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Table 3 Comparison of the results of the three algorithms

SSVHST ] k-1 T4k
EZE)
s =R Total - Number JE45%
. A R
Algorithm time of rank-1  Ratio
PSNR
Lo/s terms

r~TTr1SVD 35.67  28.81 116 351. 07
0.1 0-TTr1SVD 7.03  29.63 294 228. 82
0-RTTr1SVD 2.64  30.56 360 186. 99

r~-TTrlSVD  104.56  34.43 631 64. 54

0.05  o-TTrlSVD 14.97  34.65 1531 44. 21
0-RTTr1SVD 5.20  35.52 1840 36. 80
r~TTrlSVD  173.58  39.51 1693 24. 05
0.03  o6-TTr1SVD 26.96  39.60 5 366 12. 67
0-RTTr1SVD  11.61  40.53 4 140 16. 38

(b)5=0.1

(d) §=0.03
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Fig. 4 Comparison of compressed image with original image under different fixed precision
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Table 4 Comparison of the results of the three randomized algorithms

0-RTTr1SVD

Adaptive R-HOSVD Adaptive R-STHOSVD

el S5 SRR BRI SRR BRI SRR BRI
Decomposition Number — JE4E% Decomposition Number — JE4§#% Decomposition Number — JEZFF
Tensor Parameters
time of rank-1 Ratio time of rank-1 Ratio time of rank-1 Ratio
tl/s terms tl/s terms Zl/s terms
b=5,q=1 0. 98 495 68. 66 13.02 369 750  46. 60 0.91 325 000  51.47
b=20,q=1 1. 19 480 70. 80 6. 98 832 000  24.78 0. 84 728 000 27.77
X 0.02
b=5,q=2 0. 97 410 81. 84 19. 06 350 000  48.73 1.25 306 250  53.97
b=20,q=2 1. 27 460 73. 86 9.21 728 000  27.77 1. 24 728 000  27.77
0.1 b=40,q=1 1.62 360 186. 99 4. 27 256 000 138.99 1. 12 256 000 138.99
Z
0.05 b=40,q=1 1. 87 1520 44,50 7.85 672 000  58.42 1. 48 576 000  67.50
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Abstract:

decomposition (SVD) to the tensor scenario, which decomposes an arbitrary real tensor into a finite sum

The tensor-train rank-1 SVD (TTrlSVD) naturally generalizes the singular value

of orthonormal rank-1 outer products. Based on its excellent properties such as orthogonal rank-1 outer
product terms with known upper limits of number and easy quantification of truncation errors, this
paper first gives an expression that is conducive to tensor decomposition and reduction, and proposes a
truncated TTrlSVD algorithm that maintains the decomposition form, which greatly reduces the
computational cost while fixing the accuracy. Motivated by the development of randomized methods of
low-rank matrix approximations, this paper also develops an efficient randomized TTr1SVD algorithm
for fixed precision problems. Finally, numerical examples are given to demonstrate the promise of the
proposed algorithm in data approximation and compression.

Key words: TTrlSVD; singular value decomposition; truncation; fixed precision problem; random-
ized algorithm
AMS Subject Classifications:  15A69; 65F30

RERE REZR



