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Abstract

With the development of machine learning and deep learning, the traditional time series model
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has been unable to meet people’s requirements for the accuracy of stock forecast. Therefore, this
paper introduced the LSTM recurrent neural network model based on PyTorch framework in deep
learning to predict the closing price of Entrepreneurship 300 Index, and compared the forecast
error of the model by setting the number of iterations, the value of the forgetting gate bias and
LSTM unit numbers. The research shows that the LSTM model with 200 iterations, 2 LSTM units
and 0.4 forgetting gate bias value has the smallest fitting error for the closing price trend of En-
trepreneurship 300 Index, and average absolute percentage error reaches 0.0109, providing a ba-
sis for further using PyTorch framework to construct recurrent neural network to accurately pre-
dict stock price.
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Figure 1. LSTM neural network unit structure diagram
[E 1. LSTM #1£2 M4% S T 454 &

MIE T ATBAES], LSTM ALK 1 MR8 1 1 AN BIRES (cell) Rl 3 AT ] (gate) L . AR
(cell)s& LSTM BB SCEEFRE, KUATAAERS, BB RCIZ73 8] . AR BE A I BT AR, %)
R T e FI R Er . TTALHRDR LhE Bk R s 5k, 8 sigmoid bR EUFA s Fe i A S .
sigmoid HUE AT 0~1 8], el | TAEERE B BN aA 28 LUEE), 4 sigmoid
IO W RR&FEE, WL N RoR e (R 58 At ().

LSTM H1 =M1, SRR AN HI4H IR 45 . 181 (forget gate). 5 371 ] (update gate) F1%i H: ] (output
gate).

LSTM H{RAFHI N1 A5 BB SO I A e 48], 78 t I Z1, & T TR R IA 08
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BT AERAVETE . S ICERS, TensorFlow HEZERE Zia T T AL, B85 RAWITE L, TEERIR
BORES, TR A 1 PyTorch AEZE R 212 T2 AR5, R+ Ri&, B:OUTH Torch, 324 H
FEYE, it EEEM, GERREDES, @RS EEEN, #1200 S MR EEAREOHET &M
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Figure 2. LSTM prediction model
& 2. LSTM FHumiEs]
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3.4.1. FERBERRBHTIRE 53 #7

Datal BATIEFEH A Femthy BARM . L E. R AT B AN E, Data2 Nk
PRIEAS S AR iy BURY . RS R RS FRK R X N AN AR N, DA
M oty A B 7 LSTM AR AL FEAT T o 31k AR IR EIOW S A e 4 N AR B AT IR~ 38 480 B 7 L iR 22
WHEBEI MREN 1, LSTM BonHCh 2, % 1 vl B R 2= 45 Bt b

Table 1. Comparison table of prediction errors of different iterations

= 1 PREERRBH TR ZERT L=

Datal (i \N4E)¥ =5, Data2 (Mt \N4E/% =6,
AR IR BEIMRE=1.0, BEIMWE =10,
LSTM Hot# =2) LSTM HI0% =2)
10 % 0.0472 0.0439
50 VX 0.0360 0.0322
100 & 0.0303 0.0214
200 & 0.0210 0.0189

7 1 AR AT, NGRS, T 20 B 43 PR 22 RN s E Bk B X A A RN
A DA S B T e 22, B 5] NIk BRIE AR B B A Se bR o B IRARIRE I R 0, 000 5% 22 5 12 8 B
ik, 10 H MR ZEE @S T LUE HAEI%4R 100 kI, M4 D bhickase, (HAEEA 200 IR, T HERfG %
LB HRAR .
3.4.2. AEESI MRENTRIRESHT

BT Data2 (%ds, SEIEARECN 200, LSTM FoeHE AN 2, SEBET MR B MER KA 1.
0.7. 0.4 HHATSEEG, PMRZESS UL 2 fios.

Table 2. Prediction error table with different forget bias

F 2. FNENESMMRENTIRESR

PR B MME =1, BMEIMWE =07, WEIMWE =04,
LSTM Hyu%t =2 LSTM .04 =2 LSTM #7040 =2
200 % 0.0189 0.0223 0.0174
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% 2 META A AT LG Y, Data2 (13881 1 BE 2k, Bl sSid 358, MGG i T
W WEPAIRT LA, 78 Data2 Ui 1R EAEFE /N, BEEEidEd —LE1E B, PEIIERSR
AR, FHETRSREERN MG, KTt PR e Rt S5.
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#:T Data2 H8ds, WEISRIRECH 200, EREIMWE N 1F 0.4 FIZFMET, KIKIE LSTM [
TRECN 20 7. 14 SEREHEAT TN, S BUITIIN R ZE 45 R AR 3 B .

Table 3. Prediction error table for different LSTM cell numbers
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Ve . . . . . .
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200 X 0.0186 0.0239 0.0482 0.0109 0.0159 0.0385

H 3 ME R AT AL, 1€ LSTM SonuEinifsal ~, M IIZER RIS T, nTRUEH, HEE
ITIBTE 7 RN CIRFRE L 14 R ORICFRE &, 76 2 RINIOCIRFEIELL 7 RN I CIFR B 2 e . 7EAH
[F e LN, B e B RO BN, TSR 2 LU 7 LSTM B e B K It
T, POZIEFRE/NE S IMRE, Deidll K2 RE R .

g BTk, 13360k 300 FEHUSEL O SRR 3 B AR RO N B 6 4, AR ECR 200,
BT MWE N 0.4, LSTM HICHCN 2 (3T PyTorch HESL LSTM G40 X 28 B

3.4.4. ARG R

JEHL Data2, BUIEREFFRLMN. Bemih WK RS E . A HURIK ER IR I 7S AR A N\ B &,
IEAIRECH 200 IR, F3oilft LSTM A — (ST 1MW E = 1. LSTM Hot#t =2). LSTM B — (=]
B =0.7. LSTM 0l =2). LSTM B8 = (8= 1mE = 0.4, LSTM o8 = 2)iXx = MERH Loss
{EL Bl 32 QRS AR A0 ) 4T 28 P DL P 3~5 S5 A% 78 1 00 45 S 1 mT A4 PR AL Pl 68
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Figure 3. Loss function diagram (LSTM model 1)
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Figure 4. Loss function diagram (LSTM model 2)
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Figure 5. Loss function diagram (LSTM model 3)
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Figure 6. LSTM prediction of model 1
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Figure 7. LSTM prediction of model 2
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Figure 8. LSTM prediction of model 3
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% I PyTorch HEZEE T SLIL 1 -1 SE TR0 (1) 9R 8 25 ST i A DA S VA RE SR, 1931 T Btk
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