DOI:10.13878/]j.cnki. jnuist.20221031001

LRI N S

3T BILSTM-SA-TCN Ib} [R] J3 A B 7Y

Tl

HE

At B Z TR AL R A R B RO A TR
M e — A ey B, R SUE K e
LM% (ISTM) 89 kml b 32 T 8248
EE AU (SA) Fe B ) K AR W &
(TCN) # X &) ¥ 42 9 32 12 ( BILSTM ) #%
2 W) %% ( BILSTM-SA-TCN ) & Z 77 ) #&
A BiLSTM-SA-TCN #£ & & ¢4 5 3] 3£ 5,
FaFAM F AT ARz F T EEHREH
Y&, B B AR 5 INIUK B J8) 69 AR B4 8 By
HR B R Z R ENTUMAL. LI %ﬁ
%, BiILSTM-SA-TCN A & £ % A 4098 &
EegTRml 2E R B omAs T BEAZ AR A
55, 23 £ 3 BILSTM-SA-TCN #%
MERFSHELE LY FAREEZRD,
P T AE R £ R A R Ak
9&%211

Z AT K4z AT W 4

%JJ#JL?F ,ﬂa‘lﬂfﬁﬂﬂé&
FESES TP183
XHFRERS A

KB 2022-10-31
REVIME R A AREHE S (este2021ycjh-
bezxm0088) ; B KT 2 b1 S FF 2 H AR A5
HRIWH (KJQN201903402)
1EE /N

W, W, HR, T AR
NT 8. KB AL P55 53 #T. 25y @ cqvie.

edu.cn

1 ER TR ARZERE KEE S B 2
¢ , PR, 402260

2 EPRIFEREE HEHLSE
401331

3 FPR TR HE R 2 e W28 5k e # B
K, 402260

B K,

S v g i

0 5§

20 22 90 AEAX, v FE TR 25 1 3 HOB T O E A v E T
Bl AT Y & R B B B A T 3 8 B el TR AL R T 3 AL
KT 2GR 06 sh AR, TR 1 AT B e i = v [ R T
TH{ELM 1990 4R 4 3. 3 A2 £ K B 2022 4R 19 12 T4 3600, ik
AN TSRS IR RS PR LSS ) A5 ) | v DU, AR g [ 41 7
SUT TR, W 7 1B 57 T 37 v A B WA i ) i Ay 45 9 AT TR
ﬁ?ﬁﬂﬁiﬁ%ﬁ JBEEE TN e — b 000 BB A 114 7 32 R R ) #5075

A AT IS T 7 Dy SRS SR P AR R SR AN A% 1 i Sl

JRCEE TS 5 P40 32 3 A H AR A RN GE T A5 2 e Tt e 5%
PO CHENES | A RHEFL 3 F- YR ( Autoregressive Integrated Moving
Average ARIMA) SIS A (HTE X H £ KA S i MOHAEAE R

R SRS G B AR 7 AN BE TS 12 T 37 1 75 5K Bt DL
719’] GEL ARSI HARER Tz H0 A BB BT b, an e ey
(Decision Tree,DT) . 3 £ [a] i ML ( Support Vector Machine, SVM) . Fifi#L
FEMK(Random Forest, RF) 25" SR, 22404 K0 HL AT AR LRk | v e
SR AR PR SRR A O ML ST AR 2 DR Ao L5 AR AR T A A
HNZALRE ST, LA BRI eI it b3R8 R 47 BAE Rl bR A
TR B 5 T30 e | by 3808k BN T 1942 A T A2 A, B T AL o7 T AR
R AT RETCIEAR -1 38 1 FT A7 2 Y A 45040

VT JUAERE TR~ 2 BOR RN W & i, TE v AA G il T LA
YR, e I8 i i e M AR G HOR WF 5T 2B TR I 25 2] 7 VA RE % B 4 3t
?TW' JBERARGE S A B R Iz AL RE ), A0 SCHR( 7-11 ] 23 S5 B —

