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Abstract: For long—term prediction of homogeneous multivariate time series, existing models often fail to fully utilize the inherent correlations
between variables during feature extraction, adequately consider the timeliness of the data, and effectively extract seasonal and random fluctu-
ation information. In order to improve upon these deficiencies, we propose the Homogeneous Multivariate Time Series Prediction Model Incor-
porating Multi—stage Temporal Dependencies and Inflection Point Information (HMTS-TI). An RGCA module implements a ranked grouping
strategy within inter—variable attention mechanisms, transforming insights on correlations into weight assignments, thereby enhancing the ex-
traction of inter—variable correlation information within multivariate time series. SDFFT module extracts trends, seasonal patterns, and fluctua-
tions via subsequence decomposition and fast Fourier transform, reinforcing cross—temporal dependency feature extraction. Inflection point sta-
tistics serve as a predictive adjustment factor, enhancing model fitting by incorporating information on variable—specific fluctuations. The ex-
perimental outcomes on three public homogeneous multivariate time series datasets—Traffic, Solar, and PeMSO4—demonstrate that, in com-

parison to the best model in the comparative experiments, HMTS—=TI achieves an overall reduction in mean squared error and mean absolute er-
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ror by 12.1% and 6.8%, respectively, across four prediction horizons of 96, 192, 336, and 720. Concurrently, the coefficient of determina-

tion is augmented by 4.1%, validating the model’s high predictive accuracy. In addition, in the specific application case, the model achieved

a mean squared error reduction of 19.0% compared to the best—performing benchmark model in the task of predicting ozone data from 92 obser-

vation points in Guangdong Province over a length of 336 time units.

Key Words: homogeneous multivariate time series; long—term prediction; channel attention; subsequence segmentation; data decomposi-

tion; fast Fourier transform
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Table 2 Hyerparameters used in the experiments

®2 ZIRPERNBSH

BARE learning_rate d_ff group d_cut cut
Traffic 0.020 64 16 128 16

Solar 0.001 2 2 2048 96
PeMS04 0.010 32 4 128 12
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Table 3 Prediction results of different models on three datasets across four forecast lengths
R3 INBIBERINTNAKE EREEB BTN R
Hinde Traffic Solar PeMS04
o

Eiztan 96 192 336 720 96 192 336 720 96 192 336 720
MSE 0.448 0.462 0.484 0.512 0.156 0.184 0.199 0.203 0.120 0.133 0.138 0.165

HMTS-TI MAE 0.299 0.309 0.315 0.335 0.234 0.258 0.266 0.266 0.234 0.249 0.253 0.281
R? 0.693 0.685 0.673 0.657 0.789 0.752 0.732 0.728 0.883 0.871 0.866 0.840
MSE 0.550 0.531 0.555 0.608 0.187 0.214 0.223 0.208 0.122 0.141 0.142 0.165
MTS-Mixer MAE 0.358 0.346 0.359 0.383 0.253 0.275 0.276 0.267 0.236 0.252 0.256 0.277
R? 0.623 0.638 0.625 0.594 0.747 0.712 0.700 0.720 0.881 0.863 0.862 0.840
MSE 0.518 0.546 0.538 0.594 0.208 0.232 0.299 0.252 0.214 0.246 0.221 0.246

MICN MAE 0.306 0.316 0.313 0.324 0.269 0.283 0.322 0.295 0.316 0.325 0.311 0.333
R? 0.646 0.629 0.637 0.603 0.719 0.688 0.599 0.661 0.792 0.761 0.785 0.762
MSE 0.650 0.599 0.606 0.646 0.285 0.316 0.349 0.354 0.422 0.441 0.377 0.439
Dlinear MAE 0.397 0.371 0.375 0.396 0.372 0.393 0.412 0.410 0.484 0.497 0.445 0.486
R? 0.555 0.592 0.590 0.568 0.615 0.575 0.532 0.524 0.589 0.572 0.633 0.574
MSE 0.597 0.604 0.625 0.668 0.205 0.232 0.250 0.249 0.193 0.228 0.237 0.278
LightTS MAE 0.383 0.393 0.406 0.423 0.280 0.301 0.312 0.309 0.316 0.345 0.348 0.379
R? 0.591 0.589 0.578 0.548 0.723 0.687 0.664 0.666 0.812 0.778 0.770 0.732
MSE 0.575 0.602 0.617 0.631 0.304 0.347 0.408 0.408 0.149 0.171 0.197 0.279
FEDformer MAE 0.359 0.372 0.381 0.385 0.386 0.412 0.459 0.458 0.271 0.290 0.315 0.379
R? 0.606 0.590 0.583 0.579 0.589 0.532 0.452 0.451 0.855 0.834 0.808 0.729
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Fig. 6 Visualization of network weight matrices
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Fig.7 Visualization of HMTS-TI prediction results
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Table 4 Comparison of ablation results metrics for three datasets across four forecast lengths

