formulation and the experimental results across diverse datasets, including those
with extreme sparsity imbalance.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Please refer to Appendix F.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
Justification: Please refer to Appendix E.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Please refer to Section 4.1 for details on reproducing the main experimental
results presented in the paper.

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The data and code of the proposed algorithm will be uploaded in a zip file
along with the supplementary material. All baseline methods and datasets evaluated in the
paper are publicly available and can be reproduced by following the comparison protocol
outlined in Section 4.1.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (
) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

¢ The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (
) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Please refer to Sections 4.1 and 4.5 for details on the experimental settings and
hyperparameter configurations.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:
Justification: The paper does not report error bars.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

18


https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy
https://nips.cc/public/guides/CodeSubmissionPolicy

8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

¢ For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Please refer to Sections 4.1.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics ?

Answer: [Yes]

Justification: We have carefully reviewed the NeurIPS Code of Ethics and confirm that our
research fully complies with its principles.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: In the current field of artificial intelligence, there is an abundance of research
focused on meticulously refining models and methods. This paper serves as a reminder to
shift the focus toward more in-depth analysis of the inherent issues within the data itself,
encouraging the design of networks based on data characteristics.
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11.

12.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: Please refer to Section 4.1. All baselines and datasets employed in this paper
are appropriately cited.

Guidelines:
» The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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13.

14.

15.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets,
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing or research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used

only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy ( )
for what should or should not be described.
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For completeness, we include additional discussions and experimental details in the appendices. A
summary of the contents is listed below:

e Appendix A Algorithm and Comparison with Prior Work.

* Appendix B Further Experiments.

* Appendix C  Visualization.

e Appendix D  Computational Complexity.

* Appendix E  Theoretical Analysis.

* Appendix F  Limitations and Future Work.

A Algorithm and Comparison with Prior Work

A.1 Algorithm

The training procedure for SparseMVC is described in Algorithm (1).

Algorithm 1 Training Steps for SparseMVC

Input: Multi-view data { X U}le, cluster number K, and number of training epochs Epe, Econ.
Output: Late-stage fusion representation Y.

1: Initialize random seed and select Adam optimizer.

2: for epoch =1 : Eye + Egon do

3:  Update {Z,}Y_, by minimizing {£Z..,}"_; and {Lé’mmpy}}le utilizing Eqgs. (2) and (4).

recon Jv=1

4:  Update Z, formed by the concatenation of {Z,}"_,, utilizing Eq. (2) and Eq. (4).
5. if epoch > Ej. then

6: Update weights {W:}V_, by Eq. (9).

7: Update Y by minimizing Lcpa utilizing Eq. (13).

8: endif

9: end for

10: Perform K -means clustering on representation Y.

A.2 Comparison with Prior Work

To contextualize our contributions, we present a comparative discussion with representative dynamic
weighting methods proposed in the literature. Dynamic weighting has been widely explored in multi-
view learning, primarily through attention-based fusion mechanisms or optimization-driven strategies.
Methods such as GCFAgg [3] employ attention to emphasize discrepancies among local views,
aiming to refine feature alignment. Other approaches, including SPGMVC [63] and MAGCN [64],
enhance feature encoding or perform view-level aggregation to improve representational quality. In
parallel, techniques such as SCMVC [47], SCE-MVC [65] and TMC [66] utilize mutual information
[67] or probabilistic priors to adaptively assign importance to views or losses. Furthermore, recent
efforts have introduced view-invariant representations [46] and prototype-guided learning [52] to
mitigate cross-view variability. Despite these advances, existing methods often overlook the inherent
inconsistencies of sparsity between views, a phenomenon that can severely degrade the effectiveness
of fusion [8, 9, 68]. In contrast, our proposed approach is motivated by the need to explicitly
characterize and adapt to such cross-view sparsity variations. Specifically, our framework preserves
global features obtained during early fusion and integrates both global and local view representations
into the fusion process. The core of our design, the correlation-informed sample reweighting module,
dynamically adjusts fusion weights based on the learned correlation between global and local views,
thereby enabling fine-grained, sample-specific adaptation.

While MVASM [69] addresses the challenges of ambiguous class assignments in multi-view data by
introducing an adaptive sparse membership matrix, our method introduces adaptive autoencoders with
view-specific encoding strategies. Moreover, unlike existing techniques [70, 71, 72] that generally
apply static or view-level weighting schemes, our method performs late-stage fusion reweighting
conditioned on earlier global-local interactions. This design not only enhances fusion fidelity but also
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elevates sparsity modeling from the feature level to the view level, offering a principled solution to a
problem rarely addressed in the literature.

