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Abstract

Stock price prediction is a crucial research direction in financial time series analysis. Traditional
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methods such as ARIMA and SVM struggle to capture nonlinear features and exhibit limited capa-
bility in modeling temporal dependencies. With the advancement of deep learning, LSTM has been
increasingly applied to this field, yet challenges remain in training stability for deep LSTM architec-
tures and uncertainty quantification in predictions. This study proposes an improved dual-layer
LSTM network incorporating optimization strategies including a hierarchical LSTM structure, bidi-
rectional Dropout regularization, Xavier normal distribution weight initialization, gradient clipping,
and dynamic learning rate scheduling. Experiments utilize Netflix’s historical stock data from 2016
to 2025, constructing a dataset with closing prices as the dependent variable after data cleaning and
normalization. Evaluated by MAE, MAPE, and RMSE, the dual-layer LSTM model outperforms RNN
and ARIMA baselines, achieving test set metrics of MAE = 0.303, MAPE = 3.21%, and RMSE = 0.539.
Ablation experiments validate the efficacy of the proposed enhancements: the dual-layer structure
reduces MSE by 20.9%, while Dropout decreases test set MSE by 25.1%. Methodologically, this work
advances hierarchical feature extraction, dynamic regularization frameworks, and probabilistic
prediction systems, providing actionable risk indicators and tiered investment strategies for quan-
titative finance. Limitations include limited adaptability to sudden events, exclusion of external var-
iables, and potential reliability degradation in long-term forecasting. Future work could integrate
multimodal inputs to enhance model robustness.
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1. 5l

JE SN TR Sy 4 Rt (8] 5 50 0 T AR AZ O R 22—, — B DLRAZ B AR FURNE F 2 ik 4%
Gt 1 JIE S TR0 77 9 3 SR TN [R] P S AR RO A8 27 S B . B[R] 210 28 4 ARIMA [1]. GARCH [2]5%
HME AL S AACHE 1 AR LR MR RRAE, WL 2 S B U SR ) EEAL(SVM) [3]. BEATLAR AR [4] %5 B AR REAL AR 26
PER R, (HAEXTI PR AR I PR . 28 TS, ARG EHOBN THRHME TR, HIBEA MK
I FRARHR[5] . IEAER, BEE RS I HARPEE K, LSTM (Long Short-Term Memory)ii st [ 14z HL#1
RV T BRI SR I, Z D T IREE T4 . Nelson etal. (2017) & # LSTM R T S&P 500 i 4
6], 45 E/R LSTM (1) MSE £ ARIMA F£1i% 23%. Selvin et al. (2019)iEB] LSTM 7 E[J £ % T3 7t
2 FEL T SVM A MLP [7].

RSRUL, MESR G BITRIE 22 51 07k, MR RA DT T = Rya U, MiRZE LSTM 22411
WA 8 M 5 T AS G 7 PE S AT 2 A A% o Bk

F—AM BRI ARIMAISARIMA Z528VEREAY, Ji i 2 40 bR Radk, 454 28715 I8 14l 12 A 40
PEB BN, 4N, Shumway (2000)% SARIMA B H T-45 500 Fa45, DR B2 as 28 1 2= 45 AR A,
B A I 3h (A0 2008 4E £l fEHL) L AR 25T 30% [8]. BhIE 7 HIA% O Jey BRAE T LR AR i i LA Z1
< RO (R S S B, HOGHKER B (Uit 4 BE A 34 ) @ ABERE AN 2 (Ljung, 2006) [9]. BEAE =i 4058 25 %
PRI B, FEFOIRA 2 AR (1)1 /R 2 € 9% (Durbin & Koopman, 2012) & AEALFE BN A [10], (HSHK
IR, AR IR B8 AN BORBEALARAR(RF) K6 EESETH (B XGBoost) 45 57238 e 42 i SR
PRTFFMKE B . 40, Chen & Guestrin (2016)F] ] XGBoost AbH I 247 S $HE[11], 385 4E B B0 by