BEAL BRI~ AR, b RS2 M A 2 E A TN SR T, B — 5 g o 24 2
TOMPRS FEAN = , DL, 2 35 (11X B — P 2 S5 R R4 T 2Rk Kim 451

FIH CNN( Convolutional Neural Network ) $& BB 52 i bt & 4R 4E | LSTM
SRR [ RRAE , CNN-LSTM BERI7ERRIER 2K 500 $5550 1 A9 5246 1
T BN Lee S50 $2 1 —Fh 45 41738 JH 22T ( Gate Recurrent
Unit, GRU) Fll7EZ SIHLH] ( Attention Mechanism , AM ) F4) 55 15 00 455 71
( GRU-Attention) ,'Rf B2 ERIEH AT 9 B B gy AL, TUI R K52 2 H Y
AR L A5 il — S R 22 19 245 B B A B0 A RRAE K 4R



W B 4 LT BILSTM-SA-TCN i [7] 5 41 K65 0 7 A ZEF50 w A 17 FH

644

YRR R iy AR T T LR ) 3 A2 1)
2 e i Ak A 3 B 2 o T, S e 45 R AR W
CNN-BiLSTM-AM 8 HAT 845 193z AL fiE 1. _Eid
PRI DI RE B — |, K 22 HUBT R Re s 19 I 5 al . —
Jie4e , TRV BS, SO0 ASE H A7 A A A5 ) R T U e 55 9
RS ) X 245 5 Ry oK AR 52 7 T i A AR R B A8
fbzs ).

A YT AR SR H R ] T2 P SR Wk B S 5T
x4, LhK &g 12 W 4% (Long Short-Term
Memory, LSTM ) i 3% fiff, $2 i @k & H 78 2 1 HLI
( Self-Attention , SA ) FIHF [i1] % B’ 4% ( Temporal Con-
volution Network , TCN ) fi% XX [i1] 4 %5 3] 1042 28 W) 2%
( BILSTM-SA-TCN ) B 5 B A 2 | 58 5 76 2 4> B 5
B R A S I 1 AR SCRCRL Y AT AP R A5
SERASREW ARSI BAT RUF Az AL RE )y, IR
TR T TR TN ASE R A7 A 1 B S )

1 BENE
1.1 BIiLSTM

LSTM J& 7 ¥ # 22 M 4% ( Recurrent Neural
Network , RNN) [ — AR Fi 2t 44 | SR B3 U A% o) 265 42
F 4553 2 1 R TR BE Y 2 ] R TR T RNN
AR FR T A B0 3o 7 A A B T 2 T R
LSTM J2 B —ZHAE IR EFE AR SAOTLH N, A7
BATCAL T — AN A Y L2544, R 4 R 45 )
SANTT (BT i T s T] ) PR R EE
G IS

YANG Zhiyong, et al. Application of BILSTM-SA-TCN time series model in stock price prediction.

fi=o(Wsh_ + W x, +b,), (1)
i =c(W.%h,_, +W. xx, +b.), (2)
Z’=tanh(Wi*h[_1 + W, *x,+b,), (3)
C =f+C_, +ix*C, (4)
0,=0(W,xh,_, +W, xx, +b,), (5)
h, =0, * tanh(C,). (6)
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Fig. 1  Attention mechanism



B Z 10 241 2L 210 RFIEIR) 2023,15(6) :643-651

Journal of Nanjing University of Information Science & Technology ( Natural Science Edition) ,2023,15(6) :643-651

0K’
Attention( Q,K,V) = Softmax| —— | .

5 (7)

T R = AL = = AL B — R ke ], &
B Query Key . Value 3 MM FE MR — A, A TR
JIHLH R A 51 B AS [ 45 L0 Rk, T K
1.3 BESRME

TCN J& Lea 557 7545 B 22 [0 25 (1) S Aty [ 42
HB AT LA T Ak B8] 5 51 B8 1) o0 2 25 4.
TCN (1) 25 25 48] 2 P M & 1) — 4 2 i 3 G RE A
B, B R A MR 0 RS RS A, s 2 fr
IR, EA DR SZAT K R AT 51, I AR R
BE AR TR ZIA S RS T 2 iT e R T B 1, X
WA T AR BBt R IR BRI A KT .

F(s)= 2 f()x, (8)
Hodr, x A f LIRSS d Y IR ERE R BT
KR/, s — di YeE T B 2 i 5 A B8 i L
.