B Further Experiments

B.1 Dimension and Feature Compression

—e— ACC ~== NMI PUR ~e®= ARI —e— ACC ~== NMI PUR ~e®= ARI

Metrics
s

s
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(a) Out-Scene (b) MSRCV1 (c) Synthetic3d

Figure 8: The clustering evaluation metric curves with respect to feature (Z,) dimension variations.

We tested the dimensions of view-specific features Z,, extracted by the autoencoder, varying from 21
to 2'0 in Fig 8. The experimental results demonstrated that as the feature dimension increased, all
evaluation metrics (ACC, NMI, PUR and ARI) initially exhibited strong oscillations but progressively
improved, eventually stabilizing within a small and well-performing range.

From the perspective of information-theoretic [73], low-dimensional features have limited encoding
capacity that hinders capturing complex data patterns, whereas high-dimensional features offer
greater capacity but risk dimensional collapse [74]. The feature compression layers that we designed
compress and refine Z, into Y,,, mitigating the risks of overfitting and performance degradation
often seen in contrastive learning. Accordingly, the model can avoid the negative effects of excessive
dimensionality while leveraging its increased capacity for effective feature extraction. Ultimately, we
selected 64 as the dimensionality of Z,, to balance computation and feature capacity.

B.2 Selection of Scaling Factor

Table 7: Ablation study on scaling factor selection.

The external scaling factor the internal ratio coefficient MSRCV1 ALOI-100
f(sv) p Mean accuracy [Max accuracy]
Oorl 1-f(sv) 94.29 [95.71] 77.75 [80.39]
f(sv) 1-f(sv) 95.24 [95.24] 79.01 [80.08]
Oorl 0.05 95.71 [96.67] 80.82 [81.51]
F(sv) 0.05 97.14 [97.62] 82.21 [82.93]

To investigate the relative importance of the external scaling factor f(s,) and the internal ratio
coefficient p in modulating sparsity within the sparse autoencoder, we conducted a set of controlled
experiments in which one parameter was kept constant while systematically varying the other. This
decoupled analysis enables a clearer understanding of how each component contributes to the overall
behavior of the model. Empirical results, as shown in Table 7, demonstrate that allowing f(s,) to be
adaptively optimized while fixing p at a reasonable constant leads to superior performance in multiple
evaluation metrics. The smooth variation of the constraint strength is better than directly switching
between zero and one, which represents whether the sparse constraint is applied. In contrast, varying
p while keeping f(s, ) static yields relatively suboptimal results. These findings suggest that external
view-level scaling plays a more critical role in capturing cross-view sparsity dynamics, highlighting
the effectiveness of our adaptive design.

B.3 The large-scale datasets

To evaluate the effectiveness and generalization ability of our proposed method, SparseMVC, we
conduct additional experiments on large-scale datasets comprising over 8,000 samples, specifically
GSE [18] and Animal [75]. The GSE dataset encompasses multi-omics data across 27 categories,
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Table 8: Clustering results on the large-scale multi-view datasets.

Datasets GSE (8,200 samples) Animal (11,673 samples)
View Sparsity Ratio [0.877, 0.005] [0.589, 0.179, 0.355, 0.467]

Methods ACC NMI PUR ‘ ACC NMI PUR
MVCAN [CVPR’24] 71.40 75.41 72.29 12.06 10.25 15.48
SCMVC [TMM’24] 62.80 74.13 65.72 16.96 15.05 20.15
SparseMVC (Ours) 73.18 78.42 74.26 19.90 17.92 24.13

capturing a broad range of biological conditions, and is extensively utilized in bioinformatics research.
Meanwhile, the Animal dataset consists of image data featuring animals with diverse attributes,
spanning 20 categories. The detailed dataset information and comparison results, presented in Table 8,
highlight the performance of our approach against the latest two methods employed in our manuscript.
Clustering results on large-scale multi-view datasets further emphasize the superiority of our method,
demonstrating its promising applicability in other data environments and scenarios.