ik
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WA . MACD FaFrICBEE, MIE ARIMA FRKTRIIR 2 18%. SR1fT, BLISH IR E I F4F
TER AR TE K B2 AL RE J1 550 KB 58 =N B LSTM BIVRJZ 24 MHR %, Greffetal. (2017)14
EXUZ LSTM W& [12], i 308 B2 4R (64— 128) R TR R (e /7, AEIE B T4 B ity b A4 301
R R T 12% . (HiZ 7 AA R ZhAe e T 2 M Bedn e . I (0 Li et al., 2023)2430#
R 2 R B EE INLHRALIRE LSTM [13], (HERETHRE R EIRT, 20 T & RiEi R A 1 =
FEXTNZE RN T, SECCEEHBCRA IR . ASCAELC NPT IR BRI IT: 1. J5nals: AR
J LSTM 7E {1 75 ] 3 Bt o iR e I ZRER A “ BM it + IIZRSRIE " (R 5 B TR T 58, R, S etk
THER T 20 RIAME: I A AT, AR A TR 0 XURE FE AR (U1 9006 A5 X 1]
B E), AEAEE PR BRI AR AR, RANIA R CETN . R UR” FIRR,
I B TSGR XUZ LSTM [0 28 S5 F 5 R 7 50 I S A A A 3 gk A7 Tl , - DRI L 450 8 2 A 5 B o SR B

PR R R ap ik
2. MRFZESUFHS
2.1. ARFG®

K45 WCAZ N 2% (LSTM) A2 JE T 1E R #1122 [X 4% (recurrent neural network, RNN)HGER) . RNN E 45 uk:
5 B, AL RO B HAb 2 o5 &, T HICRE Ok B B S IE S, XFEER
FEE T — PRGNSR . FEXANMEFR SRR, RNN GBI [A115 5, A= A2 5 e 12 L
B 5B RNN AL, AATTRERSET 0T 2% (010 7 F T Fe IR FE 2% ), b $& 0 AT A B B e 7 DA K Fi0il e
7o SR, Y4BT IE T HIAWHE e, RNN 7EACERK R 7 20 5 MR IMA R i N [14]. 1 H, FEE R E
7 A DL AR AR R BE I 0, RNIN 7E A 3346 P55 ) 5 5 ) LR B 2 3 R RS E R 1) TR R, 17 LSTM A2
RUA] DR BT M fi# e RNN RE7Y Bl A48 1 1) B[ 15] . LSTM A AL 1T 5] NCIZ B fl I 1 0LE], 16 17 B2
TP K IR RIWAE J1. 75 LSTM W28 B, 1242 o0 (Memory Cell)s2 — MZ DI R, 15— “f%
KA, SVHE BAEAFRS D R B R B R A 1R I WERIRAS,  MRASTEA R I [a] 25
R LibE 0, JFHEZSHMILE, —FneE B, H—FRERdE BrpLs], X fEfEidiz g
TCRE S A I PRI R OR B By 77 5 B [16] LSTM BLAY sh 7RG = AN T HLHE B R sh #4784,
BANA AN T (Input Gate) 3% %[ 1 (Forget Gate) Fl4i i 1] (Output Gate). i A 19 & B NS ST &
MORLER, TR DT BT — N 22 SR oo T R BB S I A A, T U A A AT A2 T
G R XL L] S 2 e DL FE LR M IR B B A A, BT 2 R s B e
FOCFIRREOIR S . BT XM TAEREE, LSTM MIZRRERS KR A, A i S ot (5 B3 TiE42
U R ERAE,  ANTTAE XS 210 o i AR OC R AT BRI R4S S H

LSTM (KAIAICAZ N 28) 110 12 B 7038 5 R PR 11 92 ML RO 28 PR 25 (Cell State) SEEIA HH AR 2% ]
Forh gH MRS 2 BT o A TP 1) ARk, SSeKIME Bkt . B OE I 2t 58 Bk /aRik)
B, WERBREEE S, HAZITTENSIRY, E BT ESEEE N P A E K. XA TR EH T AN
WS R, 3ol

O-(X)zlie’x' 0<o(x)<1 €))
tanh (x) = e e’ ~1<tanh(x)<1 (2)
e +e’

MEL L HEHL, LSTM ROPEM FC T E B s ot S oA oo =M . g2
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FEIS RIS t (SR IRAE T
AR LRI RIS
1) BE:

ft:O-(Wf*[ht—llxt]_i_bf) ©))

