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Abstract

The fluctuations of stock prices are closely related to the interests of investors and the stability of
the macro-economy. Precise prediction of stock prices has attracted much attention. Traditional
prediction methods, such as the Recurrent Neural Network (RNN) model, have problems like poor
long-term memory ability and low efficiency when predicting stock data that is nonlinear, non-nor-
mal, and has time correlations. As an improved recurrent neural network, the Long Short-Term
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Memory (LSTM) model can better handle the correlations over a long time span, improving the ac-
curacy and stability of predictions. This paper takes the Shanghai Composite Index as the research
object, conducts a comparative experiment between the LSTM model and the RNN model, and eval-
uates and analyzes the performance of the models. The results show that the predictions of stock
prices using the LSTM model have small errors and good effects, indicating that the LSTM model has
certain application value in the field of stock price prediction.
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1. 51§

BEE A ERATTA R ISR T3 BB, ISR AR sl AN L2 e A 0B (K W i
XA T IR E S KA ETRE W . AF RS S i BRI N AT 22—, e s T Ji 52
Ytk &2 B R H I RUE . BT IREE TR B R E RN 2 1%, A£G B 7 &N 2 7o a4 . RNN A5 8Y)
SSAAAETE 2 JRIRE, DU SBCE T h B OGHRHIE, SRS RAE . JCHRAE T RA 253
P BORARMSERG O, ARSI VARI TN BE 71 3R KAT Hr

BB DA o S £ e R U b X N T AN IR JE S A T IZ X 28 (LS TM) AR R g JB S A0 ks T B2 4 1 3
HBER . VRN — MOt RO PEFA R I 2%, LSTM B R 5 R A BRI 1] P 1) 08l rh IR R 22, 5
Hi Y AR5 RNN AR 75 5y H I AR o0 FEE ¥ 2R R X 0 AL, B ) P 47 9000 o e B L 2 25 (895 1] LSTM A2
T ICAZ BT R I SR U A IS TR PP S (IR, RE BE N 3] HIRAIR A T30, a2 fu Ak 2k
PER AR B, R LSTM BEARUG B2 M At AT TN, o X S AR GBI E B, I AN el
BRI 5E B SRS T 35, AT B AE R USR5 R E, B BT AT

A EAEIEH] LSTM BRSNS I Z2 (A% AT T, I HCAE R S A% 000N 1) vk, Dy i v X
B BN SR RS M 150 B, RN L SRR AL GER TN 7 %, VRAHI IR LSTM AR [
CERIEH RIS, MAEHRMICE R B, LSTM R ALTE I SR T (g R R, DA R S
B Wa, 5 RNNBARGETXILE, PPAE LSTM B RE I S 45 AR BN T vh A

2. XEkEER

LA V2 538 R R FE 2 20 AN B2 A TN EAT W 7T - 301, 5K 5t B R U 22 45 (CNIN) B
TSR, ok e AL 7 E M T Rk WP A B R, R S SCRF AL, e T R TR
AN ZR TN HAE FE[2]. SRTIT, KEMIBT TR Y] CNN BB O B g AT R AE SR B, E6S BAT I [8] Fr 71
PE RIS 1B A AL RE I AN AL, TEik7e 23 A D S8t rh IR I T AU U2, o e T IR AR 22 9 2% (RNIN)
REME =5 &I FFE , $248 KA, H S 3R BURFIE LA & N B4R A, VF 2 2 JFIRMEEH] RNN B2
ATT . Metawa 55 F 4t 10 22 70 E AL SR U FEGel = P 22 T licRE . 2 2] RS HG AT Uik, AR
FEFTI B S A% Lk s T 7 1A BRI PERS U5 R3] AN, RNN EUIZRE R 74278 5 Hh D6 B K
R BURS FE IR A R, XA 15 B AR A BRI 18] 3 B M0 i R B A, e DAME A A7 SR B S0 M RO I S
k.
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NEDE RNN B A a8, 22315 T KEIHICIZ N (LSTM)BH T L . #7336 F LSTM #14%
RRZ8 A 3 T LB FR M M Ea A TR AR Y, 15 BP #4848 AL 4L 1) RNN BEAUAR B, fd ] LSTM B A4 75 3]
(P FI0I &5 SR TR, AR FE R T (4] SKASEE LSTM 78 B A7 TN A A Tk ik 00000 795 A 75 T 1) 512
WEAHT, BAE T LSTM X ZEH0E 43 M AT 47T PE AN R [5]. Nath Z5F)F LSTM HEATIEEE T35 P65 307
W, RBEFAAERE T IR TR 7 2H K [6]. th4h, Giang Thi Thu 5542 H T N 3h &
FIFI4RIER LSTM AL, Sl Ik B4 I B2 0 st AN ks S AT TR S, 3 1 TS Y PR R [ 7] - BRI T
EAE¥ RNN F1 CNN R 3845 &k, FIH RNN ALERIS 8] 7 5105080 (R g J A1 CNN SR SRERE 1 B
71, SRFHBEMAE T A PERE[S] . SEIRRI AT T 2 FhIRFE 5 SRR TE B S A T IR, X Ee o dr 77
LSTM 5 HAWBA (i a5, FRER T8 LSTM 5iE = JIHLHI S AH 45 & 77 SR [9]. X2l IR 4y
R Z2 IR BR RS %, B2 R EE(S BB\ LSTM BB, 3958 7 AR R A 2240 b 55 4% e 5 i L g
F1[10].

