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Tensor Train Decomposition
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(School of Automation, Guangdong University of Technology , Guangzhou 510006, China)

[ Abstract] Non-negative Tensor Train(NTT) decomposition,as an important fensor decomposition model, can preserve
the internal structure’ information of data and is widely used in feature extraction and representation tasks of high-
dimensional data. From the perspective of manifold learning, high-dimensional data information is usually latent in the
nonlinear manifold structure in low-dimensional space. However, existing graph learning theories can only model
pairwise relationships between objects, and accurately portraying the similar relationships of high-dimensional data with
a complex manifold structure is difficult. By introducing hyper-graph learning, this study proposes a Hyper-Graph
regularized Non-negative Tensor Train(HGNTT ), decompasition method for extracting low-dimensional representations
from high-dimensional data while describing the higher-order relationships between sample data points by constructing
hyper-graphs, thereby preserving the nonlinear manifold structure. Moreover, a Multiplicative Update (MU) method is
used to optimally solve the HGNTT model and prove its convergence. Clustering experiments on two publicly available
datasets, ORL and Faces95, show .that\the clustering accuracy and Normalized Mutual Information (NMI) of the
HGNTT method improves by 1:2%-7.6% and 0.2%-3.0%, respectively, compared with those of NMF and GNMF,
thereby validating the effectiveness'of the HGNTT method.
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Update(MU ) method;clustering analysis
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Table 3 Clustering accuracy on different subsets

of the ORL dataset %

K k-means NMF GNMF HNMF HGNTD NTT GNTT HGNTT

10 9540 91.50 92.00 95.67 95.00 92.50 94.50 96.00
15 84.00 83.67 86.67 89.56 89.33 85.33 89.67 91.56
20 77.25 80.00 81.00 82.50 86.17 79.25 86.25 87.15
25 73.40 78.20 80.80 80.40 83.60 78.60 82.40 85.80
30 71.83 74.00 77.50 78.67 79.78 75.17 79.67 80.17
35 6843 70.78 73.86 73.52 7591 72.86 76.34 76.72
40  67.75 68.25 72.25 70.25 7392 69.88 74.25 73.88

Avg 76.86_ 78.06 80.58 81.51 83.39 79.08 83.30 84.47

F4 FHORLEEEMAEFELENA—ULERE
Table4 Normalized mutual information

on different subsets of the ORL dataset %

K __k-means NMF GNMF HNMF HGNTD NTT GNTT/HGNTT
10 9470 9223 91.04 94.66 93.68 9137 93.06. 95.29
15 91.03 90.83 91.24 9279 92.89 89.85792.86 92.96
20 87.86 88.50 88.85 89.98 91.30 88.28 91.13 91.64
25 8546 88.50 89.13 88.20 90.17/ 86.70 8951 90.38
30 84.44 8557 8855 8936 89.24 8471 88.45 89.41
35 85.11 8492 87.23 86.68 88.16 85.89 88.10 87.96
40 8471 83.77 86.13 B84.84 87.68 85.04 87.31 86.84
Avg 87.62 87.76 [88.88.. 89.50 90.44 87.41 90.06 90.64

R5 TEFacesSHBENARFELNRLERE
Table 5 Clusteringaccuracy on different subsets

of the Faces95 dataset %

K k-means NMF GNMF HNMF HGNTD NTT GNTT HGNTT
10 761.25 5775 61.25 61.85 66.50 64.75 68.75 70.00
20 46.38  49.88 52.00 47.63 53.00 56.25 52.50 54.25
30 50.67 4858 53.03 51.50 53.83 52.83 5342 56.50
40  49.00 48.50 51.25 4738 51.33 50.19 51.56 53.44
50 4635 46.55 49.30 47.60 50.20 47.85 50.00 50.85
60 4570 46.17 46.52 46.42 46.89 46.29 46.67 47.54
Avg 49.89 4841 5223 5040 53.63 53.03 53.82 55.43

FR6 TEFacesOSHBEMNARAFELMA—ULERSE
Table 6 Normalized mutual information

on different subsets of the Faces95 dataset %

K k-means NMF GNMF HNMF HGNTD NTT GNTT HGNTT

10 65.84 61.44 68.27 6432 69.82 65.54 68.72 69.91
20 60.75 61.89 64.66 61.13 63.98 67.36 63.98 64.36
30 67.37 64.68 69.03 66.15 68.57 68.64 68.14 69.22
40  69.77 67.08 69.97 67.03 69.22 67.50 69.63 70.26
50 6851 68.00 69.42 67.76 69.95 68.83 69.45 70.06
60 69.13 68.71 69.05 68.90 69.14 69.15 68.93 69.52

Avg 6690 6530 68.40 6589 6847 67.84 68.14 68.89
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