Horr, f RORBIET], W A b, 73 R s [T b2 i 208 B2 AL EE A B, hy_ RORKEEUE b — I 211
GUR, X FORAATNZIRIN,  * RN IR,

2) AT

i =0 (W *[h 1 x]+Db) @)
3) Hthi7:

0, =o(W, *[h_;,x]+b,) (5)

IR 2 2 % e 42 (Candidate Memory):
C, = tanh (W, *[h_,x ]+bc) (6)

o C, 245 4 AT 345 BL(2 tanh 19— FI[-1, 1])-
AR 3 I AR A (Cell State):

Ct = ft Qct—l + it Qét @)
Hrh o KRB ICETRTE,
IR 4 A Y HTROIRES (Hidden State)
h =0, ©tanh(C,) (8)

h A BT (P R, RS 2R — I ).

(hy fited
Ct-1) A Ct Ce+1)
fi % ft+ &
t ’:‘ t+1 ':.
(5] 5]
h-1) Wil W, Wo ht ht+1

Q!f}aaﬁ BT BT %g
)

Figure 1. Schematic diagram of the internal structure of the LSTM loop cell

E 1. LSTM BB TR ARG REE

2.2. BIFHR

FEJEA HJZ LSTM HY2EA E, SO IXUZE LSTM 845 12 5| ALLR 5 TR OISR, 5 fESE
THERDS K PP PRI A L RE 7« AR 2R P 1 ORI D XUZ LSTM 458 35— )=
LSTM ELHEACH SR AR (8] P A Bt i Be s 0= Sk &=, 56 =% LSTM LI — R0t v, R
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AR R KRG ; 2. XUA) Dropout 1ENIfL: 7E4E)Z LSTM JE#s i Dropout, BEML WG B> 48 o iES:,
AH# T ¥ 2 TC Dropout F7Y, XUZ Dropout ¥ 25 PRI 40L& XU, B8 TR RLLE R A8 (R 4E) iz 4k
At 7; 3. Xavier IEAM AR EXIME4L: @it nn.init.xavier_normal ()% LSTM Hl43E 8% 2 (AL E HEATHI 4G
A HE I PR B BORR B2 T 25— B0, B GAR PV AR MR N 4 BRIERET: TEXZ SR BT RER
FXBS B &, AN LSTM A] BE H 3B FE e 1) A, A6 e [ A& FE I A torch.nn.utils.clip_grad_
norm_(model.parameters(), 1.0), HEfEZETEEIRHIE 1.0 AN BRI ZRd fefasE: 5. ShSFIRIFE. R
F ReduceLRONPlateau W #%, MI0IUEH K15 1k T BRI H BB ) %o

3. SCIERASE
3.1. BUETAbIE

ARSCHHEE H kaggle ZdE 4 1 Netflix 22 7] 2016~2025 4% 52 7 sh &l , Hh 578 5 H N H IR
SRR R AR WY RS RO A S S o R AR bR o el T UL A A A AR R (T 47
wem i BAROY)EARRE, PRt “Close” P A WAt E KA &, BETTARE 52 by A Hudhe 0t
AT PTG B AN e I e B [L7], a0 2 B

Stock Close Price Trend

10001 ==Close Price [

8001

600+

Price

400+

2001
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Figure 2. Time series plot of netflix stock closing prices
[ 2. Netflix A R BREWEZ MBS FE

T M EE Netflix 237 B 2207 L R AR o] LUR B, B 7 91 3R 1E & 1 ELI e e 21 S B0 AT e
#. M\ 2023 FF| 2025 FAHHR T JUEREE RS, BIRAES /ME LS AR H SR IL 2 23 E
FH

T HE R AFTE A R A S R B I R, O T AR SEAT I SCIR R, R A TIE Ve SR e,
B ATFIEA + S RE R G RIS RAE AT A B, T 3o FAT B AT I

N T BREEE R 2 5, AR SCRAZME T — 1 7 VR B i B[-1, 1IX . HBERIA AN
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X - >(min
X scateq = 2% (ﬁj -1 9)

o, X A X o 700 9 B8 ) foe /IME A e KA
3.2. TEfrig#s

A TR T =P FPEREVEAG 4R AR ~FI4a%) 1% % (Mean Absolute Error, MAE). ~F¥J4a% B 73t
1% 7% (Mean Absolute Percentage Error, MAPE) 11477 #3 1% Z (Root Mean Square Error, RMSE).

