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Generative Model For Partial Multi-view Clustering

ZHAO Bo-Yu' ZHANG Chang-Qing"? CHEN Lei** LIU Xin-Wang' LI Ze-Chao® HU Qing-Hua'

Abstract There has been a growing interest in multi-view clustering over self-representation-based subspace clus-
tering. Most existing algorithms assume that all views for each sample are available. However, in real applications,
some views may be missing which produces data with partial views. To cluster the incomplete data, we propose a
generative model to simultaneously perform view imputation and multi-view subspace clustering in a unified frame-
work. Specifically, the missing views are generated by a latent representation which is constrained by the observed
views. Moreover, multi-rank tensor is employed to explore the higher-order correlations across different views. In
this way, the correlations across different views and all samples even with incomplete views are simultaneously ex-
plored by the latent representation and high-order tensor. We solve the optimization problem by using augmented
Lagrangian alternating direction minimization (AL-ADM) method. Experimental results on real-world datasets
demonstrate the superior performance and robustness of our method over state-of-the-art multi-view clustering al-
gorithms.
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Fig.1

Tlustration of generative model for partial multi-view clustering (GM-PMVC). Given incomplete multi-view data,

we simultaneously model latent space H by P(X|H) and generate complete feature based on latent representation. Ac-
cording to the completed data, GM-PMVC integrates subspace representation into a tensor which can effectively explores
higher-order correlations equipped with low-rank constraint
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Fig.2  Results (mean =+ std) in terms of accuracy and NMI on four datasets with different missing rate
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Table 2 Algorithm running time comparison (s)
Algorithms ORL yaleB
MIC 84.67 143.30
IMG 83.02 169.38
PVC 120.68 404.82
DAIMC 157.76 191.27
SRLCs 93.21 193.36
t-SVD-MSC 56.77 107.03
Ours 180.90 288.50
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