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fiA ETTml (MSE/MAE) ETTm2 (MSE/MAE) ETThl (MSE/MAE) ETTh2 (MSE/MAE) ¥ (MSE/MAE)
iTransformer [A] 0.334/0.368 0.180/0.264 0.386,/0.405 0.297/0.349 0.299/0.347
RLinear [2] 0.355/0.376 0.182/0.265 0.386,/0.395 0.288/0.338 0.303,/0.344
PatchTST [g] 0.329/0.367 0.175/0.259 0.414/0.419 0.302/0.348 0.305/0.348
Crossformer [[L0] 0.404/0.426 0.287/0.366 0.423/0.448 0.340,/0.374 0.364/0.404
TiDE [i] 0.364,/0.387 0.207/0.305 0.384/0.402 0.340,/0.374 0.324/0.367
TimesNet [7] 0.338/0.375 0.187/0.267 0.479/0.464 0.400,/0.440 0.351/0.387
DLinear [J] 0.345/0.372 0.193/0.292 0.386,/0.400 0.402/0.414 0.332/0.369
SCINet [f] 0.418/0.438 0.286/0.377 0.654/0.599 0.376,/0.419 0.434/0.458
FEDformer [L1] 0.379/0.419 0.203/0.287 0.513/0.491 0.449/0.459 0.386,/0.414
Stationary [H] 0.386,/0.398 0.192/0.274 0.449/0.459 0.526/0.516 0.388/0.412
Autoformer [§] 0.505/0.475 0.255/0.339 0.449/0.459 0.450,/0.459 0.415/0.433
U-preV1 0.466,0.451 0.195/0.275 0.524/0.483 0.367/0.395 0.388/0.401
U-prev2 0.370/0.396 0.188/0.273 0.419/0.429 0.325/0.371 0.326/0.367
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