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Particle-in-cell (PIC) codes are one of the workhorses for numerically exploring plasma dy-

namics across a vast parameter space. Recently, charge and energy-conserving implicit PIC

formulations have been developed which open the path for accurate and efficient kinetic plasma

simulations [1]. By discretizing the PIC equations in an implicit manner, they bypass stabil-

ity constraints that limit the grid-size or time-step size in explicit formulations. This comes

at the drawback of increased computational cost. For each time step, a demanding system of

non-linear equations needs to be solved iteratively. In this setting, the time-to-solution can be

reduced significantly by preconditioning the set of equations with the help of fluid equations

that model the low-frequency dynamics of the system [2].

Here we demonstrate how to use machine learning to learn pre-conditioners that accelerate

the time-to-solution for implicit PIC simulations. For this, we implement the implicit PIC for-

mulation of [1] as a differentiable program [3], which makes the entire simulation amenable to

end-to-end gradient-based optimization. In particular, by integrating the preconditioner model

within the solver loop it receives immediate feedback from the iterative solver on its perfor-

mance [4, 5]. This allows for a data-efficient training of the model since it is exposed to the

relevant data distribution. We compare the performance of different neural network architec-

tures for the machine learned preconditioner model, describe their generalizing capability and

compare their performance to fluid-based preconditioners.
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