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Abstract The research field of time series forecasting predicts the future time point using
seasonality in time series. In the industrial environment, since decision-making through continuous
perspective prediction of the future is important, multi-step time series forecasting is necessary.
However, multi-step prediction is highly unstable because of its dependency on predicted value of
previous time prediction result. Therefore, the traditional time series forecasting makes a statistical
prediction for the single time point. To address this limitation, we propose a novel encoder—decoder
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based neural network named ‘DTSNet’” which predicts multi-step time points for multivariate time
series. To stabilize multi-step prediction, we exploit positional encoding to enhance representation for

time point and propose a novel denoising training method. Moreover, we propose dual attention to

resolve long-term dependencies and modeling complex patterns in time series, and we adopt multi-head

strategy at linear projection layer for variable-specific modeling. To verify the performance improvement

of our approach, we compare and analyze it with baseline models, and we demonstrate the proposed

methods through comparison tests, such as, component ablation study and denoising degree experiment.

Keywords: multivariate time series forecasting, multi-step ahead prediction, denoising training,

multiple seasonality, attention mechanism
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Table 2 Statistics of public datasets

Datasets # of Time # of Variables Granularity
Stamps
Solar-energy 52,560 137 10 minutes
Electricity 26,304 321 1 hour
Traffic 17,544 862 1 hour
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Table 3 Evaluation results of all methods on the test set. The best performance is highlighted in bold in each case

Solar-energy Electricity Traffic

RRSE CORR NRMSE RRSE CORR NRMSE RRSE CORR NRMSE
AR 0.5375 0.8440 0.9792 0.4554 0.8000 0.7986 0.7010 0.7485 0.6419
GP 0.9899 0.3539 1.8037 0.9433 0.3608 1.6542 0.9650 0.3020 0.8842
Prophet 0.5886 0.8265 1.0725 0.3295 0.8516 0.5779 0.6485 0.8046 0.5938
TBATS 0.5968 0.8132 1.0874 0.3724 0.7826 0.6530 0.9078 0.6504 0.8313
S2S-w/-attn 1.2273 0.2326 2.2361 0.5023 0.7357 0.8808 0.7679 0.7424 0.7031
S2S-w/o-attn 1.6416 -0.1176 2.9909 0.6647 0.7116 1.1655 0.7844 0.7260 0.7182
LSTNet-rec 1.1583 0.1176 2.1104 1.0036 0.5390 1.7599 0.9297 0.5603 0.8513
DTSNet 0.5388 0.8479 0.9817 0.2992 0.8355 0.5247 0.5830 0.8346 0.5376
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Table 4 Comparison of LSTNet, LSTNet-rec, and DTSNet. Note that LSTNet follows one-step forecasting, while
DTSNet and LSTNet-rec use multi-step forecasting

Solar-energy Electricity Traffic
RRSE CORR NRMSE RRSE CORR NRMSE RRSE CORR NRMSE
LSTNet 0.2010 0.9819 0.3325 0.0917 0.9155 0.1381 0.4995 0.8520 0.4453
LSTNet-rec 1.1583 0.1176 1.1298 1.0036 0.5390 0.3977 0.9297 0.5603 0.8583
DTSNet 0.5388 0.8479 0.9817 0.2992 0.8355 0.5247 0.5830 0.8346 0.5376
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Table 5 Ablation studies for each component. Note that the best scores are highlighted in bold

Solar-energy Electricity Traffic
RRSE CORR NRMSE RRSE CORR NRMSE RRSE CORR NRMSE
DTSNet 0.5388 0.8479 0.9817 0.2992 0.8355 0.5247 0.5830 0.8346 0.5339
- PE 0.6093 0.8344 1.1102 0.3068 0.8347 0.5380 0.6411 0.7989 0.5870
- CA 0.7920 0.6418 1.4431 0.3167 0.8269 0.5554 0.6122 0.8194 0.5606
- MultiHead 0.5388 0.8478 0.9816 0.3314 0.8028 0.5812 0.6062 0.8237 0.5551
- SkipAR 1.1629 0.0085 2.1188 0.4640 0.7510 0.8137 0.9686 0.5100 0.8869
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Table 6 Effect of proposed denoising training method. Note that the b est scores are highlighted in bold
Solar-energy Electricity Traffic
RRSE CORR NRMSE RRSE CORR NRMSE RRSE CORR NRMSE
v=0.00 (TF) 0.6038 0.8334 1.1001 0.3156 0.8237 0.5534 0.6072 0.8230 0.5560
~v=0.03 0.6041 0.8356 1.1006 0.3037 0.8258 0.5326 0.5936 0.8294 0.5436
v =0.05 0.6016 0.8281 1.0961 0.3088 0.8212 0.5416 0.5871 0.8321 0.5376
~v=0.07 0.5388 0.8479 0.9817 0.2992 0.8355 0.5247 0.5830 0.8346 0.5339
v=0.10 0.5390 0.8477 0.9821 0.3358 0.8197 0.5889 0.5971 0.8268 0.5467
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