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Research on stock price prediction based on VMD-SAPW-LSTM model
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Abstract: To achieve a highly accurate solution for stock price prediction, an innovative composite forecasting model—VMD -
SAPW-LSTM—has been proposed. This model integrates Variational Mode Decomposition ( VMD), Long Short—Term Memory
Network (LSTM) , Self-Attention Mechanism ( SA), and Position—Weighted Attention Mechanism ( PW). The model first uses
Variational Mode Decomposition (VMD) to decompose the complex stock closing price time series into multiple modal components
with different frequency characteristics. This effectively reduces the complexity and non - stationarity of the data. Subsequently,
integrating the Self— Attention ( SA) and Position—Weighted (PW ) mechanisms within the LSTM network framework not only
enhances the model’ s ability to capture key information in the time series data but also improves its sensitivity to dynamic changes
through weighted handling of positional information. During the experimental validation phase, the Adam optimizer was used to fine
—tune the model parameters, significantly enhancing the model’ s predictive performance. Results show that the VMD-SAPW -
LSTM model demonstrates outstanding performance in stock price prediction, with accuracy significantly improved compared to
traditional methods and other deep learning models. This research not only opens new avenues for precise stock market forecasting
but also highlights the vast potential and broad prospects of deep learning technologies in financial time series analysis.
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0.587 9, R* 35 0. 988 9, ik BB H i AL IHIE T &2 4%
BRI T AR R E T 2R 3R il A e P T
FisF [0 77 4] R0 2 7 T A e A

25 LR ARSI 1 R G AT SRR
T VMD $EAAE B[R] 8 0 ) S EEAE T LA &
B AU T 32— 20 D0 A A AL P 1 A AR AR i

ARSI AT IR R T A MRS
2.7 S5MEXEHPHRBINT L ST

N T AL VMD-SAPW - LSTM #5700 7 4 fil
TS P00 e RS E P NP BE DL 34, ARG LA b UEHE
O], R RSB T 1 B0, JF4 B 45 2R 5 50
BR[6] Y RF-SA-GRU #i 81 & SCHR[ 8] Hh— F& 3
BT ARME S 7 AR L 27 21 7 1 R AT 1%
Feortr, SR 4,

R4 TRREE EIEEHRMRR

Table 4 Forecasting effect of Shanghai stock index with different

models

R RMSE MAE R?
RF-SA-GRU'® 37.68 27.52 0.98
CEEMDAN-LSTM'® 16.41 12.39 0. 83
CEEMDAN-Seq2Seq!®! 17. 41 13.47 0.81
EMD-LSTM-Attention '’ 16. 34 13. 18 0.83
EEMD-LSTM-Attention'*’ 16. 69 12.35 0.83
CEEMDAN-LSTM-Attention!®’  14.72 10.75 0.87
VMD-SAPW-LSTM 13.25 3.32 0.99

H 2% 4 1[45, VMD-SAPW -LSTM £ %! (1Y) RMSE
{4 13. 25, A% T HoAh xF AR A Horp ) R Bk AL
i CEEMDAN — LSTM — Attention 15 % fj RMSE &
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BER, 4. HETF VMD-SAPW-LSTM FE 78 14 Ji 4 BOm 5% 27

14. 72, F 0B AU 78 T 35 22 45 ) L SR B HE 0
o, [AlA, 2 MAE {5408 3. 32, — 22 56 0E 1 41
TOIAE -5 SC PR i 2 18] 9 e B — ke, RP (88 T
0.99, @& T HABFTE XF LB A fREE T AR |
UEFEHOE SRS e PE e 1 A BE LA LR

25 FRTR AR SCHR YA VMD -SAPW - LSTM A5
RUAE TN b iiEFe B, AR 22 /0 RS B &, i HLAR
e LT EAA SR A AR R G — 2
AU T A2 828553 i (VMD) | 3 1 & AL
(SA) N EMALEEIHLE (PW) 5 LSTM FHZS &
TR (AT RO A 4 il Tl 7 I 4503 4 TR Y
SRR  BA 2R A SE PR A,

3 HRIE

B T JRE SIS A R ] 5 37, AR SR FH AR A3 A
BOT (VD) F A I ZE0 5 0 BT 0 i, B
JEE R IC I M A2 M 2% (LSTM) S5 | A A T
P (SA) AL B MAE B LS (PW) |, # 3
SAPW-LSTM #2 81 X} 43 fift I 0 4% 55 511 43 50l O Jié
T , 5 i 224 e 81 ) (004 T E A, 15 S R ¢
O S TR I P B N v el I (R B 5 N IR
22 T, B AR N AR B h B IO BN E A
RUCRFE, 5 IR PIAN 19 32 1 WL e A A B R A G 7
FEANICE Z B AR e, G R Z 8] 67 B G
2 VBT T A M R R 5 oG B % A g
f% BT 4 T M A R SR ) [ B S o ) G B
B,

VMD-SAPW-LSTM A1 15 A AL AEBL IS I
Fw T SOy T A, AR R T
HCAEFETH TN BE ) A R T 4T R O T T, Sk
I — A AT A AR TR S A
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