R4 INMBIREENATNAKE LR RIERYTLL

i it Traffic Solar PeMS04
FEhR 96 192 336 720 96 192 336 720 96 192 336 720
MSE 0.448 0.462 0.484 0.512 0.156 0.184 0.199 0.203 0.120 0.133 0.138 0.165
HMTS-TI MAE 0.299 0.309 0.315 0.335 0.234 0.258 0.266 0.266 0.234 0.249 0.253 0.281
R? 0.693 0.685 0.673 0.657 0.789 0.752 0.732 0.728 0.883 0.871 0.866 0.840
MSE 0.457 0.470 0.492 0.521 0.157 0.188 0.200 0.204 0.125 0.136 0.143 0.175
HMTS-TI-I MAE 0.302 0.306 0.317 0.340 0.236 0.259 0.267 0.266 0.240 0.253 0.258 0.292
R? 0.687 0.680 0.668 0.651 0.788 0.747 0.731 0.725 0.879 0.868 0.861 0.830
MSE 0.599 0.579 0.588 0.640 0.223 0.245 0.268 0.263 0.159 0.172 0.183 0.245
HMTS-TI-T MAE 0.379 0.356 0.362 0.390 0.301 0.315 0.322 0.311 0.278 0.293 0.303 0.355
R? 0.589 0.606 0.603 0.572 0.699 0.670 0.640 0.646 0.845 0.833 0.822 0.762
MSE 0.547 0.547 0.564 0.604 0.175 0.197 0.206 0.204 0.138 0.167 0.197 0.217
HMTS-TI-H MAE 0.371 0.370 0.376 0.394 0.242 0.258 0.267 0.258 0.253 0.274 0.298 0.316
R? 0.625 0.628 0.619 0.596 0.763 0.735 0.724 0.726 0.865 0.838 0.809 0.805
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Fig. 8 Impact of inflection point information on HMTS-TI predic-
tions
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Table 5 Comparison and analysis of HMTS—-TI model variants on the
PeMS04 dataset
£5 PeMS04 #iE% F HMTS-TI B £ T3t Lb 447
b HEHIAR 96 192 336 720 sk
HMTS-TI 0120  0.133  0.138  0.165  0.556
S| 0.123 0134  0.146  0.165  0.568
A2 0.126  0.141 0.139  0.175  0.581
MsE Ak 3 0.129 0.140  0.143 0.170  0.582
k4 0.125 0136  0.145  0.170  0.576
AES 0.120  0.135 0.144 0.182 0.581
HMTS-TI 0234 0249 0253 0281 1.017
Ak 1 0.246 0250  0.258 0.278 1.032
VIAE AR 2 0.241 0.256 0.252 0.288 1.037
] 0245 0258 0259  0.287 1.049
Ak 4 0242 0253 0263  0.286 1.044
RS 0234 0251 0258  0.292 1.035
HMTS-TI  0.883  0.871 0.866  0.840  3.460
LS| 0.881 0.870 0.858 0.840 3.449
R? AEA2 0.877 0863  0.865  0.830 3435
AR 3 0.875  0.864  0.861 0.834  3.434
k4 0.878  0.868  0.859  0.835 3.440
AR S 0.883 0.869 0.860 0.823 3.435

0,180 Group ZHUURME M HT

o=

. 170+

. 1651

MSE
o

j=]

. 160

group2 group4 group8 groupl6 group32
Group %

(a)  Group hyperparameter analysis

(a)  Group MSH T

Cut #ESHIBUSHEHT

0.175
0.170
Z0.165
0. 160

0. 155

cut96 cut48 cut32 cutl6 cutl2
Cut #i

(b)  Cut hyperparameter analysis
(b)  Cut BSHEUIHT
Fig. 9 Hyperparameter sensitivity analysis
B9 BSHERMESN
48.32.16.12. ATLLE 1, group ¥ & A LL cut XA 5
Wi S, 2 group ZHUR 4 B BAT B AR UR 22 5 T cut S HUR



551 EHUKR, B B, 2 BB T ) 55 SDFFT (14 [R) 5t 22745 i 3 ) 45 5 - 93 -

16 B, R 16 A5 55 [l B Jal 73+ 15 5 B fefiRiR 22, 9
HAEZE a4 L i Ty B3, ik 22 e
WK
3.5 tEBVMEBESHR

J T AT AL RE L A T HMTS-TI 555 3.3 /N1
Hh P R B 6] LU A TR A B0 i d5 R 1Y) Traffic £504 45 1 F0
720 /> s B B K B ) 285 SR T T 1) A 9 5 RN BT R IS ]
Bl A0 A 862 N8 HH 4 FE 17 544 /NI A] 5 A5 8, 45 9L
F 6w,

Dlinear ., LightTS 1 MTS—Mixer ¥4 J& ~fs} [a1] ¢ 51 39 1] 451
B R R A B0 SR, TR B I R
[, M HZF , FEDformer Al MICN $1 A £ () S 808, 75
B R A Y it E] o 3X /& B A Dlinear, LightTS #1 MTS—
Mixer 7£ B [6] 7 B RFAE A B L 32 2R FH 22 J2 BORITAIL I 2%
45K . 1M FEDformer 8 F 73 F Q K. VWL G 1 2 1 HL
il 32 SEHESR | X Fh ML AR A Bl T 4R BB B AR DG
F L H[R] BT BT R Bt R oK MICN i of 2
FUBETR A 0 A R0 Je 8 4 Jmy A 1) 5 =X, R 2k B AR LA A
PEECH P 0 5 2R AE X BT B SR B

MG 6 B R T LA T, HMTS-TI i 2 $0ie B s /)
T FEDformer 1 MICN, [A] Bt 7E Il 2R B[R] E R MR 47, 5
IR R RIAR 2 X R R 5 HMTS-TI RE % 70 (R FR 8 IR %
VSTHFE Y [T R, A B (] P 910 45 B o 2 B0 8 o PO IR

Table 6 Comparison and analysis of model computational perfor-
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