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Introduction

 Combustion Machine Learning allows to predict
thermochemical states efficiently [1].

* These predictions are implemented through neural networks,
which are sensitive to small deviations of the input variables. |

« Small errors can amplify when the model works as a time
integrator (autoregression), leading to potential blow ups and 20y

 The Lipschitz constant is applied in terms of an implicit
gradient loss term.
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* Robustness is the characteristic that protects neural networks - 5 : -
from such phenomenon, we explore training processes X, = S N Xiao= | « All the considered models include a mass conservation term
alternatives aiming for robustness improvement. Y S o L Y 1 the loss function:
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regularization process [2]. N :S‘ 117 « The different approaches are implemented for one-layer
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« The Lipschitz constant is the maximum rate at which a continuous NN )/ networks with 600 neurons, using the Pytorch Lightnin
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function can grow, with higher values producing blow ups. The N framework .

Lipschitz constant is usually defined as:  As proof of concept, the San Diego hydrogen [4] combustion

mechanism is used with a temperature sampling [1150,1200K]
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« The L2-regularization consists in adding the squared value of the
networks’ weights to the loss function: L=MSE+L,+ L.+ Ly
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Conclusions

« L2 regularization presents the better improvement in terms of blow-up avoidance, however, the dynamics are
not learnt accurately. When evaluated point by point, there is a decrease in accuracy.

 Implicit gradient alone helps reducing the error in the loss function, but it does not translate in any
robustness increase.

« The implicit gradient helps the L2 regularization reactiveness, and the final steady-state is more accurate,
however, the trajectory Is not accurate enough.

* New options must be tested, as well as network architectures, as well as different regularization constants.
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