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Abstract

The price change of the CSI300 price Index reflects the trend of market stock price changes, which
is one of the most concerned issues for investors. How to build a suitable model to fit the price
time series has become the key to solving this problem. This article explores the price predictions
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of different deep learning methods, and acquires several exploratory suggestions. In the empirical,
this paper takes the CSI300 price index as the research object and the data from March 2016 to
March 2021 is selected, including daily opening price, highest price, lowest price and closing price,
with a total of 1218 data. Comparing and analyzing the prediction results of different models through
evaluative indicators show that Models with more adequate use of data and information provide
better prediction results.
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Figure 1. Framework of LSTM
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Figure 2. Framework of attention mechanism [15]

B 2. EEDHHIEHIE15]

FAEH R NTF 2 M R, FEEP Pk M AR pE R, 2RI T EZI(E .
ERIWLEIE =M% Query, Key fl Value, HpA%ighiit 2l Q 27 FIX; K-V HFIBLS . == I
53R 3ABIRIAT, RTRIANTA A, B Bod i A HACGE w, 53] Q, K, V, BB EUEREF 2 Q,
K Z B AR, i H A 2O P2 AR R J1 4350 28 M BUB I SR R 140 BO AT FrUEAL 1S BUAUE R 5L
B ERERE (T IIAY VRIS 2 B A AH TR P51 bo

s, =tanh (W, xh, +b,) Q)
B exp(s,)

“T S exp(s,) (10

szatxvt (11)

&2 ) Transform A7 32 Z Xt Transform 84 {0 fRAD 28 R4 T 002D, TON 4 Rl A 8] P 20 8008, A SO
Y 2R AR N — R AR Z(FC), o B0 1 2 B 5 NI 2R 550 b 25 0 4 o
2.4. DeepAR 1E#

Fl 2, 5 i ANFESITERT D0 ¢ MM, x, JOmA5AE, 1, FoR BUNATEART 1], DeepAR #UHHET [ ]
VARER RN 2 O 2, (AR 501, R 41 (2, 16, ) %

DOI: 10.12677/hjdm.2022.122018 176 EAGIEEraE


https://doi.org/10.12677/hjdm.2022.122018

EAEI, PRI

Sample
z~1(10)

(G106, | 1,10, | G0 |
Network | /%, /|‘| h, M. | Network
Input | Zi g9 X | Zi15Xiy | ZipoXign ‘ Input

Figure 3. The left is the model training process, the right is the model prediction process
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Table 1. Training sample data
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2021-03-08 5299.79 5326.26 5079.80 5080.02
2021-03-05 5191.97 5307.82 5174.25 5262.8
2021-03-04 5388.48 5392.37 5254.78 5280.71
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Figure 4. Target value for model training data
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Figure 5. Prediction result of deep learning model for Hushen300 index price
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Table 2. The evaluation index score of models
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LSTM 128.4601 10.5166 110.5997 0.9310
CNN + LSTM 64.5461 7.2836 53.0502 0.9540
DeepAR 61.6524 7.2677 52.8197 0.9740
ModTransformer 34.9554 5.1822 26.8547 0.9790
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