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Figure 1: Multi-periodicity and temporal 2D-variation of time series. Each period involves the

intraperiod-variation and interperiod-variation. We transform the original 1D time series into a set of
2D tensors based on multiple periods, which can unify the intraperiod- and interperiod-variations.
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Figure 2: A univariate example to illustrate 2D structure in time series. By discovering the periodicity,
we can transform the original 1D time series into structured 2D tensors, which can be processed by

2D kernels conveniently. By conducting the same reshape operation to all variates of time series, we
can extend the above process to multivariate time series.
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Figure 3: Overall architecture of TimesNet. TimesNet is stacked by TimesBlocks in a residual way.
TimesBlocks can capture various temporal 2D-variations from £ different reshaped tensors by a
parameter-efficient inception block in 2D space and fuse them based on normalized amplitude values.
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Table 1: Summary of experiment benchmarks.

Tasks | Benchmarks | Metrics | Series Length
Forecasting !1-::':1];‘2:&\;’:1;;5:: li(iciizsgeel?)lL?SCtnCl'y, MSE, MAE (Hﬁ?;zi%())
| Short-term: M4 (6 subsets) | SMAPE,MASE,OWA |  6~48
Imputation | ETT (4 subsets), Electricity, Weather | MSE, MAE | 96
Classification ‘ UEA (10 subsets) ‘ Accuracy ‘ 29~1751
Anomaly Detection ‘ SMD, MSL, SMAP, SWaT, PSM ‘ Precision, Recall, F1-Socre ‘ 100

Long-term Forecasting

Anomaly Detection
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Figure 4: Model performance comparison (left) and generality in different vision backbones (right).
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Table 2: Long-term forecasting task. The past sequence length is set as 36 for ILI and 96 for the
others. All the results are averaged from 4 different prediction lengths, that is {24, 36,48, 60} for ILI
and {96,192, 336, 720} for the others. See Table 13 in Appendix for the full results.

Models TimesNet ETSformer LightTS  DLinear FEDformer Stationary Autoformer Pyraformer Informer LogTrans Reformer
7 (Ours) (2022) (2022) (2023) (2022) (2022a) (2021) (2021a) (2021) (2019) (2020)

Metric MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE
ETTml [0.400 0.406[0.429 0.425[0.435 0.437/0.403 0.407(0.448 0.452{0.481 0.456]0.588 0.517/0.691 0.607[0.961 0.7340.929 0.725[0.799 0.671
ETTm2 [0.2910.333

0.203 0.3420.409 0.436[0.350 0.401{0.305 0.34910.306 0.347[0.327 0.371[1.498 0.869]1.410 0.810[1.535 0.900|1.479 0.915

ETTh [0.458 0.450[0.542 0.510[0.491 0.479]0.456 0.452(0.440 0.460[0.570 0.537]0.496 0.487]0.827 0.7031.040 0.795(1.072 0.837[1.029 0.805

ETTh2 [0.4140.427]0.439 0.452{0.602 0.543]0.559 0.515(0.437 0.449]0.526 0.516]0.450 0.459/0.826 0.703[4.431 1.7202.686 1.494]6.736 2.191

Electricity[0.192 0.295(0.208 0.323[0.220 0.3290.212 0.300/0.214 0.327]0.193 0.296]0.227 0.338/0.379 0.445[0.311 0.39710.272 0.370[0.338 0.422

Traffic [0.620 0.336/0.621 0.3960.622 0.392/0.625 0.383]0.610 0.376[0.624 0.340[0.628 0.379|0.878 0.469]0.764 0.416[0.705 0.395]0.741 0.422

Weather [0.259 0.287]0.271 0.334[0.261 0.312/0.265 0.317]0.309 0.360[0.288 0.314]0.338 0.382]0.946 0.717]0.634 0.548[0.696 0.602|0.803 0 656

Exchange [0.416 0.443[0.410 0.427]0.385 0.447]0.354 0.414/0.519 0.5000.461 0.454[0.613 0.539] 1.913 1.159]1.550 0.998[1.402 0.968]1 280 0932

ILL 213909312497 1.004]7.382 2.003(2.616 1.090[2.847 1.144[2.077 0.9143.006 1.161{7.635 2.050[5.137 1.544]4.839 1.485[4.724 1445

Table 3: Short-term forecasting task on M4. The prediction lengths are in [6, 48] and results are
weighted averaged from several datasets under different sample intervals. See Table 14 for full results.

Models TimesNet N-HiTS N-BEATS ETSformer LightTS DLinear FEDformer Stationary Autoformer Pyraformer Informer LogTrans Reformer
® (Ours) (2022) (2019) (2022) (2022) (2023) (2022) (2022a) (2021) (2021a) (2021) (2019) (2020)

SMAPE | 11.829 11927 11.851 14718 13525 13.639 12.840 12780 12909 16987 14.086 16.018 18.200
MASE 1.585 1613 1.599 2.408 2111 2.095 1701 1.756 1.771 3.265 2718 3.010 4.223
OWA 0.851 0.861 0.855 1172 1051 1051 0.918 0.930 0939 1.480 1.230 1.378 L775
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