WM HEFRFR.H 3555 1 H.20235%2 A
Journal of Zhejiang University of Science and Technology
Vol. 35 No. 1, Feb. 2023

doi: 10.3969/j. issn. 1671-8798. 2023. 01. 010

% B (8] R T 2R 4 A 3\ X e I 4% /Y B 5 Tl

A RLH R EIh BT

CHT VTR B 2 e B2 e, BUH 310023)

W OE: RNBNGERAREE REREMT S RAEFEERE. (BN T AR EREUN 2 5 B0 A
ESE 5] R, FRATTA T 20 0 (R RUBBE T A8 4 2E st =X 470 090 28 of J 1 o Sk 7 1) AT 0000 K7 3 X e DA X ol A< 4 040
TCTE T 46 4 385 2R A o DA FRUBH 28 0 28 440 328 40 1) 4% 5 SR 05 40 00 A= 4% 55 0 001 2 A 22 B R) R BE B b BEAT R
Y 4 UK I 5 0 00 RR AL Ji5 K 45 R B e 5 AR B AE2Y . (45 SRTE U 98 300 48 0. i B AT 5 B v Bk
JBe A SR R AR R AT SEAIE 43 T 35056 & B IR 300 8 B30k 3k 7000 o4 i 25 1K 2] 59. 63 %0 . A I BUHIE 96 UE 7% WA A SO R L
A RRE TS U . (458 IAS BT 68 42 v W00 B A0 ik Bk A i o6, 28 1 B MR 40 BT T ik

KRR BB 5 22 0 [R] RUBE 5 A2 N H 0 25 5 B ] 4 S 01 1042 00 2% 5 5 TR 48 90 2%

hESHES: F832.51 XHARERD: A XEHE: 1671-8798(2023)01-0072-09

Stock price prediction with a variant generative adversarial

network in multiple time scales
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Abstract: The stock price prediction can provide an important basis for the company’s
operation, investment decision-making and market supervision. [ Objective ] To avoid the
problems of insufficient feature extraction and inaccurate prediction, a variant generative
adversarial network in multiple time scales was constructed to predict the rises and falls of stock
prices. [Method] First, the generator was constructed with the bidirectional long and short-
term memory network, and the discriminator was constructed with the convolutional neural
network; then, game training was conducted on multi-time scale data by the generator and the
discriminator respectively; finally, the prediction model was obtained by splicing the results
after long-term and short-term features were extracted. [ Result] The CSI 300 Index, China

Construction Bank and Shaanxi Coal Industry stock prices were selected as samples for
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empirical analysis. It is found that the accuracy rate of CSI 300 Index rise and fall prediction
reaches 59. 63%. The validation of individual stock data shows that the proposed model boasts
certain stability and superiority. [ Coneclusion | This model can improve the accuracy of
predicting the rises and falls of stock prices, and enrich the financial data analysis methods.

Keywords: stock price prediction; multiple time scales; generative adversarial network;

bidirectional long and short-term memory network; convolutional neural network
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Fig. 6 Division diagram of CSI 300 Index training set and test set
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Fig.7 Comparison of numerical prediction results of CSI 300 Index among various models
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Table 2 Comparison of evaluation indicators for prediction results of CSI 300 Index among various models

A MSE RMSE e e ARlls/%  FoE/%
GRU 404. 493 20. 112 56. 84 56. 50 56. 84 56.67
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Fig.8 Comparison of cumulative rises and falls of stock prices of CSI 300 Index predicted by various models
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