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Prediction Method of Long Series Time Series Based on Improved Informer Model with Kernel
Technique

PAN Liqun', WU Zhonghua' and HONG Biao®

1 School of Management, Shanghai University, Shanghai 200444 ,China

2 School of International Business and Economics,Shanghai University of International Business and Economic,Shanghai 201620, China
Abstract Nowadays,the prediction of long sequence time series problems is mainly based on RNN like models,and most of the
loss functions used are mean square error(MSE). However, MSE loss function can not capture the nonlinear problems commonly
existing in long time series data. Moreover, MSE loss function itself is sensitive to outliers and has low robustness. Therefore, this
paper proposes to use the improved Kernel MSE loss function based on kernel technique to replace the traditional MSE loss func-
tion in Informer model,and solve the nonlinearity in data by mapping the error from the original feature space to a higher dimen-
sional space. Moreover, the first and second derivatives of the new loss function ensure robustness to outliers. Under the back-
ground of multivariable prediction and multivariable, this paper compares the prediction accuracy with the classical Informer
model, LSTM model and GRU model, taking eight data sets in three types of data as examples. The results show that the im-
proved Informer model has higher prediction accuracy.and the relative improvement value of accuracy increases with the increase
of the original data volume, which is suitable for the prediction of long series time series.

Keywords Informer,Loss function,Kernal trick,lLong series time series prediction
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Table 1 Prediction results of each model on different data sets
T A A Kernal-Informer Informer LSTM GRU
i & 45 AR MSE MAE MSE MAE MSE MAE MSE MAE
48 0.915 0.545 0.932 0.561 1. 220 0. 896 1,169 0.875
WEA 96 0.930 0.549 0. 945 0.590 1.267 0.903 1.207 0. 885
o 168 0.929 0.542 0.957 0.583 1.302 0.919 1.234 0.891
336 0.986 0.555 1. 009 0.598 1.314 0.911 1.303 0.917
48 0.669 0.554 0.725 0.579 1.146 0. 875 1.115 0. 866
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