C Visualization

(a) (b) (©)

(d (e) ®

(2) X, features (h) Z features (1) Y features

Figure 9: The t-SNE visualizations of the original reconstruction features (5(\ v), the early fusion

features (Z), and the late fusion features (Y") on datasets: Dermatology (a-c), Synthetic3d (d-f), and
Out-Scene (g-1).
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Figure 9 uses t-SNE for dimensionality reduction, mapping high-dimensional feature vectors into
a two-dimensional space to facilitate a clearer and more insightful visualization of the distribution

and structure of the data. The visualization reveals that the original reconstruction data, X, exhibit
substantial interclass entanglement, with considerable overlap between different categories. In
contrast, the preliminary global features, Z,,, derived from autoencoder pretraining, show a notable
reduction in this entanglement, suggesting an early phase of disentanglement compared to the raw
features. Further refinement through multi-view alignment results in the final fused features, Yiopat,
which exhibit the most pronounced disentanglement, yielding well-defined, separate clusters. These
findings are further corroborated by the results in ablation analysis, which demonstrate that Ygjopar
consistently outperforms Z, in clustering tasks, particularly in distance-based methods like K-means.
This performance enhancement underscores the pivotal role of the multi-view alignment and fusion
process in improving feature separability and discriminative capacity, ultimately leading to more
accurate and meaningful clustering results.

D Computational Complexity

The total loss function, as defined in Eq. (14), includes two main terms: Lsaa and Lcypa. The term
Lsaa involves the reconstruction loss and the entropy-matching loss, both computed for each of the
V views, each containing N samples. Since the feature dimension F' is constant and does not affect
the computational scaling, the complexity of this term is determined by the number of views and
samples, resulting in O(V N). The term Lcypa requires pairwise similarity computations between N
samples. For each pair of samples, the dot product computation has a constant cost of O(1), leading
to a total complexity of O(NN?) for computing all pairwise similarities. The contrastive loss further
requires computing the numerator, denominator, and logarithmic terms for each sample, which does
not increase the overall scaling beyond O(N?). When combining both terms, the reconstruction and
entropy-matching losses contribute O(V ), while the pairwise similarity computations dominate
with O(N?) when N is sufficiently large. Thus, the overall computational complexity of the total
loss function is O(N?).

E Theoretical Analysis

When learning from heterogeneous multi-view data, structural disparities, especially in sparsity
patterns, present significant challenges to unified representation learning. Differences in modality,
sampling granularity, and view incompleteness lead to varying information densities across views,
making fixed encoder architectures and uniform loss formulations inherently suboptimal. To address
this issue, we propose the Sparse Autoencoder with Adaptive Constraints (SAA), which dynamically
adjusts the strength of sparsity constraints based on sparsity ratio s, of each view. This mechanism
enables the encoder to balance compression and expressiveness in a view-aware manner, thereby
facilitating the alignment of latent representations across structurally diverse views. In what follows,
we provide a preliminary theoretical foundation for SAA, organized around a set of key questions
that clarify its motivation, theoretical grounding, and coding formulation:

©® Why should the sparsity constraint be adaptive?
When dealing with views of varying characteristics, uniform treatment of data may result in
suboptimal representations, particularly when the model overly compresses informative in dense
views or overemphasizes noisy in sparse ones. Accordingly, by the principle of minimal redundancy
maximum relevance (MRMR), we can establish trade-offs between different views, balancing the
fidelity of reconstruction and the complexity of representation.

® What exactly are we coding or preserving?
Grounded in compressed sensing and optimally sparse representations [76, 77], we encode the es-
sential structure of sparse inputs, which, though embedded in high-dimensional space, intrinsically
conform to low-dimensional semantic subspaces. Therefore, sparse activation suffices to capture
their core features, with sparse coding providing a stable, efficient, and redundancy-minimizing
representation aligned with this inherent geometry.
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E.1 Why should sparsity constraints be adaptive?

MRMR Principle in Unsupervised Representation Learning The minimal redundancy maximum
relevance (MRMR) principle aims to learn a set of features that preserves as much information about
the input as possible, while minimizing redundancy among the features. In the context of multi-view
autoencoders, let the hidden representation of view v be HY = {h},..., hY;}. We formalize the
MRMR objective as follows:

max | I(H';X") — 8" I(hi:h3) } (15)

77 ¥l
Max—Relevance 7]

Min-Redundancy

where I(-;-) denotes mutual information. The first term encourages the hidden representation to
capture the core information of the input data, while the second term penalizes redundancy among
the hidden units. The parameter 3 > 0 balances relevance and redundancy.