1.4 BIiLSTM-SA-TCN Tt %)

Ry Y g R O S I A A I g B — Ak R ARG

PR A SCHE LSTM #2248 Sk b 47 ook, 42

645
Y,
wh O O O O O O O »
iz O O O
d=2
pi O
d=1

B2 W E AR 45

Fig.2  Temporal convolution network
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Fig. 3 Structure of the proposed stock price prediction model



WM F 4 LT BILSTM-SA-TCN B[] J3 51455 70 7 S 22 F3i300) m ) 1oz FH

646 YANG Zhiyong, et al. Application of BILSTM-SA-TCN time series model in stock price prediction.

] J5 AL FRFF A, 55— A MG T AR B8 AT LA )
P8 L] 45 5. PRI D AT I 1 B 52 0 e 2 %
JE T 77 A, AT DA 580 T SR R P AR
AR FZ A0 AT 9 BORRE AL, A T4 5 7 57
HRF) HERf 1.

T e S T 73 B B 3k 2 v, S e ) il e s
(] 70 FL 3 B, LSTM 7R A BRI It P 37 I 2
HH B L T Dl PR A ) AT, T 23 M) LSTML ) 2% 2
> RS v ) R AR A R, R B A L O
FIEAR B 2R B B0, M TS B0 Y ) 300 4 i 5
TR AR LIRS O, A SCHMOHE T R 28 A5 R, S H
VERE S AL, (EAAE L ml LD S 7% I REBZ P 5 B
SRR B RS R, 2O A IO A R il ad it
2 PRHIE RS B 8 p A T R B A O
R HE B S AN T3] AR iE 43 BE A [) A AR 4545
TR AT ISR 2 [ Py 510 5 A 07 B 49 A 2T, Rk 28
AR DR 51, B i A2 f) T il 6.

Wt 1) 265 2 g 1, DA R G AR Tin, i 42
RES I Soni ik i Wik bl 2 SUPNIE &2 )i
ARAR I PR, DTS SR Y B ) 26 AR ARS8, A Y
TEAL BB I R AN, TN N B A R 4 4 42
NZRBE Z (8] A TR FE SR 2R O G, AR S5 A TON &%
JEAL RIS ] F A, 38 TCN 6 B2 R4 3k P 51
AU 2R, 483 713 B dls P 9 RSO o . R I, % 22
S AT LAY/ 00 255 R B R 2 BOBURE | 32 iR BB ) 32
PERE T RIZRAR i, 4 TON W28 25 285 L0
id Dense JZ i i, i th 45 R 90 A2 5y H B BSR4
i PREI (.

2 ZBERKESH

2.1 BREHEEDLRE

i3 Tushare ( https ://tushare. pro/ ) #£AL A9 4% 1
IRy 5 52 G Kl , Hovh, D 5B A2 B e A
FEIFEEA Copen) MLEEM (close) i AIKHY (low) | Hx
= ( high) | A2 % (amount ) | il 3¢ & ( volume ) | 35
kIR ( change_percent ) FliK 25 &% ( change ) , J1-38 i £
HUSEAN TR 2] 5 H LA, AR TS
PRATBNFR AN I JE A Rt AR SR 1 A
Bop e B BB Y LR BCEE EAT SEg F
IR RS R RRE , BhZ B, H S A
Wi AT BRI S 25 RO B R ). R AR
SCAR R R[] 4 32 B SR S 08 IS 6 ) B2, (4 S B 7
ISR [ i e N W T RN AT R R

REERAN R /INE B P10, 42 BB S 0 SRt A7 e 4%,
Bl Rl b= s B A G s AT
AR 7 RUEZE IR B R 1 B,

®1 ZBRAMERE

Table 1 Selected stocks for experiment
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Table 2 Experimental environment configuration
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Table 3 Model parameter setting
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®4 ARBUEBERBERITOESIESAITN ISR L
Table 4  Prediction performance comparison of different models for stock prices of

China Merchants Bank Co.,Ltd. and Sinolink Securities Co. , Ltd.

