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Orthogonal Basis-Based Multiview Transfer Spectral Clustering
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[ Abstract] The consistency of multiview data is important for multiview clistering.To-achieve multiview data with better
consistency , this paper proposes a new multiview clustering algorithm , OMTSC.The OMTSC algorithm simultaneously learns
the cluster assignment matrix and feature embedding of each view.Each,cluster assignment matrix can be decomposed into
shared orthogonal basis-cluster coding matrices.An orthogonal basis matrix.can capture and store consistent multiview data
and form latent cluster centers.A weighted multiview cluster coding matrix can balance the quality differences of different
views effectively. Meanwhile, bipartite graph co-clustering is introduced to realize knowledge transfer, which involves
clustering coding, feature embedding, and the orthogonal basis. Thisimproves the multiview data consistency and diversity
learning, as well as allows the OMTSC algorithm todeverage the diversity of feature embedding for maximizing multiview
consistency and learning the optimal latent cluster centersythus further improving the performance of multiview clustering.
In addition, feature embedding based on group spatse constraints is robust to noise in view data.Experimental results on
WikipediaArticles, COIL20,and ORL datasetsyshow that the OMTSC algorithm is superior to SC-Best, Co-Reg, and advanced
multiview clustering algorithms, and that it yields'the highest score in all three evaluation indexes,i.e., the ACC,NMI, and
ARI on COIL20 and ORL datasets, the,NMTyevaluation index for the OMTSC algorithm exceeds 0.9.
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Table 2 Clustering results of different algorithms in

WikipediaArticles dataset

Rk ACC NMI ARI
SC-Best 0.584+0.01 0.546+0.01 0.414+0.01
AASC 0.567+0.00 0.524+0.00 0.325+0.00
AWP 0.459+0.01 0.317+0.01 0.238+0.01
CoReg 0.508+0.01 0.444+0.01 0.402+0.01
MVGC 0.599+0.00 0.530+0.00 0.407+0.00
MVGL 0.586+0.00 0.545+0.00 0.387+0.00
RMSC 0.602:£0.00 0.496+0.00 0.407+0.00
NESE 0.462+0.00 0.381+0.00 0.287+0.00
OMTSC 0.626=0.01 0.566=0.00 0.464+0.01
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Table 3 Clustering results of different algorithms in

COIL20 dataset

873 ACC NMI ARI
SC-Best 0.73420.01 0.827+0.01 0.682:+0.02
AASC 0.79120.00 0.893£0.00 0.763=0.00
AWP 0.6800.00 0.877+0.00 0.7120.00
CoReg 0.683+0.04 0.7820.02 0.628+0.03
MVGC 0.790+0.03 0.887+0.01 0.742+0.03
MVGL 0.784+0.00 0.885+0.00 0.754+0.00
RMSC 0.775+0.01 0.860+0.00 0.738+0.01
NESE 0.852:0.00 0.921+0.00 0.821+0.00
OMTSC 0.861:+0.02 0.931+0.01 0.831+0.02
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Table 4 Clustering results of different algorithms in

ORL dataset
Bk ACC NMI ARI
SC-Best 0.669+0.00 0.763+0.00 0.678+0.00
AASC 0.762+0.01 0.867+0.01 0.629+0.02
AWP 0.715+0.00 0.856+0.00 0.663+0.00
CoReg 0.715+0.00 0.853+0.00 0.602+0.00
MVGC 0.783+0.00 0.894+0.00 0.708+0.00
MVGL 0.713+0.00 0.838+0.00 0.460+0.00
RMSC 0.723+0.03 0.872+0.01 0.645+0.03
NESE 0.713+0.00 0.846+0.00 0.604-+0.00
OMTSC 0.811+0.01 0.908+0.01 0.746+0.02
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Fig.1

Clustering performance of OMTSC algorithm on ORL and WikipediaArticles datasets with different parameters
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