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A Stock Price Prediction Based on Recurrent Convolution Neural
Network with Weighted Loss Function

HyunJin Kim® - Yeon Sung Jung"™

ABSTRACT

This paper proposes the stock price prediction based on the artificial intelligence, where the model with recurrent convolution neural
network (RCNN) layers is adopted. In the motivation of this prediction, long short-term memory model (LSTM)-based neural network can
make the output of the time series prediction. On the other hand, the convolution neural network provides the data filtering, averaging, and
augmentation. By combining the advantages mentioned above, the proposed technique predicts the estimated stock price of next day. In
addition, in order to emphasize the recent time series, a custom weighted loss function is adopted. Moreover, stock data related to the
stock price index are adopted to consider the market trends. In the experiments, the proposed stock price prediction reduces the test error
by 3.19%, which is over other techniques by about 19%.
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Fig. 2. Structure of LSTM Cell
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Table 1. Experimental Environments

Library Tensorflow-gpu 1.4.0rcl [12], pandas [13]
CPU & RAM Intel 17-5960x 3.00GHz & 32GB DDR4
NVIDIA GeForce GTX 750 Ti &
GPU & VRAM 9GB VRAM
RNN Hidden
Dimension 2
RNN Forget Bias 1.0
RNN Stacked Layer 2
RNN Keep 09
Probability
Learning Rate 0.005
Batch =7] 200
Epoch 500
72 W3Hc) 1
Ha 7HEA 0.2

Table 2. Performance Comparisons

Model Average | Max Min Error Average‘
Error Error Error StDeV | Error Ratio

se 2,995 5,764 1,187 825 6.24
se_lc 1,643 3,981 598 541 342
se_lc_w 1,678 3,993 74 560 3.50
se_2c 1,827 3,803 830 482 3.81
se_2c_w 1,736 4,923 683 690 3.62
se_3c 1,929 4,353 704 746 402
se_3c_w 2,072 4,694 855 802 4.32
se_ks 3,081 5,837 1,585 798 6.42
se_ks_lc 1,667 3,365 416 612 348
se_ks_lc_w| 1,608 4,136 519 570 3.35
se_ks_2c 2,013 4,008 711 604 4.20
se_ks 2c_w| 1,771 3814 632 667 3.69
se_ks_3c 1,659 3,674 642 642 346
se_ks_3c_w| 1,530 4,779 642 676 3.19
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35x9] Alzte]l A/l "t #olole] e ARHA go]H
7 dEHozN 3 AZte] ZastA "k RNN & o
B &% A|ZF> RNN 129 AFS-3E 49k F71 o =9
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Table 3. Comparison in Terms of Training Time

Model Elapsed Time
se 5m 3ls
se_lc 6m 18s
se_lc.w 32m 4s
se_2c 33m 42s
se_2c_w 32m 20s
se_3c 29m 3ls
se_3c_w 30m 4s
se_ks 6m 18s
se_ks_lc 33m 15s
se_ks_lc_w 33m 42s
se_ks_2c 32m
se_ks_2c_w 32m 4s
se_ks_3c 30m 43s
se_ks_3c_w 30m 35s
58 B
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