ME AR, MR TGN, LSTM BIBLER S T B 7 — @ s, rel
BB 8] 7 A0 EE, WIS &R, PEm TS B . R LSTM AR AL AL I S0 b F30l 77 T B A5
T RS, B R R . S SO LSTM BARAA (R LA ), e A A 2 PR 1%
BUF, BRLZS Gy B SN R BE g 7S, S EE R I AR ) R, oA R T B SE T )
BT R E S o AU T 37 o B SRR S B W I B & RN 2, Ui i BRI 2 AR A, 3 DA
PR BT R, R R TTABAS 1] AR B 7 I 0 A I 20 2 ROk A1 42 R A U4 1)
A, TRl B A AR R FUFSRIR BRI AT LS, B AR B T B AR DL E M, B iE I L
S fi LA I SEAN A% T P 281

3. {RBGRFRIRI 4R
3.1. RNN &3

3.1.1. EXEFSRFE

PEIFHZ M 25 (Recurrent Neural Network, RNN)YEA—28 & [TAEE A 5 w2 2%, H & 58 301l
1Zf877. RNN HHINE . Hinh EMBRUZ M s, FLRGElZ BERUCk BN Z MBS, XiEgh E—i
ZIH BB AE S, XFME B BT T XA N 28 250 S S As AL 12] . i ixai 6,
RNN 7EJEH I A2 A Al i 3 B [R5 S, A RS2 PR o 7E T (8] /7 71 508 B, RNN Be Ak HiE i
IR A AR, 456 SuTR 2 NS 2, X5 SR8 008 AT WP HEWT, X R R D AR I 5
PRI R AR TR S5 AT — 5 IS A E

[, RNN #5880 G 2 H AR BE A AT S5 AR R AR A, W52 A 25 S5 ) THEAT A A A4 . A S5 R A
MRS R, RNN AR % 2 )8 I R g e 42 77 30, AG R H PR I () 4 B2 0 U ) 2544, SICBRT B[]
FIH Bl AR A B AR

3.1.2. KBEEFRRE

RNN A A 8 7E T30 BB A TR AE 7 5045 2., AR B 7E AL B 2 i i 2 (R 5 b RERE R 2
T IR [B) 242 FR) A JE T B T P 1) v PR AR O SR AT A%, ORBE B (ISR, SATT, RNN ZEAL BRI [i]
FPHI R AE, B HCAZRE D g H 2k . s 7 5K, RINN A DU FE 89 507 (R IE S S
R ZRATR, AN AT I8E G 2 Y DA BT 2R S5 0 BE I M ) R 131 BB BEV 2RI, LU [R) 5 (45 B X 4 BT 24
SRR M LA, A DL S KR B AR OC &R s MR FEIRIE N 2 ik S HOE AR, PEASHEALUI 2Rl sl st
RNN KB P FIR TR 8 B BORAG,  7E R FIUB F7 51 5 A BRAT 55w (¥ B 52 21— 5 R
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3.2. LSTM #=&!