Equivalence of Max—Relevance and Reconstruction Loss An autoencoder minimizes the mean
squared reconstruction error, which can be shown to be equivalent to maximizing the mutual informa-
tion between its code and the input, up to an additive constant. Specifically, the following chain of
equalities can be written:

recon = Z H _X;”Q

~ —Exwxv [log po(x | g4(x))] + C

~—I(H";X") 4+ C,
where the first approximation uses a Gaussian likelihood with fixed variance to relate MSE to log-
likelihood, and the second uses the identity I(H"; XV) = H(X") 4+ E[log pp(x | h)] — C. Thus,
minimizing £, is equivalent to maximizing I(H"; X"), realizing the MRMR max-relevance
criterion. Equation (16) captures the full derivation in one display.

(16)

Equivalence of Min—Redundancy and Sparse KL Divergence Starting from the sparsity con-
straint term based on the entropy-matching loss in (15):

H
ZI hi; hy) ZDKL(pHiLz)
k=1

i#j

H 1
:Z{pln%—&-(l—p)ln Apv (17)
=1 hi L=hy

H
~—Y H(hy)+Clp),
k=1

where each hidden activation A is treated as Bernoulli(p), and D, (p||2%) is the KL divergence as
defined in [40]. Thus, minimizing the sparse KL divergence is equivalent to minimizing redundancy
among hidden units, according to the minimal redundancy objective of MRMR.

Derivation of the Adaptive Sparse Autoencoder Loss Substituting (2) and (4) into the MRMR
formulation (15), and setting 5 = f(s,) to adapt to the sparsity s, of view v, we obtain:

min [1(E"XY) = f(5,) > 1007 05)] = min [ Lecon + 160 Dralo | )]
i k=1 (18)
= 10| Llocon + Liparsc

where by definition:

Loparse = £ EH:[ +(1-p)In 11_;2;], (19

k=1
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and consequently:
14
Lsaa = Z (‘Cfecon + ‘C:parse> : (20)

v=1

Conclusion Egs. (2) and (19) concretely instantiate the MRMR criteria of max—relevance and
min—redundancy within the SparseMVC framework. By setting the redundancy coefficient 5§ = f(s,),
the penalty based on KL divergence for each view is automatically scaled according to its measured
sparsity s,, thereby establishing a principled, data-driven balance between information preservation
and redundancy reduction. This adaptive approach is both logical and essential: views with low
intrinsic sparsity may already encode compressed information, requiring less stringent sparsity
enforcement, while denser views, which often contain redundant or noisy components, benefit from
more robust regularization. Thus, adaptively modulating the sparsity constraint ensures an optimal
trade-off between retaining critical information and minimizing redundancy.

E.2 What exactly are we coding or preserving?

This question is essentially an analysis of the rationality and effectiveness of using sparsity
constraint and sparse autoencoder to represent sparse data. Sparse data is typically characterized
by low information density, where only the nonzero entries convey structural information. This
observation leads naturally to the principle that representations of sparse inputs should also be sparse,
activating only the minimal subset of neurons corresponding to the nonzero dimensions, thereby
aligning the sparsity of the input with the representational sparsity. Why does sparse coding offer
a more principled and effective encoding than conventional dense mappings for data riddled with
zero-valued? In the following, we address this question from the perspective of compressed sensing
and optimally sparse representations.

Sparse Input Decomposition Let the j-th sample in view v be denoted as:
2y €R™, afllo =k < n”, 1)

with support Q = {i | z¥, # 0}. We decompose ¥ as follows:

vo__
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In sparse coding, the goal is to represent sparse inputs accurately by learning a compact and informa-
tive latent representation. The reconstruction error represents the difference between the original input
and its approximation from the learned representation. In the case of sparse inputs, the information is
mainly contained in the non-zero elements, while the zero elements carry no information. Therefore,
it is important to split the reconstruction error into components corresponding to the non-zero and
zero elements. This allows for more efficient learning by focusing only on the non-zero components.

Let the dictionary D¥ € R™ *™" represent the basis for the sparse representations and let aj be the
coding feature for the j-th sample in view v. The original input 2 can be decomposed into two parts
based on its support €2, which is the set of indices where the input is non-zero, and its complement
Q¢, where the input is zero. This decomposition allows us to calculate the reconstruction error for
each part separately.

