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Solving Implied Volatility of American Lookback Options by
Bayesian Inference and Neural Network
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Abstract: Firstly, we used the original dual active set method to solve the forward problem of option
pricing, with the corresponding numerical solutions as the output for supervised learning, and then
replaced the forward problem model of option pricing with a well-trained neural network. Secondly,
we combined Bayesian inference with neural networks for Metropolis-Hastings sampling to solve the
inverse problem of implied volatility. This method reduced the problem of large computational
complexity of the forward problem during the sampling process, thereby accelerating the solution
process for the inverse problem.
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Table 1 Numerical results of MH and MH-+FNN algorithms when d=1
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Table 2 Numerical results of different hidden layers when each layer of neurons is 50

Pz 2 2 I 1] /s 1 o
2 826. 2 0. 148, 0.298, 0. 447
3 917.3 0.149, 0.299, 0. 448
4 975.6 0.151, 0.299, 0. 449
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Table 3 Numerical results of different neurons when hidden layer is 3

ST 8 i1 /s P o
25 825.1 0.148, 0.297, 0. 447
50 1018.9 0.149, 0.298, 0. 448
75 1105. 2 0.151, 0.299, 0. 449
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Table 4 Numerical results of MH and MH-+FNN algorithms when d=3, ¢=(0.1.,0.15,0.2)

Bk B | /s YE 10 X brifE 2%
MH 2 647.540 (0.122, 0.146, 0.195) 0. 64
MH-+FNN 863.2+7.2 (0.124, 0.145, 0.192) 0. 69
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