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Abstract

To address the problem that existing hybrid neural network models have a single input structure
and cannot effectively fuse features of different frequencies when processing multi-source time se-
ries data, this paper proposes a CNN-BiLSTM stock price prediction model based on dual-channel
input. The model designs a dual-channel input structure to separately process 5-minute high-fre-
quency data (open price, high price, low price, close price, volume) and daily low-frequency data
(daily average price, daily volume, adjusted close price). The high-frequency channel uses a two-
layer convolutional neural network (CNN) to extract intraday local fluctuation features, while the
low-frequency channel directly inputs data into a bidirectional long short-term memory network
(BiLSTM) to capture long-term trend dependencies. Finally, the dual-channel features are fused via
a gating mechanism to complete stock price prediction. Taking the trading data of Kweichow Moutai
(600519.SH) from January 2020 to December 2025 as the empirical object, a 50-day sliding window
is used to predict the closing price of the next five days. Experimental results show that the proposed
model achieves a prediction accuracy of 98.07% on the test set, significantly outperforming base-
line models such as RNN, GRU, LSTM using only daily data, CNN-LSTM using only minute-level data,
single-channel CNN-BiLSTM, and LSTM-Transformer, verifying the effectiveness of the dual-channel
input structure in capturing multi-scale temporal features. This study provides a novel model input
architecture for high-frequency financial time series prediction and has positive reference value for
investors’ quantitative decision-making.
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Figure 1. Dual-channel CNN-BiLSTM model structure diagram
1. Mifi& CNN-BILSTM 1ERILEH
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DURFIEH A
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Table 1. Main hyperparameters of the model
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v
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JEIRHEURRIE . 28 R ERUZ RN 3 [ A/ RS, I TAER AV 4E R EASANZH A 55 — 2 50 0SB R E
LSTM 5044 32 W44 2{16, 32, 64}, PEREAIE T4 . B 4EfE 64 W44 % {32, 64, 128}, itk
PIAN RIS AR B S AT A L8RI5 BE /7. Dropout % 0.35 M#%342{0.2, 0.35, 0.5}, ¢4 IR 42 b
R G 5E

2.5 WELERNEE

SRR UIE X T A N 45 R R 22 Rl IO 280, ARSI B DA B AL AT XS L

(1) LSTMAERY: {ff A H REARE NN, R HZ LSTM (32 Foc) EHETUN ~ —32 & H UL -
BIANFER A (N,T,3), HhT =50,

(2) CNN-LSTM &L AUAE - 8RR NN, HAax SN S B 5 2% K Lpsl N
ConviD (5 Ao #h JOEE A RS H PAFE, 4N LSTM (32 H)ib AT #iill . AR N
(N,T,L,F,).

(3) BAMHIE CNN-BILSTM AREL: {8 A /0 Bl R E v N, 4B gme ab 38 77 05 AR S04 e 2
iHE 58 4R (2 CNN + BILSTM), {HJC HGEIEM T/ &, EH i BILSTM i th il .

(4) RNN BLAL: AU A H8dEAE N, K S RIEIAph 2 45 (RNN, 32 5o0) Bl
— 5 B - AR (N, T,3) .

(5) GRU #E8Y. (U H HEEIRME NN, KA 2T EMEHHIT(GRU, 50 Hyo) BN N —58
oy ASEEANY . FNTEARA (N, T,3) .

(6) LSTM-Transformer #2284 454 LSTM 5 Transformer fVR A48 . 7526 # A LSTM JZ(32 #.76,
REFPF)0 H R (N, T,3) #EATSfY, SRHUN FPRHE: S8)54 LSTM 1%t /7 %\ Transformer 4
TS E (RS 4 SKIEE VLR, BTN EYERE 64), it 4/ V3 A R 4 e 422 2 4 th T e . it
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PR FBORE 48 IRIIAZ S H, RANZAE S H e — A B8dE T 72 2 48 #il.

(2) FHEME: BRI BEHCRH 5 78 k LAY, ety B B, mscE, 35
YERFIERALIE P GRFAE o FF 0158 H 5400 1 () B 3k B H s & A AW RAN 1 0 H URFAIE, L = 4ESRFAIE .

(3) FEAME: RAWNE O T REREAR, BOKERENT=50K. XFTHENMLHH, ¥Kan
t—50 & t-13k 50 KM/ A A HZEHRE RN, 5 5 RIGIE M E T H br. oA ol 8o
AN -50-11, HA N AFKEZS H S

(4) BIEERD: KAESN 8 th 2 85 xR KI 4 I ZrEEFTR2E .