Reconstruction Error Splitting The reconstruction error can be split into two parts, one for the
non-zero components (support set {2) and one for the zero components (complement set 2€):

|z — D" aé’H% = ||z} o — Dg 04})”% + [|2] ge — De 04;”% 23)
= |2} g — Dg o3 + | D& af |13,

In the above equation, the first term represents the error due to the non-zero part of the input
(corresponding to the support set €2), and the second term represents the error for the zero components
(the complement set 2¢). The second term is expected to be small, as we assume that the input has
only a few non-zero entries.
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Support Restriction To enforce the sparsity of the representation, we impose a restriction on the
model such that the reconstruction error from the zero components is forced to be zero. This can be
achieved by setting the corresponding coefficients for the zero entries in the input to be zero as well:

Geaf =0

This ensures that the model does not fit the zero parts of the input, effectively restricting the fitting
process to the non-zero support:

|28 — D aj||5 = ||#% o — Dgay 3. (24)

By enforcing this constraint, we ensure the model’s effort is focused only on learning the most
informative parts of the input, which leads to a more efficient and meaningful representation. This is
particularly useful in scenarios where inputs are sparse, ensuring that the learned representation is
both stable and sparse, capturing the essential structure of the data.

Sparse Coding and Recoverability Our focus is on probing the sparse coding problem:

2
min ||z¥ o — Do 25
HauogsH 7o~ D, @)
where s < m". Compressed sensing theory asserts that when D¢, satisfies the Restricted Isometry
Property, any sufficiently sparse vector can be stably recovered [77]. Additionally, optimally sparse
representation, as defined by Donoho and Elad [76], guarantees that if:

1
5 < 3 spark(Dg’l), (26)
then the solution )
af* = arg Hnﬁig |2% o — Dhal;, (27)
x||l0SS

is both unique and recoverable. This guarantee underpins the choice of sparse coding for inputs that
are themselves sparse, ensuring fidelity and stability.

Implementation via Sparse Autoencoder In a standard autoencoder, the encoder generates the
following activation:

hy =o(W'z% 4+ b"). (28)
In conventional dense encoding, each sample—regardless of the fact that only a small fraction of
its dimensions are nonzero—is mapped to a fully dense hidden representation. Consequently, the
encoder is forced to infer missing dimensions, leading to the creation of spurious relationships that
misrepresent the true structure of the data. In contrast, sparse inputs lie within a low-dimensional
subspace or manifold embedded in the high-dimensional ambient space. To address this, we introduce
the sparsity loss term as described in Eq. 4, where:

N
hi == o(Wiz! +by), (29)

Jj=1

enforces an average activation hy ~ p < 1, directly implementing the {y-like constraint in a
differentiable form. Even when input data exhibit substantial missing entries, as long as the underlying
signal admits a sparse representation, a sparse autoencoder can recover that representation through its
activation patterns and thereby extract the essential features.

Conclusion Sparse inputs, represented by ||z ||o in Eq. 21, naturally reside in low-dimensional
semantic subspaces. By constraining the reconstruction to the nonzero support in Eqgs. 23-24
and utilizing compressed sensing principles along with spark-based recoverability, as outlined in
Eqgs. 25-26, we ensure the existence of a unique and stable sparse code a*, as shown in Eq. 27.
The sparse autoencoder achieves this by integrating the KL-divergence sparsity penalty with the
reconstruction objective, effectively activating only the minimal set of neurons corresponding to
the active dimensions. This process leads to a compact, minimally redundant representation that
accurately captures the data’s intrinsic subspace structure. Collectively, these theoretical foundations
rigorously validate the empirical success of the Sparse Autoencoder with Adaptive Constraints (SAA)
and emphasize its role in facilitating sparsity-aware multi-view representation learning.
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F Limitations and Future Work

While effective in addressing cross-view sparsity variations, the current approach has several limi-
tations that suggest directions for further improvement. To begin with, SparseMVC demonstrates
strong performance across a variety of multiview data, but its effectiveness in real-world applica-
tions with noisy or incomplete scenarios remains to be fully explored. Additionally, the use of
contrastive learning inherently introduces computational overhead, making it unlikely to rank among
the fastest available approaches. Moreover, the framework assumes well-aligned views, whereas
slight inter-view misalignment may occur in real-world scenarios.

A potential direction for future work is to incorporate structural information across views, which
can be modeled through priors such as graph connectivity, inter-view relational graphs, or mutual
information constraints—techniques that have been extensively explored in prior multi-view repre-
sentation learning research. In contrast, the present study primarily focuses on feature-level sparsity
and its adaptive regularization, rather than modeling explicit structural dependencies. Incorporating
structural priors may further enhance representation quality, particularly in scenarios where inter-view
relationships are semantically meaningful.
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