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Abstract

As China’s financial market continues to deepen and evolve, forecasting stock price fluctuations has
become a focal point for both investors and researchers. In this study, China Bank (601988) is se-
lected as the case study, and stock price data is collected using Python from the Investing.com web-
site. Building on this foundation, we propose a novel stock price prediction model that integrates
features from a Temporal Convolutional Network (TCN) and a Long Short-Term Memory (LSTM)
network through an Attention Mechanism. By training and forecasting the opening prices of China
Bank’s stocks, our results demonstrate that the proposed model achieves higher prediction accu-
racy than both the traditional ARIMA model and the standalone LSTM model. Experimental out-
comes further indicate that the attention-fused TCN + LSTM model outperforms in terms of predic-
tion error and Mean Squared Error (MSE), particularly excelling in capturing extreme price fluctu-
ations and long-term trends. This study not only provides a valuable predictive tool for investors
but also offers a fresh perspective for financial time series analysis.
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1. 5|8

TENES G ARUIIRE =T, KRERETHIE NS TTIA M BTy, HEshEmE &M H
. WRIER M E SRS, BE 2024 E 6 A 17 H, RE A BIK - HCEE 23 12, Hp
TEERAE ) B AE 4000 J3 28 5000 52 08 BRI m EARIE I 5 T A2 B, HEZ AR
TR, — IR AR B AT B R BRI e . DRIk, AERA T A 224N A% G S0 TR ok B ok
HIE,

TR 2 IR BT (b B O RUASE [ sk a7 T E A AR5 . BR8N ST A= (3500 SR EURFAE ,  HERf
TP NG B N AR A OB E AR b . TEAR 2 HLAR 3 A, K J HHEAZ 4% (LSTM, Long short-term
memory) K G5 b B AT S 18] 75 47 B3040 10 4% 52 %34 o (U, LSTM AR AL 7R TN i S0 i ) B A 7E —
PR BN, fE5T ARIMA 5 LSTM X SE g Bt e 74, LSTM B8 13577 iR 22 (MSE) fR b
N 0.33125543, i HETEAEEI[1].

STk, ARSCERRH T — R TR LIRS AR RN 45 (TCN) AL LSTM AN TS Y o 1248
BB 7Rt 456 TCN TEACH (] F7 51 B J7 T A% L& LSTM fERf - KEAK I OC R itRe /1, t—2
P v AN T (e HE AR o AN SCRAHR E AR AT (601988) J9 1], T8 Ik SEUEWE FUGHIE T AT HR LAY R A,
ST TSR AL TR AR SR A AN

2. EAISMATIIR

KT Bk T (P SR PR L, B A AR SR TV 2 AR B Y . AR B e A
i (CAPM) LA J Fama 5 French $& H ) = A7 H RN 520 TAE 2 e 17 HEeRERL[2]. BEE
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XoF BNF 8] 77 51 N ZE IR UCIR BN BTR N LA 2 o SRS AL B e T 8, B8 72 A i TN 7 V2088 20 A . i ke
T4t SR FIL L ST (I AR MA. ARMA. ARIMA. ARCH % GARCH #&74) 5 4% 51| gib & 5 7
W38 2 5] SR B 25 31 J5 90 77 ]« Mat Yusoff & Abdullah (1999)F FH 75 B3 AIE 5552 5 BT B 2246 B ST
7 GARCH FER I HATA A [3], 1 Minjun Kim & Hiroki Sayama (2017) 0383 # 2 bR /K 500 T5%L
FERHA B IR IR 751 52 4 4, K 254885 5] N ARIMA 8584, MTiHE s 7 Tl 441

BEAE HLEE 22 S B 8, Cortes I Vapnik $& H I SCRF M EHL(SVM)TE/MFEAR AR PEBL N
5 s HRE AR B, RO AN T AT ) B B T RLS] . [RI, AR SRR FE S ) T N AR A
PRk 7B R . CEWF AR, FET LSTM B 7E G LI 18] 15 51 i K g% 2 07 1T LA W
SR UbAh, o FE ISR TR LSTM 5 H AR A (1 GARCH. SVR. Adaboost 55)iE 47 H & IR A
BERY[6]-[9], VAHATEAS [RIECH AL 55 0 75 2% A T HAS B8 AR T 8 2R

