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Multivariate long-term series forecasting based on dual
time-dependent learning
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Abstract: Time series data pose unique challenges for forecasting due to their complex long- and short-term patterns
and multi-period characteristics. Traditional fixed-scale patching methods are difficult to effectively capture multi-
period information, while periodicity and trend changes further increase the modeling difficulty, affecting forecast
accuracy and interpretability. Based on the above problems, this paper proposes a multi-periodic model MDTDNet
based on dual time-dependent learning. The model firstly acquires multi-period information adaptively by Fourier
transform; then for each period, combined with the seasonal trend enhancement module, it improves the semantic
expression of the subsequence through period patch design, frequency domain seasonal enhancement and time domain
trend enhancement. A dual time-dependence module is introduced to realize feature extraction and fusion by capturing
different time-dependent patterns inter- and intra-patchs by means of a long-term change extractor and a local
fluctuation extractor, respectively. The experimental results show that the experimental results of the models in all six
datasets outperform the current optimal model, PatchTST, with an average decrease of 9% in the mean square error
(MSE) on ETTh1 dataset, with a maximum decrease of 10. 14 %.
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Fig. 2 Seasonal trend enhancement module
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Table 2 Forecasting results on six datasets
F Y MDTDNet PatchTST FEDformer  Crossformer TimesNet MICN DLinear
BiisE  #Ebr MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
96 0.371 0.391 0.414 0.419 0.376 0.419 0.423 0.448 0.384 0.402 0.398 0.427 0.386 0.400
ETThI 192 0.421 0.422 0.460 0.445 0.420 0.448 0.471 0.474 0.436 0.429 0.430 0.453 0.437 0.432
: 336 0.454 0.440 0.501 0.466 0.459 0.465 0.570 0.546 0.491 0.469 0.440 0.460 0.481 0.459
720 0.459 0.461 0.500 0.488 0.506 0.507 0.653 0.621 0.521 0.500 0.491 0.509 0.519 0.516
96 0.288 0.339 0.302 0.348 0.358 0.397 0.745 0.584 0.340 0.374 0.332 0.377 0.333 0.387
ETTh 192 0.371 0.392 0.388 0.400 0.429 0.439 0.877 0.656 0.402 0.414 0.422 0.441 0.477 0.476
336 0.407 0.427 0.426 0.433 0.496 0.487 1.043 0.731 0.452 0.452 0.447 0.474 0.594 0.541
720 0.423 0.441 0.431 0.446 0.463 0.474 1.104 0.765 0.462 0.468 0.442 0.467 0.831 0.657
96 0.318 0.357 0.329 0.367 0.379 0.419 0.404 0.426 0.338 0.375 0.360 0.399 0.345 0.372
ETTml 192 0.366 0.381 0.367 0.385 0.426 0.441 0.450 0.451 0.374 0.387 0.402 0.426 0.380 0.389
m
336 0.392 0.402 0.399 0.410 0.445 0.459 0.532 0.515 0.410 0.411 0.403 0.437 0.413 0.413
720 0.451 0.437 0.454 0.439 0.543 0.490 0.666 0.589 0.478 0.450 0.459 0.464 0.474 0.453
96 0.175 0.257 0.175 0.259 0.203 0.287 0.287 0.366 0.187 0.267 0.203 0.287 0.193 0.292
ETTm? 192 0.239 0.300 0.241 0.302 0.269 0.328 0.414 0.492 0.249 0.309 0.262 0.326 0.284 0.362
m
336 0.299 0.339 0.305 0.343 0.325 0.366 0.597 0.542 0.321 0.351 0.305 0.353 0.369 0.427
720 0.398 0.395 0.402 0.400 0.421 0.415 1.730 1.042 0.408 0.403 0.389 0.407 0.554 0.522
96 0.174 0.214 0.177 0.218 0.217 0.296 0.158 0.230 0.172 0.220 0.183 0.250 0.196 0.255
Weath 192 0.223 0.257 0.225 0.259 0.276 0.336 0.206 0.277 0.219 0.261 0.246 0.317 0.237 0.296
eather
336 0.277 0.296 0.278 0.297 0.339 0.380 0.272 0.335 0.280 0.306 0.293 0.335 0.283 0.335
720 0.350 0.343 0.354 0.348 0.403 0.428 0.398 0.418 0.365 0.359 0.373 0.399 0.345 0. 381
96 0.081 0.194 0.088 0.205 0.148 0.278 0.256 0.367 0.107 0.234 0.173 0.297 0.088 0.218
Exch 192 0.170 0.292 0.176 0.299 0.271 0.315 0.470 0.509 0.226 0.344 0.324 0.408 0.176 0.315
x-change
g 336 0.293 0.392 0.301 0.397 0.460 0.427 1.268 0.883 0.367 0.448 0.639 0.598 0.313 0.427
720 0.848 0.693 0.901 0.714 1.195 0.695 1.767 1.068 0.964 0.746 1.218 0.862 0.839 0.695
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Fig. 4 Layered comparison experiment
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Table 3 Ablation experiment on seasonal trend enhancement module