3.2.1. BEXESRIRE

KA L2 4% (Long Short-Term Memory, LSTM)5#/JH Sepp Hochreiter #1 Jiirgen Schmidhuber $
i, JEH Felix Gers HIAK HBATIRALTI [ 14]0 1E N —FREIRIVIEIAMPLEINLE, LSTM B {EMF LS
RNN 7EAb B 7 51 2508 AR 10 RN PR S B A%, E A SR 8] P 9710 B8040 77 1T 2 300 L B PR P 12

LSTM &8I 5l AT T4, Aefg it £t s S AT B E B, A Fe K Boc &, Hizo /M
R P A R A RDIZ KIRE B . 1257t (Memory Cell)s& LSTM FIRBEA 5>, R K ORAF
B . ER R P AIE Y, A2 B ITRE AR A RN 20 RS S, I o B I SR AR E AN, W]
TRAE 7 S AN 4T s BRI BN 3RS . DI e — &S BIGRALE 0) A FRRAS, Rk b
RS BT LR AR IR A R R N A o sl X 7 2, 1042 8 a8 DLE B AR WP S0 b g 2
iR B A5 R AR, A RN 1)

3.2.2. LSTM &84y

LSTM 4 3= B2 40 MR A5« FRmDIRZS < BN 1T 38005 1A T TR B 4R IR 25 (Cell State)$F LSTM
YRR A EBIARZS,  BENE A Y HI A% 3 i R A o A R R AE A5 E . FRGEIR 2S5 (Hidden State) ] T+ S AT
AR PR AL, K AUM (5 B 5 /MBI K. ST, BT T LST™ 191145
WU, FHSRRE(S Bt . o, %N (Input Gate) Xt Fii A= EHEAT DAL, R8N0 HIR 245 1435 R
;I8 [ 1(Forget Gate) U /& 75 (1 B 2 RTANMUIR S F 1015 B, FFvee HAE 3 & 4 i g pitbsl; i)
(Output Gate) I e 52 4R AR S v 22 /0 (5 oKl HH B BEOBOIRAS s TG R Jo SR (i 5 5 v s . IX =)
PENLH I RS O 2R 1k A e S AR LR M s B, AR AR 3 HH 45 . WIIE R4 MR, LSTM B 4 4
BN, Forh 3 AN Gate MG S, 0 BISR ERINTT BUS IR H T, 53— U 52BN B
KA EAE, A PEE AN, RSN E IR A B A R

7E LSTM 8 H,  AMEAZ 5 n i A T

fi=0(W,[h.x]+b,) (1)

i,=c (W, [h_.x]+b,) 2)

o,=c(W,-[h_.x]+Db,) 3)

C, =tanh (W, -[h_,.x,]+D,) 4)

C,=f0C., +i0oC ®

h, =0, ©tanh(C,) (6)

Hrby, oy s o, ANBIETTS B TIAEH TIER Z) « KPRZS, o 9 Sigmoid W% W, W, . W,
AARCEIERE, b, v b b, NIREIE, C AWSEICIZAN, C A% EHRRICIZaN, b R4

Zouifmtt o AP B RS, LSTM M2 R EZE PR DURBL. Xt T 2 R IR 20 ¢, 6
SRR PR B N HAT AL, BEEREAH RGN TR, &a, BB F I 4
L4 RNN AHLEE, LSTM L34 52 . 78 RNN o, RIS AEAERE A & 05 Sem A MR 2142 1k,
ARSI B X A AR AR o 10 LSTM. ST A5 HAMRr 10 T 1P, RE 085 BE M 1k 52 (T I %o 240
WRE T AL TCHAAAERIE BT B e, EHsRs. Sl & ZKMHCZmE SR, LSTM 7] LLiE
MRS, LR ITOIRES RN RS E, AT SEIURH RS 2 1 R A4S, i fRAE = %
e SIBE AL AT 55 o, REG HERA T L BT [A] 2 51 o R ER S MOBOC R, SRTHE R Mk RE AN R 2
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3.2.3. LSTM & piEM 3545
S %T 1 7 (Mean Absolute Error, MAE)RE BLULHE Sz W TG 5 B Sl 2 [ F513R 2 1ok, HAE

