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Complex time series forecasting method based on
dual-model parallelism
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Abstract: Traditional forecasting models typically focus on capturing trends and patterns in time series data while
often neglecting interactions among variables, which limits their effectiveness in complex time series scenarios. To
address this, a dual-model parallel approach named Dualformer is proposed, which integrates the inverted
transformer (iTransformer) and patch time series transformer (PatchTST) models in a parallel architecture. In this
framework, the conventional feedforward neural network components are replaced with activation functions, and a
multilayer perceptron is introduced to further process the outputs of the two parallel sub-models. The Dualformer
model employs attention mechanisms to simultaneously capture both the temporal and variable dimensions in the
complex time series, effectively capturing time-dependent patterns and multivariate interactions. FExperimental
results demonstrate that the Dualformer significantly outperforms the benchmark models, including iTransformer,
PatchTST, and decomposition linear (DLinear) in complex time series forecasting tasks. These results highlight
Dualformer’s superior accuracy and its strong potential for real-world applications in forecasting complex time series
data.
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Fig. 1 Diagram of Dualformer.
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Table 1 The prediction results of the four models for the datasets

Bl Dualformer PatchTST iTransformer DLinear
PGS "
A MSE MAE MSE MAE MSE MAE MSE MAE
96 0. 148 0.241 0. 196 0.287 0.147 0.239 0.210 0.301
192 0.162 0.255 0.201 0.290 0. 166 0.257 0.210 0.304
ECL 336 0.176 0.271 0.217 0.306 0. 180 0.273 0.222 0.319
720 0.216 0.306 0.257 0.337 0.215 0.302 0.257 0.349
A, 0.176 0.268 0.218 0.305 0.177 0.268 0.225 0.318
96 0.293 0.343 0.305 0.349 0.302 0.351 0. 340 0.394
192 0.373 0.392 0.388 0.401 0.381 0.399 0.482 0.479
ETTh2 336 0.415 0.427 0.425 0.432 0.423 0.433 0.586 0.539
720 0.421 0.439 0.431 0. 446 0.427 0.446 0.838 0. 660
A, 0.375 0. 400 0.387 0. 407 0.383 0.407 0.562 0.518
96 0. 407 0.272 0. 545 0.360 0.393 0.268 0. 699 0.429
192 0.424 0.280 0. 540 0.354 0.413 0.277 0. 647 0. 407
Traffic 336 0.436 0.285 0.552 0.359 0.425 0.283 0.653 0.410
720 0.472 0.305 0.586 0.377 0.459 0. 300 0. 694 0.429
A, 0.435 0.285 0.556 0.363 0.422 0.282 0.673 0.419
9 0.171 0.211 0.177 0.218 0.178 0.217 0. 196 0.255
192 0.222 0.257 0.225 0.259 0.225 0.257 0.237 0.295
Weather 336 0.280 0.299 0.283 0.302 0.282 0.299 0.282 0.331
720 0.355 0.349 0.356 0.352 0.359 0.349 0.345 0.382
A, 0.257 0.279 0.260 0.283 0.261 0.281 0.265 0.316
96 0. 084 0. 204 0.085 0.206 0. 086 0.206 0. 098 0.233
192 0.171 0. 296 0.173 0.299 0.178 0.302 0.185 0.325
Exchange 336 0.312 0. 404 0.329 0.417 0.324 0.413 0.320 0.431
720 0. 760 0. 658 0.851 0. 696 0. 805 0.678 0.769 0. 664
A 0.332 0.390 0. 360 0. 405 0.348 0. 400 0.343 0.413

T A ORI TN A5 SR P38 MU FOR IR 4528 s T RIRFOR U454

FENH UL BRI A TE T, 928 B DI,
Dualformer B RE 5 255 5 25 RN [A] 2 #45 BN 278
WACHARE, AT PR T SRR,
e, AHXE T AAS £ A OGS 35 1Y iTransformer 1 1L
R PR AF DG A 32 1 Patch TST AL, EUA B H .
SR, TR BORIRIS NS, 278 B Z A58 5O
FRASAFHNINAE 2% H BAT IR Z A OCHK, ey, 3¢
278w B RGBS R LA,
I iTransformer 51 EL {34

Exchange B4k — s TP B4R, A1
Fecglctia [ e HA RS AN Z T Y, R [E]I ] A

2  Dualformer 5 iTransformer £ 5 ({534 MSE HCAE FIE-34
MAE [fH
Table 2 Average MSE and MAE ratios between Dualformer

and iTransformer models

Blese  EIER CFBMSEME  FIHIMAE HfE
ETTh2 7 0.979 0.983
Exchange 8 0.952 0.977
Weather 21 0.987 0. 9%
ECL 321 0. 990 1. 037
Traffic 862 1.031 1.011
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Fig.2 The output array data heatmap of this model.

(625 Z [l AH G . Dualformer B4 T iTransformer
M PatchTSTARL, REAL FAELF I B AME] .
2.4 HEASRIE

T SRR PO s U FEN (5 20, AR
W58 5 T I il 52 56 % EE Dualformer (GeLLU ) Al Dual-
former (FEN) BRI I, SLIRLE LK 3, Hifr,
PR FRORROR AF . AT UL, (] GeLU 38 pRi
£ 1) Dualformer 152 18U 75 I 1A E5 6 4 A0 AU B | 5
PR T8 FEN AR B Dualformer #5554 . B AR LR
FEN A A S e P 48 B 0 2. 07 T 21— EAE
(AR L DR GeLU S0 PR, FENABSZHLALE N 1
A LA . TR A b, HAE—E R
EREMETRAME B P SR S — R R R
MM, 7E Dualformer #5745 W 341 1 3 2 1 HIL I
L0 55 52 2 i P B3 e A0 Sk 4 P8 AR s () 248 3 1) 4 Gk
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Table 3 Model prediction results with and without FFN

module on different datasets

K Dualformer Dualformer+FFN
Bl "

M MSE MAE MSE MAE

96 0.293  0.343  0.296  0.345

192 0.373  0.392  0.375  0.39%

ETTh2 336  0.415 0.427  0.418  0.429
720 0.421  0.439  0.429  0.446

A, 0.375 0.400 0.380 0.403

96  0.084 0.204 0.091  0.212

192 0.171  0.296 0.176  0.299

Exchange 336 0.312  0.404  0.316  0.409
720 0.760  0.658  0.851  0.695

A, 0.332  0.390 0.358  0.404

96  0.171  0.211  0.173  0.214

192 0.222  0.257 0.225  0.258

Weather 336 0.280  0.299  0.282  0.301
720 0.355  0.349  0.357  0.351

A, 0.257  0.279 0.259  0.281

96 0.407 0.272  0.401  0.274

192 0.424 0.280 0.426  0.285

Traffic 336 0.436  0.285  0.433  0.285
720 0.472  0.305  0.465  0.306

A 0.435  0.285 0.426  0.283

vg
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