AR, B VR RS ST AL GNN[10], GCN[11THFE, 33X E6 61387 i1 X 48 2546 9 I T #4417 45
Wi RS, JUHR LR B S R A S R T ) i I B OB T T, I T AR IR A 12]-[14],
T SRR BB A hR) B B o8 REAT @A, SCBL 7 X i A S M IR A2 . [FB, 5622
TiEARAL PR BYAE B AN U 5 22 5 SRS AL AL A R IV EAR 34 15], Ho@d 5B MRFSEE B, Bhas i
PRI RS, B RS g KU 5 ] S U s A T &

RRE, TWRAAERG T IS F LA S R 22 SRR, B AP — 2 RIRPE, B —H
BUAE AR A DL A TP B A% X — A P AR X 2 Z IR R SR P55 S —m, R80T
DRNTZIR AN 7 51 Hh 1) o B R e AT AR A (L % RS 3 TCN ZES BRI 7 RRAE 7 T 2 B H = e[ 16]
PAS LSTM TERFE KB M BRI [17], ARSCER IWLEIRE 2 RE RN TF (18], $2H T —Fhft s
R IPUHIT) TCN + LSTM BN B AY, 5 DL [EER1T(601988) MBI & SLUEM 7L JE = SIMLEIRI 5T
AR RE S AR I AN [F) 43 St I S B S AT S A TR R, W 25 BT T TR R R A A P e

3. MRAFZASEEME
3.1. RHEEFFLE

AR X 4% TON & — P JE T U 20 R0 48 (CNIN)) S50t T B PR AR, 1 T A B ] 2 20 B0
&40 CNN A, TCN FF SR A AR 45 0 i DR ALt A T g SR A5 8., AT A R0k S R kA5 B
e . S — Dy KA R BT, TCN 5| N T4 5K (Dilated Convolution), 1%777Z#id fEAEFZ G
B2 I HE N (D 2 TR SR8 S R B, AN B NS EE RO T LR Z B . g, §skA
T d ST BB ICR 2 (R b, H AR5 A T R -

$(0)= X/ (k)-x(t-d-k) ()
Horp K ZRBEIIKRAN, [ (k) REBEBIRZIIE, x(1) NG T .
AL, T AR Z P 2 St B R UL IRIR BE Y R ), TCN I8 5| N 1 % 22 1% $% (Residual Connec-
tions) Ak & 9 —1k(Batch Normalization) i AR . FAZ .o BAEAT DGR N
0 = Activation (x+ F (x)) ()
Horp F (x) B &S BRI B REBLSS, x ARG T, Activation FRHUE BRI
3.2. KIEHAICIZ A MLE
LSTM & —FlREFR PG FR 41 25 1 45 (RNN), 7E AL FE AT 5 51 B4t 07 T R 0 25 i %%, Rdb@
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IS 18] A0 AL 5%« 55 4% 48 RNN FEK 7 512 20 3 v 25 i A sf FEE 90 2R R R 1) RUAN [R], LSTM 18
ISR, A B 15 SAE W 2% i AL S AT SR, AN R OR G 1A 1) 2 2 8UR
BARKYL, LSTM M LIE T HEA T .
o HIAIT: ZITEHE H—A sigmoid BAEURI—A tanh BB, LAY WL (5 B T B S NG
K& A B, WTRERRN
i, =G<Wi[ht71,x,]+bi), C~’t =0'(WC [hH,xt]+bC) 3)

Hoeb i AT B, C N REIRE .
o UEIT: ZITHRE TRLEE MO AT, HALHIA B TR R AR E R A,
TRIPIRESAE B BRE fTRIE Rt . BT EE R R

=0 (W, [h_x]+0,) @)

Horp f RoR ST B -
o BT F TS ITIRES rh L E R AR 2R — i %

ERTTEEHUHIEFEEM, RIE T LSTM £EZEAT U A T S5 18] 2 1045 S HEBAR 5516, RERS S 4
PRI R, RIS BT 5 SR R th il B S8 ik, LSTM SO 55 RS
Srb T A ) A