N, TR TN A SRk, Rk
1 n

Eviae = ;Z

i=1

yi-3 )

¥ 75 iR Z(Root Mean Square Error, RMSE)f & & W {E 5 FE < [ w22 10— Fh &, X3k
HIRZELS T ORI, BE R R S e H A e 28 L SEAE IAE B, RIS R

n

| 2
Equse = ;;(J’i _yi) (®)

e R H( R )P T i (e RS RS A P UL S AR . BUEVEREIZE 0 21 1 2 i), {EdkEsr 1, &
TR BRI S RO T, 2 NRR A RO S . RIA T

n

Z(yi _;):)2

RP=1-2 ©)

n

> (v )

i=1

FRA(R )M TR RN R 2 (W AN G R IR AT A BUE TR 2 1 208, a0 {E s
1, UG REGE; AEXHE MR 0, UHIAIEC RS, RIAKXIT:
Z(xi _)_‘)(J’z -7)
R=—=2 : (10)
S-S5y

i=1

4. LSTM =B ERENEPANFH
4.1. BURERIER

W50 G ISR IR BON TS EAF T30, AT LB SO BE vk R 8 osv SO AT . 1F A
1%, FFSISER L e RUR, W% T BT, AEissEa Rk FIRE S Tk S, AR
M, BRAEEFEHRIN FIFZEE 2010 1 3 1 HE 2024 45 12 A 31 HEOEIEE AT EGE, 05
B N RN 1 BTN

Table 1. Summary of stock data for the Shanghai composite index

1. BIEGRIER R R RIEEE

H 39 TR /T wE /T LA /7T Wi dn/oe SSPZ % I A
2010-1-4 3289.75 3295.28 3243.32 3243.76 1337.73
2010-1-5 3254.47 3290.51 3221.46 3282.18 1618.58
2010-1-6 3277.52 3295.87 3253.04 3254.22 1580.40
2010-1-7 3253.99 3268.82 3176.71 3192.78 1572.30
2010-1-8 3177.26 3198.92 3149.02 3196 1217.40
2010-1-11 3301.61 3306.75 3197.33 3212.75 1775.58
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2024-12-27 3397.29 3418.95 3388.32 3400.14 5860.90
2024-12-30 3395.40 3412.84 3394.96 3407.33 5222.45
2024-12-31 3406.97 3413.45 3351.76 3351.76 5625.84

FEWCEE B _EUEZREE T L B, i TR AR RS i T, 50 H B A fE sk k. )
I, EeR T OUs, S HRYE 2 SR RN R E SRS, X IR FR X TR A IR DL
FREE. ETUEWNA, N7 HEHER. R0t s, B2 ARG, HokEREm P
HAE N F AR RS R HEAT T AC EE . WA P A R TR B a0 1 BT
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5000
4000

3000

ettt/ 7o

2000
1000

0
2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024

FE
Figure 1. Time series chart of closing prices of Shanghai composite index stocks
1. BIERiRBRFEWEMN R FE
ARSI AR 2 F7R
TR
Hodl sk B
B VA — LAk FE

YIZRLSTMAF Y
(e

L&
ol )AL A B

TR 2

JI S A% T

Figure 2. Experimental flowchart
2. SEERAEE
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4.2. BIETALE

H T Ha B R A B R S A 2R R A 1R 2 ST ROR . AN B AT IR B . HE S AR B,
IR G, SRR TR . BRI AR S A S B SR IS O, IR R, 1B H AR
5%, Xl 1) 5 S8 A SR BLR . 2558 BB SRR A 18] B B — e AR SCE, RAATE
BB BAE AT IS, BEA BUIRF AR FE Sk, Bl st O B Bl (K A R A S . BRI, DLH I
NRGIN BRI, RSB AT

4.3. BEILALIE

SR B A AR A, DL EAE SRR O BCRE ], HBUE T B IRE ZE R B oK.
PR IR LR AL B R A6 BE BRI AR NS, T R, BRI A LIS, R4
RAE. ISR EARE AT G A B, T — A [0, 11X TR, BEREH BRSO 2 ANEEm, AN R IRRRAE
HA MR, T He s B e e Az AL RE 1, BRI SRR A AR E AR S, A3 B SE T 52/
EE R BEANXA:

