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Algorithm for Subspace Clustering
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Abstract  Tensor decomposition is a powerful computational tool for analyzing multi-dimensional data. The
traditional Tucker decomposition models are generally proposed based on the isotropy hypothesis, meaning that the
factor matrices are learned in an equivalent way for all modes (such as orthogonal or non-negative constraints),
which is not suitable for the heterogeneous tensor data. We propose a low-rank regularized heterogeneous tensor
decomposition (LRRHTD) model for subspace clustering. The core idea of LRRHTD is that we seek a set of
orthogonal factor matrices for all but the last mode to map the high-dimensional tensor into a low-dimensional latent
subspace. In the meantime, we seek the lowest-rank representation of the original tensor by imposing a low-rank
constraint on the last mode, in order to reveal the global structure of samples for the purpose of clustering. We also
develop an effective optimization algorithm based on augmented Lagrangian multiplier to solve our proposed model.
Experiments on two public datasets demonstrate that the proposed method reaches convergence within a small
number of iterations and achieves promising clustering results in comparison with state-of-the-art methods.
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Table 1 Flow chat of LRRHTD algorithm

Algorithm 1 LRRHTD

RIIXIZXWX,IWXN

Input: data tensor X €
Initialize: Q°=0, Y=0, =10

s parameter Y

Lt =107, $=1.3

1. Initialize factor matrices Ay ;A2 A3, Ay -Z
2. Fix the others and update G by Eq. (3)

3. form=1,2,+,M do

4 for t=0,1,2,+ do

5. Fix the others and update A%, by Eq. (12)
6 end for

7. end for

8. for k=0,1,2,+ do

9. Fix the others and update Q*"! by Eq. (17)
10. Fix the others and update Z* "' by Eq. (19)
11. Update the multiplier Y*™! by Y* ™!
12. Update the multiplier * ! by px* 7! =
13. end for

14. Tterate steps 2~13 until convergence

15.  Perform K-means clustering™ on the row of Z
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Output: The cluster assignment of X
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Fig. 1 Extended YaleB dataset
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Fig. 3 Convergence curves of (a) the Extended YaleB and (b) MINIST datasets
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Table 2 Clustering performance with different

algorithms for the Extended YaleB dataset

Method AC NMI

MM 0.2175 0.3534
B-NFM 0.2104 0.3508
PGM 0.2084 0.3477
DRCC 0.1002 0.1455
HOOI1 0.2243 0.4113

NTD 0.2335 0.4238
HTD-Multinomial 0.3293 0.4772
LRRHTD 0.4225 0.5601
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Table 3 Clustering performance with different algorithms for the MNIST dataset
No. MM method B-NFM method PGM method = DRCC method HTD-Multinomial method LRRHTD method
AC NMI AC NMI AC NMI AC NMI AC NMI AC NMI
3 0.9173 0.7351 0.8820 0.6806 0.9160 0.7307 0.9013 0.7115 0.9114 0.7252 0.9333 0.7700
4 0.7104 0.4654 0.6780 0.4446 0.7195 0.4680 0.6575 0.4071 0.6800 0.4360 0.8350 0.6663
5 0.6216 0.5201 0.6104 0.4992 0.6764 0.5373 0.6632 0.5198 0.7196 0.5547 0.8440 0.6730
6  0.5370 0.4007 0.5156 0.3980 0.5466 0.3962 0.4983 0.3670 0.5540 0.4083 0.6633 0.5609
7 0.5988 0.5382 0.5762 0.4972 0.5940 0.5342 0.6585 0.5629 0.6231 0.5401 0.6042 0.5103
8  0.6455 0.5427 0.593 0.4979 0.5942 0.5152 0.6270 0.5033 0.6485 0.5254 0.6662 0.5507
9 0.5211 0.4621 0.5137 0.4343 0.5302 0.4720 0.5240 0.4493 0.5756 0.4774 0.5955 0.5004
10 0.4980 0.4470 0.4474 0.4089 0.4958 0.4516 0.4668 0.4053 0.5126 0.4461 0.5140 0.4953
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