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A dual encoder-based approach to predicting stock price
by leveraging online social network

CUI Wenquan, WANG Qingfang

(Department of Statistics and Finance s School of Management s University of Science and of Technology of China ,Hefei 230026, China)
Abstract: We propose a dual-encoder which encodes the investor sentiment and technical indicators
separately to improve the accuracy of the encoder-decoder model in predicting stock price by using two
types of information. For the dual-encoder and decoder, we revise the gated recurrent unit (GRU) by
removing the reset gate, using the update gate instead of the reset gate function and replacing tanh
activation function with RelLU activation function to improve the speed of network training and the
accuracy of the model. We regard market sentiment as a discrete-time stochastic process. When fixed
time, market sentiment is a variable subject to a certain probability distribution. Sentiment score formulas
are built for investor sentiment by a pseudo-label based sentiment classifier, and the market sentiment is
estimated through ensemble Bagging learning. The orthogonal table experiment design is used to select
parameters in our dual-encoder based model, which greatly reduces the time of parameter adjustment.
Finally, experiments are conducted to show that our dual-encoder based model is more accurate than
encoder-decoder model, and investor sentiment helps improve the stock forecasting in our model.
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Fig. 3 The price curve of SSE Composite Index
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Fig. 4 The price curve of SSE Composite Index
after second order exponential smoothing
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Tab.3 Orthogonal design table L,s (524')
95 T LE K 9= T LE K

0 5 16 5 10 32 5
2 15 64 5 20 128 5
4 25 256 5 25 128 10
6
8

20 64 10 15 32 10
10 16 10 5 256 10
10 5 128 15 11 10 64 15
12 15 256 15 13 20 16 15
14 25 32 15 15 25 16 20
16 20 32 20 17 15 128 20
18 10 256 20 19 5 64 20
20 5 32 20 21 10 128 20
22 15 16 20 23 20 256 20
24 25 64 20
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Fig.5 The RMSE of validation varies over
time in orthogonal experimental design
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Fig. 6 Predicted results of SSE Composite Index
using dual-encoder-decoder on the test set
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Fig.7 Predicted results of SSE Composite Index
using encoder-decoder on the test set
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Tab.4 Predicted results of stock index using

different models on different test sets

50 R RMSE MAE MAPE
Dual-Encoder-Decoder

(U-+L-+M) 0.0993 0.076 0.2834
Dual-Encoder-Decoder

(U+L) 0.1139 0.0867 0.3228

Encoder-Decoder(U) 0.1197 0.0946 0.3526
Encoder-Decoder(U~+1.) 0.1737 0.1441 0.5393
Encoder-Decoder(U+L+M) 0.1559 0.1271 0.4754
TSR 2 WL AR A A R IR AN I Y
R, R SCTE RMSE S5 3G 45 b 09 B4t L, i 5 X
R A AR TR (8 JRE i T 2 R, R R 5 e
T Y HERR A, ISR 5 s, T LU L AR SO T
XS G R i R i A5 TR o) i S 1 A T &5 R
P, it g LDA FRIER TSI IS 3716 46 % LDA
FRAE YD 72, A A5E Y 174 T 45 SR 5T M.
x5 HEAEARBBTHREBZNTNERES L
Tab.5 Comparison of the accuracy of the models
prediction of stock trends under different data

P B i) R
Dual-Encoder-Decoder(U-+ L+ M) 84.03%
Dual-Encoder-Decoder(U~+1.) 83.19%
Encoder-Decoder(U) 76.47%
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BH ARSI ITE O-GRU By 0 45 847, A T H
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Tab. 6 Comparison of the predicted results
using different neural networks in the model

TR v (4 4 25 ) 2% RMSE MAE MAPE
GRU 0.1112 0. 085 0.3191
MGU 0.1108  0.0857  0.3191

Li-GRU 0. 1301 0.1037  0.3867
0-GRU 0.0993 0.076 0. 2834
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Tab.7 Comparison of the predicted results
on the 2nd and 3rd day in the future

st ] F Y RMSE MAE MAPE

* 3% Dual-Encoder-Decoder ~ 0.2043 0. 1658 0. 6219

0.2684 0.2169 0. 8142

0.2738 0.2231 0.8338

Encoder-Decoder

0.4170 0. 3510 1. 3062
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Fig. 8 Dual-encoder-decoder prediction results using
two inputs compared with actual price
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Fig. 9 Comparison of the model’s prediction
results for the third day in the future
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