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Abstract: In order to solve the problem of the large deviation between the classical option pricing model and the actual price
data, based on the BS option pricing model, the Fast Fourier Transform (FFT) combined with the Transformer’s multi-head
attention mechanism of deep learning algorithm was used to conductthe empirical research on the 300ETF options and Shanghai
gold options data. The model was quadratically trained by the improved Transformer algorithm on the residual values between
the option pricing model based on the FFT algorithm and the option price data of the actual financial market. The results show

that compared with other algorithms (BS model, FFT-BS model) and other hybrid algorithm models (FFT-BS+ ARIMA
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model, FFT-BS+LSTM model), the proposed model has a good performance in the statistical indexes such as R*, MSE,
NRMSE and MAE, and the hybrid algorithm model achieves a better performance for different volatilitiesand different varieties
of options. The study innovatively applies the improved Transformer algorithm to option pricing, which compensates for the

shortcomings of the classical option pricing model and provides a more accurate option pricing model.

Keywords: computer neural network; financial market; option pricing; deep learning; hybrid model; multi-head

attention mechanism
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Fig. 5 HS300 options random sampling different model results forecast chart

WA RS IR 45 0 R . A R B s 2t 11 758 &L IR SR 6 556 4%, B E4E 936 4%, K 4R
1874 %%, XFLLER 4 MR 1 Al A0, AH LGP R 300ETF WAL, B 4 WAL b i 3l 38 K, P 3448 L 45 W0 v 48
BN AR 25 5. BROLECHE 0 7 Bl kT B A ARG AR IS I 55 T U IR 300 M, A AR b i IR
300ETF HAHE 25 ) Bl 400 A5 T o AS ) A5 760 8 4 A ACRE A S0 3900 225 SR 1o UL 2% 5, O[] A5 7R 2% 4 10 AR A b
U 25 S XF LU AR 10 UL 2R 6, B A WA RURE AR SR T 45 SR 43 28 A T L UL 6.,

oA E A IR 4E B A A

Tab. 4 Gold options raw data characteristics

i H FHE b i 22 B/ME 2595 i B 50 % M B 750 K RE
WL A 28.868 360 24.014 150 0. 020 000 5.320 000 25. 320 000 48. 215 000 105. 620 000
5% 22 B b 0. 845 524 3.366 558 —9.794 696 —1.347 859 0.293 624 2.437 636 17.794 741

A5 REAEA FH A WA RSN TRM 45 R 2T

Tab.5 Comparison of out-of-sample prediction results of different models of gold options

B R R*? MSE NRMSE MAE MAPE
BS 0.981 718 12. 842 326 0. 035 672 2.515 824 0. 354 966
FFT-BS 0. 983 642 11.380 988 0. 033 581 2. 404 994 0. 360 122
FFT-BS+ ARIMA 0. 992 220 4.776 571 0.021 755 1.508 567 0.506 941
FFT-BS+LSTM 0.994 314 3.455 612 0.018 504 1.240 832 0.528 848
FFT-BS+ Transformer 0.998 278 1.023 903 0.010 072 0.591 182 0.692 181

A 6 R EEA e A AR SR TR 45 R AR st A e L

Tab. 6 Relative comparison of out-of-sample prediction results of different models of gold options

B A R® MSE NRMSE MAE MAPE
BS 1. 000 000 1. 000 000 1. 000 000 1. 000 000 1. 000 000
FFT-BS 1.001 950 0.886 209 0.941 382 0.955 946 1.014 525
FFT-BS+ ARIMA 1.010 697 0.371 939 0.609 862 0.599 631 1. 428 139
FFT-BS+LSTM 1.012 830 0.269 079 0.518 726 0.493 210 1. 489 855
FFT-BS+ Transformer 1.016 868 0.079 728 0.282 350 0.234 985 1.949 992
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