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Research on Short—Term Wind Power Prediction Based on Multi—-Task Learning

DU Mingshan, ZHANG Haiqing, LI Daiwei, TANG Xin
(School of Software Engineering , Chengdu University of Information Technology , Chengdu 610200, China)

Abstract: In order to improve the accuracy of short—term wind power prediction, a multi—task learning model with hard parameter sharing is
proposed. It is divided into parameter sharing layer and task specifying layer. In the shared layer, on the one hand, since there are not only
time dependencies in the time series data, cross—dimensional dependencies also help to improve the prediction accuracy. Therefore, a cross—
Dimensional—temporal Dependency Mixing Encoding Module (CD-TDMEM ) is proposed. On the other hand, in view of the different effects of
different scales of Information on predicting future results, multi-scale Information Encoding Module (MSIEM) is constructed for multi-level
high and low frequency components.In the task specification layer, for each subtask, the coding information of the multi-scale module and the
cross—dimension—time—dependent hybrid coding information are fused, and then decoded by the multi-layer decoder. Finally, the one-step
decoding of the Transformer generative prediction model is used to obtain the prediction output of each subtask. The experimental results show
that for the short—term wind power prediction task , the MSE of the model constructed in this paper decreases by 13.97%, 69.78%, 75.36%,
2.30%, 7.18%, and MAE decreases by 7.33%, 53.82%, 54.29%, —2.07%, 4.32% ,respectively, in the traditional single-task learning task.
After using the multi—task learning mechanism, MSE and MAE are further reduced by 1.94% and 7.00% compared with single-task learning.
The results show that the prediction effect of multi—task learning is better. Compared with some other multi—task learning models, MSE de-
creased by 9.97%, 8.27%, 3.34%, and MAE decreased by 16.43%, 10.74%, 7.96%, respectively. The ablation experiment also shows the
effectiveness of each module.
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Table 2 Comparative experimental results of single—task learning

models
F2 BESFIEBIIILLWER
Model MSE MAE
Transformer>*’ 0.168 1 0.260 3
Informer'?” 0.478 6 0.5223
PatchTST? 0.586 8 0.5277
iTransformer ) 0.148 0 0.236 3
Non-stationary Transformer'*! 0.1558 0.252'1
Proposed_stl 0.144 6 0.2412
Proposed_mtl 0.141 8 0.224 3
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Fig. 11 Comparison of prediction performance of single—task learning models
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Table 3 Comparative experimental results of multi—task learning

models
R3I SEEFIRBMEIHRER
Model MSE MAE
MTL-LSTM!'®! 0.154 6 0.2513
D2SA-AR!7 0.146 7 0.243 7
WaveNet - MmoE!'™ 0.1575 0.268 4
proposed_mtl 0.141 8 0.2243
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Fig. 12 Comparison of prediction performance of multi—task learning models
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Table 4 Results of ablation experiments

R4 HELRBER

Model MSE MAE
Model-V1 0.148 8 0.2533
Model-V2 0.205 6 0.3362
Model-V3 0.145 4 0.2312
Model-V4 0.142 6 0.228 6
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