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Multivariate Time Series Prediction Based on Gating Weight Unit
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Abtract: There is strong dependence among the variables of multivariate time series, which makes the data trend
unobvious and the prediction difficult. Traditionally, recurrent neural network with gating mechanisms and its variants
are used for prediction. But the interdependence between sequences makes the prediction result of mutation data not
accurate. Based on information entropy,a new modified gating weight unit is presented. The change degree of data is
quantified by using information entropy to dynamically adjust the weight matrix and describe the trend of data. The ex—
periment is conducted with four public data sets. The experimental results show that the proposed model has better
prediction performance than the traditional recurrent neural network.
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Tab.1 The index value of different neuron nodes size in LSTM

Neuron size RMSE MAE MAPE
16 3.934 2.611 0.050 2
32 1.199 0.917 0.017 9
64 1.218 0.887 0.017 4
96 1.514 1.073 0.021 0
128 1.835 0.884 0.017 0
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Tab.2 Accuracy of LSTM with different hidden layers

Layer size RMSE MAE MAPE
1 1.378 0.952 0.018 7
2 1.218 0.887 0.017 4
3 1.662 1.290 0.025 4
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Tab.3 Performance comparision under the same algebra

p:
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Tab.5 Performance comparision of various RNN models
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Parameter Modal RMSE MAE MAPE RMSE MAE MAPE RMSE MAE MAPE RMSE MAE  MAPE
(2,64)  Simple-RNN ~ 0.181  0.129 0.0094 1678 1318 00260 2630 2171 00127 4301 3908 0.101 0
(2,64) LSTM 0.182 0.I38 00096 1218 0.887 00174 1523 1094 00068 4118 3469 0.0910
(2,64) GRU 0206 0.143 00106 1307 0933 00184 1481 1.075 0.0066 4566 3973 0.103 1
(2,64) E-LSTM 0.177  0.125 00088 1.140 0834 00171 1472 1031 00064 4007 3418 0.0890
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