(5) BABARAEA: X BhGURFAEAN H ZURHAE 53 AT Z-score hrdEdl, Frifkfb S HUUEE T4 5,
R FMAREE o 55 AT SRR AGS T BVP A B PR R
3.2. 1iEHR

AP ARIYERE, SRS EAEN FEAR, 275 iR 2 (RMSE) . T34 %1% 2 (MAE). “T-13
% 77 LR ZE (MAPE) . TRGE REU(RYFFTHH L FRINHERZ (PA), € XN 1 — MAPE, 1143 E 2 L
ST B, B e s T A A . BAR AT

1a

RMSE = —le(yi—x‘/i)z (15)
18 o
MAE=H§|yi_yi| (16)
100% &y - ¥,
MPAE =——> |Z—1
n ~\2
re -2 =) (18)
Zi:1(yi_yi)
PA =(1- MAPE)x100% (19)
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3.3. SLHRE

FIT A S AE — NI AT

BEE: Intel Core i7-12700K CPU, 32GB RAM, NVIDIA RTX 3080 GPU

A Python 3.9, TensorFlow 2.10, Scikit-learn 1.2, pycharm2025.1

BRI 25K ) Adam HRALES, HI4A 21 0.001, HEIKK/S 64, EoKiIZiEe% 100, 4§ FA5 AL,
BIUER IR ES: 10 AT REME LIS, FFRE AR . FrA 0 EURE Y 2R FH AR [ B I 2R S
TR EERR RS b ) 5 AT 2 (W LSTM/GRU/RNN 5640, Transformer Sk%%%), FATHENE T 5 A
PR S 3 T IR I AR R IR, DUR AT REB (R 5T EL I AP filln, LSTM e FIFEZE{16,
32, 64} AR AL . B, X ORISR AR IR E Y RE AR B S B S
3.4. IWERE I
3.4.1. {RBIEEFMEERTEL

NISUEASCHR HXGEE CNN-BILSTM A A 2, KI5 6 M EERERAEN A ik Tt
bR R F M H 2B E N 1455 %, 5 HhEdE 69,840 4, A (EUIEH N 2025 4£ 12 A 31 H)
1389.72 jt. HALERUWIFE 2 iR,

Table 2. Performance comparison of different models on the Kweichow Moutai stock data test set
= 2. TEMEBITESR NG B IREHIENIE ER 1t aexTEL

T RMSE (Jt) MAE (Jt) MAPE (%) R2 PA (%)

RNN 49.27 39.12 2.63 0.307 97.37

GRU 40.32 31.30 2.10 0.526 97.90

LSTM 47.96 36.08 2.41 0.344 97.59
CNN-LSTM 51.56 42.39 2.87 0.241 97.13
F3EIE CNN-BILSTM 4173 32.10 2.14 0.503 97.86
LSTM-Transformer 61.74 49.53 3.32 0.088 96.68
AR SCAR Y 38.51 28.97 1.93 0.577 98.07

W 2 W AE t, ASCEMERTAfabs FIRIERN, MAPE {h 1.93%, Tl #E#f %1k %) 98.07%,
R?40.577, ST H A LBAL (RN E & A O 220 T oo, Brbh RMEESHE B80T 7 T2k 1
THOL IR 1) 5HEZ 5 0 GRU M HL, ASCIERLH MAPE FHK T 0.17 NE4r s 54U 4%
BRI HETE CNN-BILSTM AL, MAPE P T 0.21 ANE 2 sh. FRITERI AL, 1T i s — A 4R
SAE R H R 1455 S804 SR EAT T T4, M /i & AT R 5 b ) K &8s, 1
PHAEBAIERAR BT 2 48 AR DUT, T 2 BR s — TR 7E A0 2 /D S O (a2
B s ) Ve R, AR S AR LR AN T AR T T R T SR . fEIX 2 b, ARSCBIY DAY
SR A 5 AR Y, X T4 B0 E T RO E N S5 KR T4 Bl LR R A 2 R A5 BT TH Y
AR
3.4.2. FURSR AT

NE R A SO TR AR, 22 A b B S e 5 T30 A feons b b 22 (K] 2), DA T
R ZE oA BT EI(E 3).
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Figure 2. Comparison of true and predicted values on the test set (first 200 samples)
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Figure 3. Histogram of prediction error distribution
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4, B5RIE

e i R FG v R v S e AR, A PO — B AR R S T SR F DG R AR SR — T
BUEIEHI ) CNN-BILSTM B PRI, @it 5 4080 2 m AE0E 5 3 B SR ATEE 1 XGE 8 25 1,
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