LR 22 (MAE) I HU - 3k 5O A (L0) 7 « A% A8 bR BENS ELUL S I FI 2 22 (R~ S W 22, 2 [l
VA7 A rh R H R VRl AR 2 —

1l ~
Eva = Hziﬂ'yi - yi| (10)

)75 % % (Mean Squared Error, MSE) Hit+ 55 A RNAL) AR . iZ 38 bR I8 6 % 2 #4777 iz
S, RENS I RRUE b S AR R TR (22 o 75 SEBR N FH Y, MSE B /N SR SRS B 2 A OGO R
Rl MSE {8 BRI 2 WA RS TR0 R A Bk A8

EMS = %Z,n:l( Yi — 9i )2 (11)

Y7 HIR 22 (RMSE) /2 7 MSE it ok et sk ecst Fabr, HATH 552X MSE {7 7 b B,
WARAFR. X—AHEF RMSE A S5IRGEIEM AN EN, FT 4512 M. RMSE MUAEE X
BRI R 222 ) B R, Ty LT S LA R v M R, R i) v N T S S TR TR 1 M RE DA
W,

\/EMS = %zin:l(yi - 9i )2 (12)

3.3. {REME

TEHATIRBE S IR I SR 1, B B SR B 4R . fEARSCIG L, I[P Kt i 30, X
BWERE N5 HIRM 2200 30 N5 HItsm, F2 e i g sh & LRiE X — H 1. 4 aT
80% MIEIEAE NINGREE, Bea 20%HIBEEAE N IAER, JFRAUZ KT NS IZf L 2% (LSTM) Sk it 4T
JEEEE AR T . AR E Istm_layer 22500 2, TERUZIRACRHESRIXZE 14 : 35— )= LSTM o T ik
it A, 3 = R — DA QS B P RHE . N ZZERE input_dim 508 1, Ron A R — AT AR
AR o

NPT BRGSO E, AW ORI T 2 E A oSSR IusOR B 64-32 RS, E1)E LSTM
2 J& 51\ dropout HL#(dropout = 0.1), FF¥&IN L2 IEMALZI A . A SCH 2% pR BCR H 2 0 1% 2 (MSE) /R il
HHR, Xt Adam RALZEFATSHOE R, IR I 2% E 2 0.001. fEIZ0d A2 R kb 275 5,
batch_size &4 64, Wi{RIUIZRAR 5 NAE S IR, 2R (epoch) B & 2y 100 X, JF St F45 4L
il (patience = 10)B7 1LY Zk. FRUESENS b, B 5E 8 [ — XN ZR e Ja T S SRR EE 41 2% (val_loss), 4i%4k
5 > epoch B e K R IERF,  H 3 5% 2] 298 (factor = 0.5).

3.4. SELERIE
Ak, AT TEIFHE B LSTM AR LR B 2N AS T b ) 28, AT RNN F1 ARIMA 57, If:
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5 LSTM A T/ L sE56 . N THA{RAF, RNN 5 ARIMA 157 b S BUM 5] i 50808 7 AL BRI R
RNN R T BRER A h A2 ez, Hat ST
h, = tanh (W, x, +W,,h_; +by) (13)

