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Abstract

The proposed optimized dual-agent deep learning model, based on particle swarm optimization
(PSO), time convolutional neural network (TCN), and bidirectional gated recurrent unit (BiGRU)
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model, aims to fully explore the temporal characteristic relationships affecting financial data and
enhance the prediction accuracy of gold futures price. The trading prices of 2018~2024 trading days
were selected, along with six categories of influencing factor data. Bayesian optimization XGBoost
combined with SHAP algorithm was used to screen interpretability features, followed by the estab-
lishment of a PSO-TCN-BiGRU mixed model for prediction. Comparison and analysis with other mod-
els such as CNN, BiGRU, TCN, BiGRU-TCN, CNN-BiGRU, TCN-BiGRU models revealed that the proposed
forecasting model exhibited lower RMSE value, MSE value and MAE value than other models while
achieving the highest R-square value. This indicates its ability to predict the trend of gold futures
price more accurately.
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Figure 1. Causal convolutional structure
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Figure 2. Diagram of GRU structure
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Figure 3. Diagram of BiGRU structure
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Figure 4. The structure of the combined forecasting model of TCN-BiGRU
[ 4. TCN-BiGRU Tl 48 &% Bl 4544

DOI: 10.12677/sa.2024.136218 2254 gt 5N A


https://doi.org/10.12677/sa.2024.136218

BHK

48

T I HEL S TCN 4%, BIGRU M4, #2H T TCN-BiIGRU JRA & M 48 AR L5 . Bk
{4 TCN ) 2% 1) — ¢ PR AR RO BT 1) 5 210 5008 EAT 3R, 9 5K A AREAT I 18] PP SRR E SR B, 7 P4 3E
LRPE[22]70 B8 1 1) BIGRU W48 1t — D INVRSR LT (8] 7 HIREIE . (] 4 R S5 R I

TG, EITHES 3 2 TCN FRZERHIRAR B Rl B A\ B[] 7 51 50808 (00 8% 52 B DL R B ) 7 51 B
SR 8] e 1) B8 R A AR P 4E[23], 8 Gt R B2 R RS 2V R AR BIGRU 3KHL TCN AL3 )5 1)
A, GBI IR R TT R RUZ GRU JZEd Rk, — 23t [ A2 NI4T 5 0T s 18] 3 70 Kt a3k AT 1 1) Ak
T, 5 2 IS A3 B I ) ) HE AT S ) AL ER . IE PR N IX R A BIGRU Ft B 5 B 4 T MR 2R ) 1]
FEHIIMRIR G &R, SR R SORICE:, i Ja s i 1) 4 1 12 2 SO0 o 4RI LS S TR0 465 52

3.2. RUBAMEMBEALHY

NT B AL TCN-BIGRU M7, $2 1 7 PSO-TCN-BIGRU VR & 142 /N 2% 5 A 45 44 . FI) ] PSO
BFEEAS B4R R A SR AR TCN-BIGRU B B IS, WSS N SR SR B 0], A
3 TCN-BiGRU [k ri KFEAFTELT, 5 ENIIALA BT 4r M TIPERE, 3G 5m iR 0 S i, (/SR 7E AL
P 4 HA T T 5] 570 H50H0 B S IR, 15 5 O PSO AR AL B S i A 1A«

it TCN-BiGRU #B5-#%
TCN Filter Sizes [64, 256]

TCN Kernel Sizes [3, 7]
Number of BiGRU Neurons [64, 200]
Dropout Rates [0.2, 0.5]
Learning Rates [0.000001, 0.01]
Dense Layer Neurons [16, 64]

AR
@ MR

Figure 5. PSO optimization model algorithm flow chart
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Figure 6. The global analysis graph of the importance of influencing factors
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Table 2. Comparison of network predictive performance
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Figure 7. Effect of local fitting of the model
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