3.3. EEAE

TE R WL — b RE 08 AR SN S N P S B B B BOR . ER O TR R T, YRR
AL T LS Bl AR50t S50 25 SR B i e KA P S2A5 S, AN 48 i T R A 2 o AR SCHR M g A 7Y T
AR E LSTM 5 TCN WA ST 2 RFAEAE S, SEEL 7 I P it rh R IR 2 5 R AR A
P -

R AU, AT SR AT Ay

. oK'
Attention (Q, K,V ) = softmax vV )
k-t £

Hrr, o (&l E). K (BEFE)A v (ER )57 B LSTM 1 TCN 73 SCHREURRFIEZ S 20 113 #3545,
d, JREIA R IIYERE o % AL S BE 8 AR A8 A [ I [B] 2D 2 8] (R AF DG P [ I S 2y Bl i AL, AT
SRS T B A B A R

N TSI 2 0y SORE R A Rl S, AT TR Rla R A

F =aF gy +(1-a) Fey (6)

Horb, Flgpy M Frey 29138 K H LSTM 5 TCN 70 SCHIFFIER TR, a €[0,1] WA E . 8 XML
e, BRERERIH] LSTM S 41 i BAOloC &2, SRERE B TCN $R IR #BIN R, 2 i v =
JIRLH S R SRR AR A I RE L, B SN IR A A 3 1 v G TN
3.4, EREE

454 TCN M LSTM M RS, Mg 7 — PR SR AL GEH, LASE TN 8] 5 4 B0 (0 T kG 1 o A2
FE RPN IEAT ARG 2 T BN A1 TON 43 SORIEE T3 T #4825 1) LSTM 432, P %
BN IS T) 7 51 B BEAT RPAE SR I, FERFIERE S B, 5% ACMix BB i TH B [19], Sl VE = bl
ENASHUAEEA I SO BCARCE, (EILREREARYE & 5 FRAAE DTHRBEAT ALl 5, MAT 1 58 OGRS 1) 25 ) R ALE
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Re7), ffa4id MLP (Multi-Layer Perceptron)iffATHEHE, 5B &SR . BRI SEHWME 1 s,
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Figure 1. Model structure diagram
1. 1REVEHE

4. TR EERIH
4.1. BIBIREL

Bk H investing (JENE)IEHE A, KA python ##HE f T B FRE + E 4R 17(601988) 1%L
Wi, G T 2010 FEE 2024 FHIRE G . B0l BN E O NSRS . PRI A . B A BRAE
TG AR KR, BEICR IR, S EIRFEFIWEE 1 iR,

Table 1. Sample data

1. HFARE
H 3] &S PAE A 5] & S 7h Bk ke
2024-12-8 5.20 5.08 5.25 5.07 806.35 M 1.96%
2024-12-1 5.10 5.01 5.15 4.96 930.30 M 1.80%
2024-11-24 5.01 4.92 5.10 4.88 940.06 M 2.04%
2024-11-17 4.91 4.88 5.05 4.88 L12B 1.03%
2024-11-10 4.86 4.84 4.90 4.78 1.04 B 0.00%

4.2. ERBSYIEEF

FERRLYIZRBT B, X R S HOIEAT 1 RS D BT BRI AL Y M e . AR 4 3R] T Adam
fife s, IHAEHBITRZEMSEWE AU R #. JF H5IN T 515 (Barly Stopping) ElIEHLA],  LLBT IEAL AR
RPN G S ISR (val_loss), 43ESE 10 MR NI IEESU R R EEER, A
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AfE k. XA THETERE, HFRHEAERZAMER. @ Bk — @R BRI
TS SR

4.3. FORRBHEBMRERIRND 34T

TR I AN [RI B0 eR HON B AL RE I R, ARSC T T — 4T HhsEES, # = Ff TCN-LSTM-Attention
FERIARAAR, 53 SR H sigmoid. relu A1 tanh /E ABE BREL, FRAERR SN Zrid FE b 3 T H 2K R B (loss) 148
et DL, R AR EE B8 T ¥ 7R Z2(MSE) s B 5 HRIRZZ(RMSE). ~FI 45T 1% 22 (MAE) LA K 85 K iR