_ X,-min(X,)
xi_max(Xi)—min(Xi) (an
Her, x, AR, X, ONRIRIEEEEE, min(X,) M max (X, ) 70 3 9 EGE 0 e ME AT B KB -
5. SR HERSH
5.1. BiESAE

FEREAT ICER O R T AU 2R AT, 75 B — D E B AR R . SKIe e Il ¥ s & L S, 153
& R R EE 3 fos. WENTBKY 7, MEBod 2% 7 REVBEEMBERE B RN, R
KGN AEREAT T . 9 7 7870 1% LSTM B, &5 SR AR de il 0 vl 2R . R iE A tee . E
B m)ie b, AT 70% BRI ZREE, hiE) 15%MEEE1ENIRIESE, f)a 15%HI 81yl
k.

Figure 3. Schematic diagram of sliding window principle

3. BHEORERER

5.2. RESHGE
HEEIXUZ LSTM M 2% BEREA R i 18] Fe 2 R IR oe &, SO e RZ 804 2 S 3l &
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A, AR E KRN E R 2, IEESEAN NN . B G IS, [ AR TR
SR RTINS L 2 8] U R 1A, BB VI ZREE U (epoch) 9 100, BIXIIZREE B 3EAT 100 Vi)l
g5, WEME AR/ (batchsize)hy 32, RIEERHIA 32 MEA R R, W EFRSRHEN 32, AT
Adam AL SR BB S H, ERA TR S Ik WARD SRR il FEIREES: ST Zrh R I
RGOS AN A E 1

)75 RS T R HIIME 5 RS 2 R 2 E AT M AE, RENS O A A AR N (S
SAEZ R AR ZE KN, HOEFEE TR Z SRR A, I BRI RE s, DR R 2647
RANGGUEAR I FENIREE . YIZREE USRS B RIT U A%, JF B0 F0 45 A E S HAT I — 1k
A A ORAEIZ AT S R S T A, W ERENLR 50 2025, AEAFARE A ) 1 M 25 50T ELBE (A
FEEE MBS HO B AR A, 2 RNN BRTT X Hhsiclt,  DUSIE LSTM B Ay 2k

5.3. LWHER

fd1H Python % LSTM HLAL )8 &2 eI 2k, WP ZREE RIS ISR AR R AEREAT Geit, 2l 4k fE
M BRIIZE, Wlsl 4 froR.

0.175 - "@‘ —— train_Loss
%‘ —— val_Loss

0.150

0.125 - \

0.100 4

Loss

0.075 A

0.050 1

0.025 1

0.000 1

Epoch

Figure 4. Loss curve of LSTM model
[ 4. LSTM R B35 58 ph 2k

WE R, I ZRANEE R I FE Hr A 1453 2% sR EOZ /)N, 7E 80 M IRG, AL TUSk, FEARIAY
TEAWIRAL, BT E Ak -

T VAR () T AL AP, R FH IR XA R P T 5 SR AT SRR o K L SAE S % RNN BRI
LSTM #5584 i3 B FIME ST X LL 2 b, Q] 5 fos. e G, fEH LSTM BEAYAS B FiE 5 3=
SE M ES I . HIEAT L, LSTM 528 5o % 55 Gegi R ) h 1T 3 B i 3 s A 3838 4, il 280 R
B AT RNN BEAY

N T RV TR AR, A SCR S 4a5 R 22 MAE. 37 iR 400 15% % RMSE. 7€ /%L
R2MIAH K 280 R VE VRN 4EFR. %) RNN A1 LSTM B8 (RN 38R AT X EE, 0 2 Fiis.