_— HRRAT & UESR
RMSE MAE R? s RMSE MAE R? Vs
LSTM 0. 104 0.037 0. 968 191 0. 062 0. 025 0. 952 181
CNN-LSTM 0. 162 0.092 0.742 159 0.014 0. 009 0.951 167
GRU-Attention 0. 104 0. 035 0.723 172 0. 062 0.023 0. 961 176
CNN-BiLSTM-AM 0. 157 0. 089 0.768 187 0. 062 0. 025 0.981 187
E'S 0. 106 0. 035 0.972 164 0. 063 0.025 0. 966 169
x5 ARBNEBERN LR ARSI TNIERIT
Table 5 Prediction performance comparison of different models for stock prices of Poly Developments
and Holdings Group Co.,Ltd. and Tibet Urban Development and Investment Co., Ltd.
A TRA % [
RMSE MAE R? s RMSE MAE R? Vs
LSTM 0. 143 0. 058 0.748 193 0. 064 0. 028 0.979 197
CNN-LSTM 0. 143 0. 058 0. 822 166 0. 065 0. 028 0.975 178
GRU-Attention 0. 143 0. 056 0. 858 202 0. 063 0. 027 0.975 206
CNN-BiLSTM-AM 0. 144 0. 057 0. 816 191 0. 063 0. 028 0. 962 179
'S 0. 142 0. 056 0. 859 171 0. 063 0. 027 0.984 181
R 6 ARFNEE T E ML B I EERAITMN IR L
Table 6 Prediction performance comparison of different models for stock prices of China Shenhua
Energy Company Limited and Inner Mongolia Dian Tou Energy Corporation Limited
il o A HL I RE TR
RMSE MAE R? t/s RMSE MAE R? t/s
LSTM 0. 085 0. 034 0.974 198 0. 084 0. 035 0.909 201
CNN-LSTM 0. 088 0.038 0. 965 176 0. 085 0. 036 0. 831 179
GRU-Attention 0. 085 0.033 0.972 201 0. 084 0. 034 0. 905 204
CNN-BiLSTM-AM 0. 087 0.034 0.943 186 0. 086 0. 036 0. 827 191
A3 0. 086 0.034 0.977 178 0. 085 0. 035 0.935 185
®7 AEBIUEBERERFRT K RROITENIERIT L
Table 7 Prediction performance comparison of different models for stock prices of Citic Pacific
Special Steel Group Co.,Ltd. and Fangda Carbon New Material Co.,Ltd.
b TR Ti KHR
RMSE MAE R? /s RMSE MAE R? t/s
LSTM 0. 055 0.019 0.764 199 0. 089 0.033 0.916 208
CNN-LSTM 0. 057 0.019 0. 896 167 0. 090 0.038 0.902 176
GRU-Attention 0. 055 0.018 0.874 197 0. 089 0. 032 0.919 201
CNN-BiLSTM-AM 0.054 0.018 0.902 191 0. 089 0.033 0.912 205
AL 0. 054 0.018 0.912 172 0. 085 0.032 0. 935 181

