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Abstract

Stock price prediction has been widely concerned by financial investors and scholars, and it is also
the research focus of scholars. The non-linearity and volatility of stock prices make the accuracy of
stock prediction using traditional statistical methods less than ideal. LSTM model has great ad-
vantages in processing time series data. In order to further optimize the prediction model, this
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paper proposes a bidirectional propagating long and short time memory cycling network (Bi-LSTM),
which can forecast stock prices by bidirectional propagating historical data. In addition, the tradi-
tional neural network BP, LSTM and GRU are introduced to compare with the Bi-LSTM model pro-
posed in this paper, and four error evaluation methods of MSE, RMSE, MAE and R? are introduced
to evaluate the model to verify the prediction accuracy of the model. The empirical results show
that the Bi-LSTM network based on ADAM optimization algorithm is superior to BP, LSTM, GRU
and other traditional prediction models, and the accuracy is significantly improved, which verifies
the effectiveness and feasibility of this model.
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Figure 1. Basic unit structure of LSTM
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LSTM [P 145454, BN B0 3 BT I 18] /7 1) 30E B A0 B8, A6 280t A o KA IF ] 7 510 A8 4 b (1)
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LSTM KTt EA T

f, :a(wf ~[h_1,>q]+b,)
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Figure 2. The basic structure of Bi-LSTM
2. Bi-LSTM Ry E A ZEH
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SIS B AT R IE A A S RO A, 5 Adam (RALSEEHEAT BRAL IR S R 4 1 B
Table 1. Adam optimization algorithm to optimize the steps
& 1. Adam RALESEHI TR DB

K SHHIIHAL:
m=0, n=0

THEL t 2B
9 =V9f‘(9171)
HHSH-
m =Am_+(1-4)g, (momentum I)
n = ﬁznxfl +(1_ﬂz)g(2 (RMSprop Iﬁ)
THEABIE R ZE
M, =m,/(1- )
ﬁ( = nx/(l_ﬁzl)

BT :

0.,=0,—axf [(JA +2)

Hohm N—MshET, n NZMEhED, BWYIEAN0, M, A SRNBIEERE, 6., N5 t+ 1 k%
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FEI7E 0~1 2 08), R®AMEFREIT T 1 Fon BUSL Al 55 TG 22 18] FROAF ¢ Bt o X SR 22 Pl T iR S i 8
FrsE AR :
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Figure 3. Line chart of Construction Bank stock
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Figure 4. Comparison of predicted values and real values of different models
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Figure 5. Fitting result graph of real value and predicted value
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Table 2. Regression equation parameter table
2. EEFESHER

LSTM

9.50 9.75 10.00 10.25 10.50 10.75 11.00 11.25 11.50

actual value

Bi-LSTM

9.50 9.75 10.00 10.25 10.50 10.75 11.00 11.25 11.50

actual value

BP LSTM GRU Bi-LSTM
a 0.6958 0.7169 0.9145 0.9376
b 3.0125 2.9956 0.7887 0.5723
R? 0.5286 0.7716 0.7813 0.8988

NEAE Bi-LSTM BEARUHERG L, Ao, A SO il 77745 BP. LSTM. GRU X =M
RUBEAT EOAS, B TR 45 RBEAT X B i (] 6 ARSI 5 = ME GRS g I &5 5L, B, W]
DAIE AT BP BEAITRIN Sk 45 5 H B M 22 e K, HARBER R TG 5 B S By Er, H
Bi-LSTM 2 T 1 45 SR 5 FL OB f IR , AT 1) Bi-LSTM TRUIIASE 7Y i 5 4 b %o e 552 R WAC 2 o
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Figure 6. Comparison of predicted and true values of different models
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Figure 7. Error graph of different models
7. SEENRERE

Table 3. Model prediction error table
3. RBETUMIRE R

Models MSE RMSE MAE
BP 0.0753 0.2767 0.2110
LSTM 0.0387 0.1959 0.1481
GRU 0.0173 0.1313 0.0993
Bi-LSTM 0.0166 0.1282 0.0969
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