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ABSTRACT

Poisson-Boltzmann equation (PBD), which describes the effects of charges inside cells, plays important roles in
various disciplinaries including biology. In this presentation, we introduce a ResNet based method to predict solution of
PBE. First, we generate solutions of PBE based on FEM. Next, we train networks whose input shape includes location

of charge and shape of cell and while output shape includes the electronic potential.
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