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Double-layer Multi-view Subspace Clustering with Joint Low-rank
Representation and Sparsity Constraint
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Abstract ; Multi-view clustering is the use of multiple different description of the data set to the same class of similar data
together as far as possible. Among them, multi-view subspace clustering is a kind of clustering method to deal with high-
dimensional data. The current approach is to solve the multi-view subspace clustering problem by constructing the affinity
matrix on each view separately. The importance of the combination of low-rank representation and sparse constraints in
constructing the adjacency matrix is not considered. In order to solve this problem, this paper proposes a double-layer
multi-view subspace clustering with joint low-rank representation and sparsity constraint,so that it can describe the data
itself more comprehensively, so as to achieve more effective clustering. For the low-rank representation and sparsity
constraint optimization problems related to each view, we use ADMM method to solve them. Finally, experiments are
conducted on multiple data sets,and it is found that the clustering performance of the proposed algorithm is better than
the existing multi-view subspace clustering algorithm. It is proved that the combination of low rank representation and
sparse constraint can improve the accuracy of clustering.
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Table 2 Comparison of clustering performance

Kl g GRS NMI ACC PURITY BT E/ s
sC 0.126(0.022) 0.425(0.012) 0.469(0.020) 0.077
MCGC 0.636(0.000) 0.832(0.000) 0.832(0.000) 0.693
MVGL 0.708(0.000) 0.726(0.000) 0.762(0.000) 0.242
BBCSport RMSC 0.415(0.000) 0.566(0.000) 0.610(0.000) 4.266
WMSC 0.471(0.002) 0.611(0.002) 0.680(0.002) 0.090
SWLRSC 0.021(0.000) 0.356(0.000) 0.241(0.000) 2.856
DMVSC 0.692(0.005) 0.835(0.596) 0.798(0.008) 9.866
sC 0.637(0.020) 0.700(0.036) 0.514(0.020) 1.048
MCGC 0.752(0.000) 0.753(0.000) 0.791(0.000) 17.311
MVGL 0.824(0.054) 0.857(0.000) 0.857(0.000) 73.598
uci-digit RMSC 0.248(0.004) 0.257(0.000) 0.332(0.005) 101.621
WMSC 0.868(0.000) 0.841(0.000) 0.866(0.000) 0.453
SWLRSC 0.809(0.000) 0.850(0.000) 0.614(0.000) 2 657.000
DMVSC 0.796(0.023) 0.859(0.055) 0.773(0.050) 275.304
SC 0.411(0.034) 0.478(0.040) 0.595(0.031) 0.169
MCGC 0.553(0.000) 0.734(0.000) 0.763(0.000) 0.361
MVGL 0.561(0.000) 0.727(0.000) 0.763(0.000) 1.051
3-sources RMSC 0.393(0.009) 0.394(0.005) 0.594(0.008) 0.513
WMSC 0.417(0.005) 0.424(0.005) 0.601(0.005) 0.061
SWLRSC 0.602(0.000) 0.704(0.000) 0.672 6(0.000) 9.115
DMVSC 0.615(0.040) 0.635(0.075) 0.677(0.062) 2.697
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%3 2 Table 2 continued

VG ik NMI ACC PURITY BT/ s
sC 0.592(0.051) 0.680(0.068) 0.695(0.056) 0.253

MCGC 0.632(0.000) 0.742(0.000) 0.747(0.000) 0.772

MVGL 0.721(0.000) 0.747(0.000) 0.776(0.000) 1.835

MSRC_v1 RMSC 0.691(0.006) 0.744(0.002) 0.797(0.002) 0.708
WMSC 0.710(0.007) 0.762(0.003) 0.798(0.006) 0.228

SWLRSC 0.504(0.000) 0.605(0.000) 0.377(0.000) 10.505

DMVSC 0.694(0.039) 0.776(0.045) 0.665(0.043) 1.931

sC 0.024(0.001) 0.180(0.001) 0.184(0.002) 2.537

MCGC 0.390(0.000) 0.559(0.000) 0.559(0.000) 39.763

MVGL 0.298(0.000) 0.446(0.000) 0.446(0.000) 281.372

Outdoor-Scene RMSC 0.134(0.000) 0.240(0.000) 0.278(0.000) 292.527
WMSC 0.631(0.010) 0.630(0.010) 0.659(0.002) 1.378

SWLRSC 0.357(0.000) 0.399(0.000) 0.694(0.000) 2 840.930

DMVSC 0.486(0.000) 0.657(0.000) 0.496(0.000) 720.175
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