Wy« Wy, 20 BRI N 2R B BB AE R . 200 R #2 RNIN 454, Bt el 64 4, 5
LSTM AL 540 [ 1) dropout 2(0.1)F1 L2 1E U455 25 (0.01) AR LR X L 1 24 Pk
[ S FFV 26 S 5 F7 SRR ARIMA (p, d, Q)fE 64577 3R . it ADF Kol 22 4t d, 1R
& ACFIPACF [ElHfiE E a5 p AL s P30 q. BRI KA A
B L R (S B )
i=1

i=1
Hr Lo EE T, & NAM . ARSI RIS R i e LS A A .
4, LI RHGR I
4.1. BEUNGRIZSO

W 3 fw, R4k il 2 5 0 R PR P e Dot A, SR IE T B AS 2 ) BRI A Rk . TERT 30 A4
epoch P, YIZRiG2L MVIEAIE 2.341 Pk &% 0.532 (F4I0E 77.3%), BEJG3E TR Br. (EAERM
&, BIF 2k (val_loss)TE epoch = 45 B LT G HAGELE 5 YOI RIS < 1%), il 2 > Zpk AL
(0.001—0.0005), #ZAE epoch = 72 I FAEHLEIA N, BL XS MAPE 1A B & LHE 3.21%.

141 —Train Loss

——Test Loss

1.2

1.0

0.8+

MSE Loss

0.6

0.4

0.2

0.0

0 20 40 60 80 100
Epoch

Figure 3. Loss curve

3. kA

4.2. TR RE VMG

K 4 JEoR )2 IR LT 1 LSTM BRI 220 A EEAT TN J5 (0 RCR 5 I dn Bt (Xt L, mTRAA
BIrp A, KB 2R AW 5 10 JE R 2h & 1 AR 2 B (n = 220), BRI KT RO 5 ER B

&b
He o
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Model Performance (First 220 Samples)
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1.004

Price
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0.251

0.004

0 50 100 150 200
Figure 4. Prediction performance for the first 220 samples
4. BT 220 HEARTUNHRE

MRYEZE 13X =FpirRIFRAR R AT LSTM B (R0 . I3 1 71 MAE. MAPE. RMSE AR #ziT

T 0, KA RAS S50, ASCHMER) LSTM BTN U . % 1 Bonilli{4 MAE (0.303). MAPE
(3.21%) 5 r 48R B (5% <0.6%), % W] Dropout (0.1)5 L2 IENI{k(A =0.01)4 Rcfzil 7l &
B I RESRRDL: 1. REMEmMZE S 62.3% (T AFATEREE) 2. BEYLME R 5T 37.7% (5
W &R 72 5 R FAE).

Tt A GRS IO A B SEEG, RGN 22 RUA

1. HdfE 2 TH SR e Rk
PR MR . X TR 2 5413347 ADF A% (p = 0.158 > 0.05), TR 44FFath =%
WO ERURE: 1HH IR ZE SR I B AR R4 r = 0.672 (p < 0.01)

2. BRIZEH RIR
HARFEERKR: Granger K HALLE B 7R RS XTI BA T E (p = 0.013)
KHEICAZ 2 i/ 30 KT 51580 RMSE 140 22.3%

Table 1. Evaluation metrics

= 1 THERR

izt YILhLE AL

MAE 0.302 0.303
MAPE (%) 2.45 3.21

RMSE 0.412 0.539

4.3. JEESIR SR

JEIE XS P2, ik 2 el L, LSTM BERLE X TifeAnH #RL T ARIMA 5 RNN fE G5 7 , A LUE
H LSTM ARRIZE LR N T E AL 10 JELMEEREE ). LSTM 1) MAPE % RNN [%1k 2.11%, ®J
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=
B

PATS H T I3 LA S A T BB EETE R i s 2, KK : ARIMA 7E 30 K70 A i 2= (0 B+ 43
2% (RMSE #4111 76.8%), 1 LSTM 5 B3 i 4 B R S AR5 7 K Hid12 .

Table 2. Model performance comparison
2 2. BEBIMERERTLE

fabr LSTM RNN ARIMA

MAE 0.303 0.521 0.687
MAPE (%) 3.21 5.32 7.89

RMSE 0.539 0.782 0.953

BTN RARAE TR LSTM B, X Netflix 2 7KK 30 RABEEM AT, 52K 5. aTLL
B, ARRMIIEEE S E R SR R B T

Stock Price Prediction - Next 30 Days

1000- —s—Historical Price
-0~ Predicted Price

950

900-

Price ($)
o]
3
o

800- h
750

700-

N A A N N N
O N ° N N >°
Qr!/&/ Q@u& Q{L%/ 6’ o fL@’
P P P

Figure 5. Stock price prediction for the next 30 days
& 5. K3k 30 REREMHE TN
5. JHMSEW It 5SRO