M 4—10 FTLLR L, LSTM BB BPEM T bR Rk S5 MR 7E B BE , S 20 LSTM A58 HRE R Bl & i 22
Z & T CNN-BIiLSTM-AM , GRU-Attention 1 BiLSTM-  GE#\ WUNME 5 B IEAFAE R R IR 2 AL R 5
SA-TCN #i#Y | H YN0k B8R LSTM g fR B &Ik X > CNN-LSTM A AU 5 , 38 i CNN $2 Bt
SRS P AN AR RS S, (A — 1 LSTM AR 4% JREEAIR R AE , P LSTM M 2% E 77 2% 2 | AR AT
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xR 8 ARITMEBTERFF4E 71 = w iRl AN R R 3T B
Table 8 Prediction performance comparison of different models for stock prices of
Tianqi Lithium Corporation and Yunnan Copper Co., Ltd.
— KA =R
RMSE MAE R? s RMSE MAE R? Vs
LSTM 0. 051 0.017 0. 953 201 0. 104 0.039 0. 906 210
CNN-LSTM 0. 065 0. 024 0. 898 180 0. 104 0. 040 0. 897 191
GRU-Attention 0. 050 0.016 0. 865 197 0.101 0.037 0.939 199
CNN-BiLSTM-AM 0. 050 0.017 0. 458 188 0. 105 0.038 0.924 204
'S 0. 050 0.016 0.972 185 0. 105 0.037 0.925 205
x99 AETMEELE P E G ANEHEX KT BRI
Table 9  Prediction performance comparison of different models for stock prices of
Petro China Company Limited and Yueyang Xingchang Petro-chemical Co., Ltd.
R A E A PSS
RMSE MAE R? s RMSE MAE R? Vs
LSTM 0. 125 0. 058 0.924 205 0. 165 0. 062 0. 839 210
CNN-LSTM 0.122 0. 058 0.928 189 0. 165 0. 064 0.835 195
GRU-Attention 0.122 0. 057 0. 949 206 0. 164 0. 061 0.901 201
CNN-BiLSTM-AM 0. 121 0.058 0. 953 197 0. 164 0. 062 0. 896 204
AL 0. 121 0. 057 0. 965 199 0.079 0. 028 0. 959 200
F 10 R[EFRNARE 7 LL I 8 A0 R KR ZE R IR M FE AR bl
Table 10  Prediction performance comparison of different models for stock prices of
BYD Company Limited and Dongfeng Automobile Co., Ltd.
sk HRIRIESE
LAY
RMSE MAE R? /s RMSE MAE R? t/s
LSTM 0. 041 0.013 0. 831 198 0.079 0. 037 0.707 187
CNN-LSTM 0. 126 0. 084 0. 166 181 0. 081 0.039 0. 537 170
GRU-Attention 0. 047 0.013 0. 454 186 0.079 0. 036 0. 704 190
CNN-BiLSTM-AM 0. 042 0.012 0.951 194 0.079 0.037 0.791 181
AL 0. 041 0.012 0.975 187 0.079 0.036 0. 841 173

bR I S O A TR TR B, FLB AL I R R g
fon, (EFE S A e A v BT S0 % o A O, T L IR
T RN AR XU A G i g 00 A AR (1 A B X T
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Attention I 4 25 TPFAT FE PR TE 64% %46 I BH
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D25 SR T fin v [ e e 452 280 ) ) o A i
A% &b T B8 ok B R Bk G IE BE, CNN-BIiLSTM-AM FiI
GRU-Attention FERILLG BE AL, HH B8 KAy o 0] 152
25, B I S B TRY TE 1 2 > 30 I S AN A T ok ol R

BRI RAEAR BN 1 D 1 356 offe 00000 55 700 ) 52 06 &5
F e REANE H T & R h & B R B i .
XFF BiLSTM-SA-TCN 5 | 57 55 2% 5L 3¢ Bl 7
78% WL EEBGE T R” YEM 8 ARl , 7 T1% HI%K
e MAE PPN 48 bR i L, RMSE 197 #4845 b
LSTM , CNN-LSTM ., GRU-Attention 1 CNN-BiLSTM-
AM RIS 3 8 14% 25% (14. 2% F1 7. 8% , {EFK
HIYINZ5)5 1, BILSTM-SA-TCN #5585 i L 1 e ik ) 4
P HSCSIGH B b, e T R AR I 2 AR, A
TG M e T TR 4 8 T TP B 2 B BiLSTM-
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Abstract To address the poor timeliness and simple prediction functions of stock forecasting models,we propose a
model abbreviated as BILSTM-SA-TCN,which combines Bi-directional Long Short-Term Memory ( Bi-LSTM) neural
network , Self-Attention (SA) and Temporal Convolution Network ( TCN).The learning unit and prediction unit in

the proposed model can effectively learn important stock data, capture long-term dependency information ,and output

the predicted next day close price. The experimental results indicate that the BILSTM-SA-TCN model has more

stable prediction results on multiple data sets and has higher modle generalization ability. Furthormore , incomparative

experiment ,the BiILSTM-SA-TCN model achieves the lowest root mean square error,the lowest mean absolute error,

and the best fitting degree of R* on the majority of datasets.

Key words stock price forecast;long short-term memory ( LSTM) ; attention mechanism ;temporal convolution net-

work (TCN)