Wi 2 fron, LSTM ALY & TiFa bR T RNN #5, LSTM #1) MAE Al RMSE $5%(34/hF

RNN %8, Jf H LSTM BERY ) kg R ECRIAH G R S T RNN B, Sl 1, XKW LSTM B[
TR ZZ /N, 0 IS ROR B
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Figure 5. Comparison of prediction results between LSTM and RNN Models
5. LSTM #&2B4H0 RNN 1R BB FUR 45 R %S LL B

Table 2. Comparison of evaluation indicators between LSTM model and RNN model

3% 2. LSTM 1&E8I%0 RNN #E B A IRNHEFRRTEE

PN FEAR MAE RMSE R? R
RNN 27.84 39.69 0.93 0.98
LSTM 16.02 26.88 0.97 0.99

N T RNV AT ECR, 228 LSTM BAURT RNN R R 20 B sl 6 B, 2B
LSTM HERIRiRZE 70 A 1], A7 109 RNN R RRZE 0 A 1], RAARKR N TIINR 228, ARl . di
Sy, LSTM HARY A TIINUR 72 1 ZAE TR AE 0 PR, IXER W] LSTM BTN 45 RIBONARE, B HURERERL
o 1M RNN FER (IR Z2 AT BN 7 B AL € LU A BCRIRZEME,  #i RNN AR (1 T A VAN

.
I LSTM 7L,
0.0251 0,012 {
0.0201 0.0104
0.008 1
> B >
z 0015 g
g g
£ & 0.006
0.010
0.004
0.005 |
0.002 1
0.000 - - 0.000
200  -150  -100 50 0 50 100 150 200 200  -150  —100 200

Error

Figure 6. Error distribution of LSTM model (left) and RNN model (right)
6. LSTM #22)(£)F RNN H 8 (#H)HiRE 57
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NATHVAS R 2 AALRE T), RS RAE T iR AT S . BASKYE 5 IR, BRHXRENLA AN FI I
A WUESERANNREER o LB, Hrp I ZREE LEBIAE 0.6~0.8 Z AIFENLE R, SRS EEHILE 0.1~0.2 22 T8]
BERLA SC, RS L] el 1 ek 25 A 5 15 21, ARSI 9 (RO 80 A 1 D o BRSE IR A5 B A R AR,
A ERRAEA RIS BRI BIAESS, 8 THE TR R Z (RMSE) FI4aX iR Z2(MAE). € R4
RO R RAB(RFE LRI PSRN, BACTPABIRAAE N LRI, Wk 3 Ps.

Table 3. Comparison of generalization ability between LSTM model and RNN model
3% 3. LSTM =AU RNN 22 f05Z (L a8 F 3t

PPN FE bR MAE RMSE R2 R
RNN 28.15 40.05 0.93 0.98
LSTM 16.43 28.59 0.97 0.99

WNEF7R, LSTM BRI & U4 FR R T RNN AL, HAEANRER 53 07 20K B0 Am i ) L
/0N, T RNN R TN AR AR S AR R O Rk, LSTM 524 BA B 47 12 ARe 71, ReBBTEAN IR 1 EdfE
TR EORFFBONRRE T TE RE -

L EPrid, 5 RNN BARUAEL, ] LSTM AR fie Z2 4 4% (0 45 SR AR Z2 5/, T &5 SR S AnAs 1,
RERRE LBy, PRI AR E VERSF o PRI, LSTM AR AL 7E Ji S2AN A T AU B AT ek 82 o 5 o

6. Lit5RE

FEgRETT A, B TN I AR R AT ST R B AT, BRI )P AR S 22— X T

BB R UL, HEBATTINBEER U A% A B T & BB UK, SCBL B IS B B I . WEWR T
HeHE ) B S A% TN A R TRt i A e, Al REHE i) € AL 2 IR BTSN,  BUF AT fE 0L 6 A
R GFEH, BV TE e et XU

AHE T S8 LSTM AU AE B SN A 00 o i S R T, 3 xR M AT SRR TS A — 5%
TRALHE, HJEEIF IR LSTM BRI Z2 A% b AT T o S A% LRI IR AR 22 U Z RS EL, S5 5R R W] LSTM
TR S A SRR B T T2 AL, BE RS AT AL B 18] 3 1 B8l P I KK &R, N R T A S %
WM ERITII A5 R A2 BB SRS T TSR H S AR, A5 AL BRI (] P 1) A AN T 5 T A et

JE LSTM B RUAE B ER AR P b R B — @ 5%, (H'E A7 e —Le R IR . ARt Al 3722
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