MDTDNet PatchTST MDTDNet MDTDNet MDTDNet
Y , , MDTDNet  PatchTST
(non-period) (period) (de-TE) (de-SE) (de-STE)
BiifE A MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
96 0.379 0.396 0.378 0.396 0.378 0.390 0.377 0.390 0.384 0.395 0.372 0.391 0.414 0.419
192 0.426 0.427 0.422 0.424 0.429 0.420 0.428 0.429 0.435 0.424 0.421 0.422 0.460 0.445
ETThI 336 0.469 0.449 0.457 0.444 0.471 0.441 0.470 0.440 0.462 0.451 0.454 0.440 0.501 0.466
720 0.533 0.491 0.522 0.498 0.497 0.478 0.504 0.485 0.5212 0.509 0.459 0.461 0.500 0.488
96 0.305 0.302 0.295 0.342 0.294 0.345 0.297 0.347 0.292 0.343 0.289 0.339 0.302 0.348
192 0.388 0.402 0.380 0.405 0.377 0.398 0.378 0.398 0.379 0.397 0.371 0.392 0.388 0.400
ETTh 336 0.425 0.435 0.429 0.439 0.412 0.429 0.413 0.430 0.415 0.427 0.407 0.427 0.426 0.433
720 0.462 0.465 0.446 0.455 0.427 0.447 0.426 0.446 0.425 0.449 0.423 0.441 0.431 0.446
96 0.082 0.178 0.101 0.223 0.083 0.199 0.089 0.199 0.085 0.201 0.081 0.194 0.088 0.205
Ex-change 192 0.183 0.303 0.180 0.300 0.188 0.305 0.188 0.305 0.175 0.295 0.170 0.292 0.176 0.299
336 0.300 0.396 0.343 0.426 0.342 0.423 0.343 0.424 0.342 0.423 0.293 0.392 0.301 0.397
720 0.844 0.691 0.892 0.714 0.886 0.711 0.887 0.711 0.851 0.694 0.848 0.693 0.901 0.714
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Table 4 Ablation experiments on dual temporal dependency module

A MDTDNet(de-dual) MDTDNet(de-short) MDTDNet(de-long) MDTDNet

B 4 LD MSE MAE MSE MAE MSE MAE MSE MAE
96 0. 382 0.392 0. 376 0. 391 0. 380 0.393 0.372 0. 391

192 0.433 0. 421 0.422 0.428 0.431 0.422 0. 421 0.422

ETTh 336 0.476 0. 444 0. 465 0. 466 0.474 0. 446 0. 454 0. 440
720 0.478 0.470 0.493 0.478 0.475 0.470 0. 459 0. 461

96 0.291 0. 340 0.292 0.342 0.289 0. 338 0.289 0. 339

ETTh 192 0. 384 0. 399 0. 369 0. 394 0. 375 0. 391 0.371 0.392
336 0.420 0.430 0.415 0.427 0.425 0.435 0. 407 0. 427

720 0.497 0. 485 0.438 0.453 0. 425 0.443 0. 425 0. 442

96 0. 087 0.203 0. 089 0. 206 0.083 0.199 0.081 0.194

Exchange 192 0.173 0. 294 0.177 0.298 0.174 0.294 0.170 0.292
336 0. 364 0.435 0. 374 0.442 0. 344 0.423 0.293 0. 392

720 0. 858 0.698 0. 859 0.696 0. 851 0.695 0. 848 0.693
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