7£(Max_error) 5 VT B AR o

101 ‘ — train loss 01 —— train loss
—— validation loss —— validation loss
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8
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Figure 2. The impact of different activation functions on loss (from left to right are relu, sigmoid, tanh)

& 2. TEIEGEREXT loss FIEZNN(M AL EIE 2 A2 relu, sigmod, tanh)

Table 2. Experimental results
2. TWER

R MSE RMSE MAE Max_error
TCN-LSTM-Attention_sigmoid 0.047082 0.216984 0.159349 0.897534
TCN-LSTM-Attention_relu 0.084269 0.29029 0.21881 0.942492
TCN-LSTM-Attention_tanh 0.055687 0.235981 0.187316 0.586331
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Wi 2 fros, ASFEBGERECN I loss B4R 7 & AR ZRid B b iU SIUG L, mT RUE & 22 1k
FERTIARN G WA N B s M R e MEAEAE 22 57 T8 2 MIVE A8 7 AR A IR A b i oG e REFE AR . MBL
W EE, SRH sigmoid s BRI AU EAS T KA MSE (0.047082) FI K Y MAE (0.159349), FKHH
I AR e i B — e s M2 R, relu 8RR Z R 30% 5, 10 tanh A7 U 75 B KR
ZET7 R IATRAL 57:(0.586331).

5.5 1

5.0 1

4.5 1
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Figure 3. The impact of different activation functions on prediction results (from left to right are relu, sigmoid, tanh)

B 3. TEHOERBXTUNE RO LR B D52 relu, sigmod, tanh)

K 3 R T R AR BGE B 5 (relu sigmod. tanh)f¥] TCN-LSTM-Attention #7875 AH [F] £t 48 b 14
PREE A BB AT, ASRIOE s B SR R T th R AEE R 2 . Ho,  sigmod 0 BRI AR R M
DLFR0I U 2 25040 1T HE B, tanh YT BR I0O0T UG 1 000 TOUIU LU AR AR, T relu S0 bR BUCREAR UL & ORI 11
[

4.4. SEEBEATMSHT

Wk 4 JroR, R EASFII (8 B 2 DM REAR BT N A SR A el LR Y, BARHEE S B0 — B
R RE NS AER R SR I BEMGE S, I BR I R aRE . REREAE i 1 AR (E B Bk 1
WAUE R AT PEAN 5 1 (HARAABON S5 1 B B R BT 2 A B, B0 I ) BE A F0 45 R -5 SE B A 0L
FAAE— W2 B, 72 RApanRIZE R 2, AR TE 5 RSl < 18] B A 2, X T g 5
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W R AT A A O . A b, ARSCRR M RS AR AE A I [A) RUBE BRIt R B () B M A& 3l 4 e
71, HIBTTRZEMSE)V N 0.047082, HETHT ARIMA 5 LSTM B 22 Habx 033125543 7
BERT
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Figure 4. Model prediction results for different time periods

4. T EETRFEATMLER

SRR 00 25 5 10 DR 25 SR 40 A T B M S B K MR 7 L K R [ B 1 B i S 22 .
AT B I 2 R T I . BORAS LSS, AT RS S BURN (KR Z i By, 340 T 5 M RS T 7 6 25 50 00
Vo BRI A bR B 7S 40 % IR B ROR P 22, TRL 2 A I O A (L e B, TR 250 SB35
T 7 A e B 1 B 1) i R P AR AE 22 5, ot T /N RO () B, 280 R o L B 4 8 R A £
g, TGS REORE G TOEM BRI B, R [ T 45 S AT RS2 B 2 S (T4, S 80R
EHK,

5. &g

AR T R T AW A TON 55 LSTM R4 FUKRS . %HRFH TCN 49 303 EUR
OIS FERHE, 454 LSTM 43 SO KRS S, 383 78 7o e 7 3 S B0 PR HE AT 1 3 R AL
£, FEELZ T MLP HEATAEZE VRIS, S th T8 50 o 5 e E S, A SCRR AR T 7R R % o6 B (sigmoid.«
relu. tanh)f BRI SRR K TN PE RGOS, DI SR SR IE B T % BEALYE MSE 825 R T 56T
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