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2.View sparsity ratio in multi-view datasets：

We explicitly identify, analyze, and define the problem of cross-view sparsity variations in multi-view data,

Identify problem, solve problem.

1.Multi-view clustering：Multi-view refers to data composed of multiple views from distinct sources. 
Clustering, which emphasizes unsupervised learning, essentially treats clustering algorithms as probes 
to assess the representational performance of the features extracted by the network.

and to propose a dedicated framework SparseMVC that offers a targeted and principled solution.
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1. Multi-view data consist of 
multiple distinct data sources.

2. Sparsity is a prevalent 
characteristic in multi-view data.

For a single dataset, does sparsity variation 
exist among the internal views?

Exist and 
exist widely

• Top box plot: Distribution, median (orange line), interquartile range (box), outliers (outside whiskers). 
• Bottom bar plot: Sparsity ratios for each view in the datasets.
• The sparsity ratios in Figure are transformed using the sigmoid function, which shifts the baseline from 0 (the 

bottom of the image) to 0.5 (the middle of the image) for better visualization, as many views have very small 
sparsity values (less than 0.01) that would be hard to see with the original scale.

Sparsity ratios across views in multi-view datasets.

Identify problem：cross-view 
sparsity variations
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• Above table demonstrates that SparseMVC maintains robust performance across datasets with 
significant sparsity differences (e.g., a 6000-fold disparity between the maximum and minimum view 
sparsity ratios in ALOI-100) as well as those with minimal sparsity variations (e.g., no view sparsity 
differences in Synthetic3D).

Motivation Method Experiment Conclusion

T-SNE 
visualization 

for comparison
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solve problem：cross-view sparsity variations

Overview of SparseMVC
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How to enable autoencoders to 
adaptively encode features?

How to mitigate the side effects 
of encoding discrepancies?

How to align feature distributions 
across multiple views?

Part 1. Sparse autoencoders 
with constraints that vary 

based on view-level sparsity

Part 2. Correlation weights based on the early-
fused global and view-specific features

Part 3. Sample pairs 
distribution alignment based 

on contrastive learning

• SparseMVC is specifically designed to handle view-level sparsity variations, a prevalent yet underexplored 
characteristic of multi-view data, through a complete data-driven and tightly integrated architecture.
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• To address the sparsity variations across views within a dataset, we propose an adaptive encoding strategy that 
allows the encoders to automatically transition between standard and various degrees of sparse encoding

Part 1.

We use the sparsity ratio of each 
view as prior knowledge:
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SparseMVC
Algorithm

Part 2.

Part 3. 

• To mitigate the enlarged representation gap caused by heterogeneous encoding, we incorporate a correlation-
guided fusion strategy that leverages global-to-local feature relationships established in the early encoding stage 
to guide the weighting of local features during late fusion.

• View distribution alignment 
based on contrast (with arbitrary 
view numbers).
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Out-Scene
big dataset

MSRCV1
small dataset

Convergence AnalysisComparative Results
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Ablation Study

1.Loss Function

2.Network Components
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1.Feature (Zv) dimension
/Latent space size 
Sensitivity Analysis

2.Loss Function 
Parameter 

Sensitivity Analysis
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Limitations：
l SparseMVC does not incorporate a targeted design or specialized mechanisms to address 

view misalignment and random view missingness;
l the use of contrastive learning inherently introduces computational overhead, making it 

unlikely to rank among the fastest available approaches.

Conclusion：
l This paper highlights a frequently overlooked issue in deep multi-view learning: varying 

sparsity ratios across views;
l We systematically define, quantify, and analyze cross-view sparsity variation as a 

fundamental characteristic of multi-view data;
l 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;

l We hope this work inspires greater attention to the intrinsic characteristics of data and 
to the design of architectures driven by data.


