Advances in Applied Mathematics N %223, 2022, 11(6), 3806-3815 Hans )0
Published Online June 2022 in Hans. http://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2022.116408

ETF TransformeriZBIg9 % R & RS 000

T ERAERERIEHE, TR LT

Woks H . 20224F5 4230 FHER: 20224F6 150 KA HI: 20224F6 H27H

G2

PEE LT AR RBREXZ HTHT K, REZGEIEBHENE, wmEHER BT EEASR
TR P BRI IR BRI AR B R IR R R . TSR N T R SR 3 M A AL B 32 5 40478 mT DA At
WERRBTEENREERE. TRE, FRZEEZEAMEAN T RREARRIRE 2 5 R O i =
W RE, BAREET AHERBR, ERB XA FH B R = T g i g . RSB
PL_EFEAE R 1) R, SR P VR B 22 I BIAR R AR et 22 I 48 (transformer) /B A ) 48 3 4 28 ) ot BE 204 BT FF
BT, HARNRINRERRENERMABINSER S, % AT LRI EFFRERE R,

R JE B CNNEEAR KA R R ERFHMERATRE G, A EZRW A F A SR IR, A%
BUREEYT (300003). 124:4242(300014). 8 K17 (600000)F1 R KIS ZE (600006) VU 4 it SEAE 525
B, LRERRE, AESNEARGHEROTEN BEN. BEN. W& RXE)NEHERT,
BT 2 R EREN A TR R B R R RIZ AR AT .

e 45
WEEY, REMMN, £RE, Transformer

Multi-Scale Stock Prediction Based on
Transformer Model

Wengqi Lj, Le Gao*

Faculty of Intelligent Manufacturing, Wuyi University, Jiangmen Guangdong

Received: May 23", 2022; accepted: Jun. 15", 2022; published: Jun. 27™, 2022

Abstract

With the expansion of the stock trading market brought about by economic globalization, the
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stock trading data is increasing day by day. How to use a more effective method to select high-
quality stocks from a large number of stock data has become a more and more concerning issue
for investors. The use of artificial intelligence technology to analyze and process transaction data
can effectively assist investors in making reasonable stock selections. In recent years, different
scholars have tried to use the deep learning method of artificial intelligence technology to solve
the problem of stock prediction. Although they have achieved good results, they lack the stability
of stock price forecasting ability in different forecasting periods. In order to solve the above prob-
lems, this paper uses the transform neural network (transformer) in the deep learning technology
as the basic network structure to predict the opening price of the stock price, and input the stock
price of different time scales into the network model, which can deal with more global. Then, the
features of different scales are fused by CNN technology, so that the model can meet the prediction
changes of different periodic data. This study selects four groups of stocks of Lepu Medical
(300003), Yiwei Lithium Energy (300014), Shanghai Pudong Development Bank (600000) and
Dongfeng Motor (600006) as experimental data. The experimental results show that under the in-
fluence of five basic trading indicators (opening price, high price, low price, closing price, and
trading volume), the multi-scale stock price prediction model of this study has better performance
and generalization ability.
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Figure 1. Transformer network standard architecture [20]
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Figure 2. Multi-scale transformer model architecture
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Figure 5. Shanghai Pudong Development Bank stock data opening price
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Figure 9. Shanghai Pudong Development Bank’s stock data opening price prediction
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