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Add second-order differential data to the learning process [2]: | |
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« Use PCA via SVD to find meaningful directions. |
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» Surrogate model N (1) with parameters 9. Results for Bachelier Basket Optlon
« Reference model S.
. Optimizer G Standard ML Differential ML Second-Order DML
» hyperparameter «, for principal components. . 04 o4
» Loss function L. 9 0.3, 0.3 /
» loss balancing parameters A\, A\, \s. 0.21 0.21 0.21 /
1. While ¥ not converged do 0.1 0.1/ 0.1 //
2 {(®, Y, Vayi)} ~ S > Sample training data ) | | 0.0 | 0.0 | |
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e AVeyy", «— {Vey;, —p}", > Mean subtracted data 0.08- - 0.03- 0.08-
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6:  {Up},_, < diag(s)V > Principal components
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11: — g > Update surrogate parameters
12 end while RMSE for 30 runs with 8192 samples, maturity 7' = 1 year:
13 return N

Predict # Dim Standard ML Differential ML 2nd-Order PCA 2nd-Order RNG
Price / 0.320 £ 0.022 0.123 = 0.009 0.101 =0.016 0.099 + 0.004

Details Delta /7 0.532 4+ 0.009 0.261 £ 0.025 0.1554+ 0.018 0.231+ 0.010

Gamma 7 97.625 4+ 0.33 87.390 4+ 2.20 75.54+ 0.51 87.392 + 1.31

How to balance the loss parameters? , T
— Use k, (most important principal components) Tested on baskets with up to 100 assets, resulting in similar improvements.
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where e.g., a = 1, 8 = 2k, /n’ Future Directions

Poster online:

How to deal with pathwise (derivative) payoff discontinuities?

— Use smoothing, e.g., sigmoidal smoothing. More complicated models? (E.g., Heston? =- requires variance reduction)

« PCA using Krylov subspace iteration solver
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