T PR RYE, Beih 5 ARSI, B A B SR A R . SIEIR S8 BT R 24 4R (2016~2025
R ERICBEY) . AT P lookback =30+ IIZR4E UK epochs =100, % 0ofats Aillid4E MSE 4525 F1 MAPE
LR E 73 iR ZE) o

Table 3. Ablation study 1: double-layer vs single-layer LSTM
3. JERRLIE 1 XB vs BZ LSTM

BRI WREE MSE MAPE (%) W SHH P (2 52 epoch)
SUZ LSTM (BiERR) 0.0125 1.85 60
HELSTM 0.0158 2.32 80+ (W FIK)
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LSl

MG 3 FIRATTAT LLE HAUZ G510 MSE 41K 20.9%, MAPE 7320 20.3%, iiE B 45 4 AE S BUOWHE
ARG ) 41t $1 B A 20

Table 4. Ablation study 2: with dropout vs without dropout
5% 4. JHRhSCIS 2: # Dropout vs Ft Dropout

Dropout At & Y4 MSE MRS MSE TEREE
X{JZ + Dropout 0.0112 0.0125 0.0013
XZTJG Dropout 0.0098 0.0167 0.0069

M 4 FIRATAT A i Dropout &2 i 0L, 104 MSE F#AI% 25.1%, E W 15 U4k X 8 G XUZ
B R Ul G EL B

Table 5. Ablation study 3: Xavier initialization vs default initialization
5. JHRMSEIE 3: Xavier M1 1L vs BUAMIIR{L

VIt I VIR KRB BN BA&WR MSE ke e
Xavier 1IE& i PR (£5%) 0.0125 FRE IS ak
BN B 50 A JI 21 (£20%) 0.0148 E2V- AL

MF 5 W LAE H Xavier FIIGAME 47 5 th 28 50 °FHE, 5% MSE &% 15.5%, 361F 7 B E a2k
fasE eIt

Table 6. Ablation study 4: gradient clipping vs no clipping
2 6. JHRLSCIG 4. BERE vs TR

B AL 75 IZRAE B IR E Wik MSE BORBE T
FHE(GEE <1) 0% 0.0125 0.89
T 3 %(Nan) 0.0213 (NaN) 12.7 ()

MAE 6 BT LA i B A BT 58 Akt G 1 BR PR AE (B 35 K 0 1K), MK MSE B#MIK 41.3%, A& XUZ T
I ) o AL,

Table 7. Ablation study 5: dynamic learning rate vs fixed learning rate
7. HRELIE 5: BISEIE vs AEREIE

22 5] B AR MSE W8 epoch JEHIIR AL,
BIAHE 0.0125 65 FREE %
E 0.001 0.0142 90+ {Eii Lz T

M7 R A Eh A R B 06 B R A I, MSE FRAIR 12.0%,  TIER & 822 5T XA K
HFET

MR L Eh SIS AT L, SO RIRUE LSTM Pgsidad “4eMasr + ENE + gD ” AEs
SR, (£ SRl AN 8] A 47 T b SEEL T SEAR Az AL TR ZE AN SRR K B, BRAIE 1 7% S0 SRR A AR
WENE
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Wi

6. &

A FUE SOE B LSTM 2244, E @b (7] /7 0 10 77 2.5 BEUS =0l O . 53—, 42
JRURACFFESR L, @i 64—32 FITIINUZ S5 77 55 Jm ik sh 5 4 R A @ i, W A siin R iz ot
KT (30 K) iR 2 BRI 41.2%; 35— *’J@zﬂ*ﬂ'ﬂ%ﬁs% Xavier FIGaIE A1 B2 5 B s 1
WZtaE IR T 2.3 £, ARGURRE LSTM MR E J8 i 55 =, JFRMZBATMAEL, &l
AN € PR (B AL BB ) S5 A8 R AN € (T3 75) i B AL, A2 BnT B4 U FR R (1 H B VaR = -3.21%).

SAES TR, BALE Netflix Bt 00 b @ DL B 035 IR4E MAPE (3.219%) (LT %F tuis Ry, H
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