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BT kR [ BT (L-TAR) -6 fe /N 38 3% 58 BUBE R G S 800 1. 2024 4F, Wang % A" 58 it 4 14
5K 8 A7 S (B A0 i N T B IR B A A A

(B VE B ARl o oK e AT R A R R A R SR D T i Tucker 3% 2 LAY Tucker B, X (i 15
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Tab.1 The computational complexity of each iteration of the model
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b JFEHLLL 1 JE (7 D2 1 O Ta) b JE 0 s B0ds - Rt sk 180 Jal Bl ML o (14,5,7,180)
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4.2.1 EHHESE

AT G U 5 Syndatal Fil Syndata2 b #EAT 1AL R RO S 4G L 4 T 25 SR MRS BE LR 2, LI AR
o B R RN ZRBE KIS T R J K B2 S 34T 1Tk 45 SRR W], Toie I 2 48 LR Bl i J T B8 o] 28 Ak , A%
SCHE H AR 2 R LR AR A 0 T P B R B R G B R AT P AR RO

% 2 #IE% Syndatal Syndata2 + RE A 6y B
Tab.2 The prediction NMAE value for Syndatal, Syndata2

. AAEAL 1) TLRFR #£81 () . EN RN TLRFR # f)
] T S EVEITE T S
O NMAE 18 O NMAE {E O NMAE H O NMAE I
2 0. 054 0.423 2 0.07 0. 81
18 4 0. 005 0. 329 Syndata2 19 4 0.01 0. 81
6 0. 004 0.235 6 0.01 0. 81
Syndatal
2 0.048 0. 200
22 4 0. 005 0. 188
6 0.003 0.162

4.2.2 ELHIEE
ARSCTE 4 A ESEE4E (SST .GEANT , Tesla il Pems08) F 4r M EHL T AR B g e A /N T DL K Wi J5 3 S
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R AT Y IR LR b SE g, 0 S ER A AR LR 3.

RI3 ETHEELTRAEEE 6w E
Tab.3 The prediction NMAE value for real datasets of different models

AR B 1Y TLRFR #27 [) AT TLRFR #R! 1Y
Bimge T S By b T S
O NMAE {E O NMAE (I8 O NMAE {E O NMAE {E
2 0. 003 0.017 2 0. 041 0. 067
5 16
4 0.003 0.022 4 0. 050 0.077
SST Tesla
2 0.002 0.017 2 0. 035 0.061
10 24
4 0.002 0.019 4 0.032 0.062
2 0.291 0. 367 2 0.168 1. 289
12 18
, 4 0. 264 0.329 0.228 1. 152
GEANT Pems08
2 0. 254 0.392 2 0.178 0. 948
19 20
4 0. 297 0. 344 4 0.210 0.738

i 3 AN ) ROl B T A SO R 5 A AR TR (Y o ar FEDRT EE RT AT, LA [5) BR) 95 B0 T A SCUT 3 H Aty R 2 00 R
BREEMT TLRFR BR, TR T GEANT S84 T A998 43 12 5 nT 94k B (| 1D

1x10° | ' BRI
9x10* — AR T A
3x10° | TLRFRAG LTI E A
- 7x10* b
& 6x10"
fg: 5x10*
X

4x10*

3x10* B
2% 10*
1x10* |

M

06: 00 12: 00

I i) 2%
B 1 ESHIEE GEANT S5 H L R4
Fig. 1 Visualization of partial prediction results of on GEANT

i 3 12 P AT AT B A SCRE AL Y SR T 45 2RO T TLRER B8, 78 88 AN [R] 31 2k 5 MRS RN 5 900, XoF
AR SC R AR AR U AE I O T EAT TATAL . SRR SRR IR RSB B AR R IO E IR T TLRER
B HR O 45 R B T3k 4
R4 TREEZHIES LR R BN R

Tab. 4 Prediction time-consuming cost table for different real datasets of different models

B4k T S  AEEFER/s TLRFREBAER/s || Fin4E T S AKEETFERT/s  TLRFR BRVAERS /s
2 0.010 0. 004 2 0.063 1. 420
5 7
4 0.010 0.002 4 0.051 1. 399
SST Tesla
2 0.010 0.003 2 0. 064 4. 099
10 10
4 0. 008 0. 004 4 0. 056 4.131
2 0.291 0. 263 2 1.122 1. 161
12 18
, 4 0. 312 0.236 4 1. 374 1.452
GEANT Pems08
2 0. 301 0.484 2 1. 658 1.171
19 20
4 0. 326 0.478 4 1.722 1. 167
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A Tensor Autoregressive Method for High-Order Data Prediction

LI Ang, LIU Jinjie
(National Center for Applied Mathematics in Chongqing, Chongqing Normal University, Chongqing 401331, China)

Abstract: Aiming to construct a new regression model for high-order and high-dimensional time series using tensor methods. In
recent years, tensor decomposition has become an important tool for data processing and analysis. gaining significant attention.
Based on tensor singular value decomposition (T-SVD), a novel low-rank autoregressive model for tensor time series prediction
under tensor T-product is proposed. The model parameters are estimated through an alternating minimization algorithm. Numerical
experiments demonstrate the model”’ s superior prediction accuracy. The established model have its effectiveness and practical
applicability.

Keywords: tensor singular value decomposition; autoregressive model; Tensor Product; tubal rank; alternating minimization
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