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Multi-view subspace clustering method based on tensor low-rank learning

SHI Desheng®, XU He'?, LI Peng™?
(1.School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023;)

(2Jiangsu HPC and Intelligent Processing Engineer Research Center, Nanjing 210023)

Abstract: Multi-view clustering is a kind of machine learning technique, with the potential to enhance
the efficacy of clustering by integrating information from multiple sources. However, existing methods
encounter limitations when dealing with multiview data, due to an inability to fully utilise the intrinsic
correlation between the tensor low-rank representation and the affinity matrix, as well as
under-performance in dealing with missing data, noise and outliers.To address these limitations, this
paper proposes a multi-view sub-space clustering method based on tensor low-rank learning. The
proposed method explores higher-order correlations between data points more thoroughly and
accurately identifies the structure of the data by imposing low-rank constraints on data samples.
Additionally, tensor singular value decomposition and weighted tensor kernel paradigm minimization
method are employed to optimize the affinity matrix, transforming the clustering problem into a convex
optimization problem to solve. This ensures the robustness and efficiency of the model. Furthermore,
the method has been shown to effectively capture the intricate correlations present in multi-view data,
thereby facilitating the identification of potential sub-space structures with greater precision. Extensive
experimental evaluations have been conducted, using four distinct benchmark datasets, to assess the
performance of the proposed method. The experimental results show that our method outperforms
existing methods on four benchmark datasets, with high accuracy and robustness.

Key words: Multi-view clustering; tensor low rank; subspace clustering; high-order correlation
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Fig. 1 Model of subspace clustering based on tensor low—rank learning
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Purity = — (25)
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ETLMSC(Essential Tensor Learning for Multi-view Spectral Clustering)[40]: 4% 3+ /R
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MLAN (Multi-View Clustering and Semi-Supervised Classification with Adaptive Neighbors)
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# 3 Yale Database SLIGZER
Table 3 Yale Database experiment results

Yale Database

Jii2: .
ACC NMI Purity F-score Recall AR
t-SVD-MSC  0.87440.013 0.91840.010 0.883%0.012 0.83440.020 0.865%0.018 0.83240.002
ETLMSC  0.65940.042 0.697#0.038 0.659+40.043 0.533#0.044 0.55040.048 0.501+40.021
WTNNM 0.83240.000 0.882#0.000 0.911#).000 0.86140.000 0.831+4).000 0.840+0.000
MLAN 0.59440.000 0.493#0.000 0.665#0.001 0.31240.003 0.428+4).016 0.25340.004
ACHyE 0.98140.000 0.97740.000 0.98140.000 0.96320.000 0.96440.000 0.960+0.000
Z#& 4 UCI-Digits Databas SEIHZER
Table 4 Results of UCI-Digits Databas Experiments
= UCI-Digits Database
Jii: .
ACC NMI Purity F-score Recall AR
t-SVD-MSC  0.965#0.000 0.91940.000 0.965#0.000 0.93540.000 0.92240.000 0.918+0.000
ETLMSC  0.94240.000 0.902#0.000 0.94240.000 0.905#0.000 0.88740.000 0.879+0.000



WTNNM  0.98440.000 0.96240.000 0.98240.000 0.97240.000 0.970+40.000 0.97020.000
MLAN 0.72140.006 0.71040.006 0.77140.006 0.72020.047 0.76740.007 0.70620.006
AICH7E 0.99540.000 0.98640.006 0.99540.000 0.99040.000 0.99040.000 0.988+0.000

# 5 ORL Database LI 45R
Table 5 ORL Database experiment results

ORL Database
ACC NMI Purity F-score Recall AR
t-SVD-MSC  0.96240.008 0.99040.003 0.973#0.006 0.96040.009 0.97940.006 0.95940.001
ETLMSC  0.95840.024 0.93140.005 0.97040.016 0.96040.020 0.98440.010 0.95940.002
WTNNM 0.98240.00  0.991+40.000 0.99140.000 0.99040.000 0.99040.000 0.990=0.000
MLAN 0.56540.002 0.79840.000 0.652#0.001 0.27740.021 0.65740.001 0.25040.024
ASCTE S 0.98620.000 0.99140.000 0.96740.000 0.99040.000 0.990+0.000 0.988=0.000

Trik

# 6 ORL Database SLIE4ER
Table 6 ORL Database experiment results

BBC Sport Database
ACC NMI Purity F-score Recall AR
t-SVD-MSC  0.55640.000 0.51240.000 0.64940.000 0.50040.000 0.51040.000 0.396=0.000
ETLMSC  0.64240.000 0.61040.000 0.73940.000 0.42140.001 0.41040.003 0.390=0.000
WTNNM  0.573#0.000 0.53140.000 0.65540.000 0.51240.000 0.52040.000 0.41440.000
MLAN 0.24340.000 0.39540.000 0.420%0.001 0.11020.000 0.48040.003 0.009+0.001
ASLTE 0.86720.000 0.86540.000 0.90440.000 0.84140.000 0.845+0.000 0.8690.000

Tk

%% 7 3source Database SEIGZ5ER
Table 7 Experimental results of 3source Database

3source Database
ACC NMI Purity F-score Recall AR
t-SVD-MSC  0.55840.004 0.43840.009 0.62440.012 0.498+40.000 0.509+40.000 0.39520.000
ETLMSC  0.529#0.008 0.61040.002 0.56540.000 0.73940.000 0.617+40.000 0.53940.000
WTNNM  0.84140.000 0.900#0.001 0.6272+40.000 0.810#0.000 0.83320.000 0.810+0.000
MLAN 0.17240.001 0.154#0.001 0.19240.001 0.47520.000 0.59240.000 0.34740.000
A3LJ7iE 0.88440.000 0.93840.000 0.86540.002 0.83740.000 0.83440.000 0.82540.000

Ttk

%% 8 Scene-15 Database SEI 45 R
Table 8 Scene—15 Database experiment results

Scene-15 Database
ACC NMI Purity F-score Recall AR
t-SVD-MSC  0.89240.000 0.91940.000 0.92240.000 0.883#0.000 0.89240.000 0.87440.000
ETLMSC 0.87140.000 0.89140.000 0.906#0.000 0.853#0.000 0.89240.000 0.84240.000
WTNNM 0.90149.001 0.93140.000 0.93140.000 0.901+40.000 0.833#0.000 0.891+0.000
MLAN 0.34240.003  0.49340.003 0.35440.002 0.26240.003 0.74040.043 0.16740.045
ATTE 0.97140.000 0.9906#40.000 0.975#0.000 0.987#40.000 0.98740.000 0.986+0.000

45 LWHERE SR
SIS g R, Tk B R 2T V(A t-SVD-MSCLETLMSC . WTNNM F1 TLR-MVSC)

Jiik
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