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Background

Particle-in-Cell (PIC) simulations are widely used for modeling fusion edge physics, electric propulsion, and space plasmas, but large PIC runs are expensive,
often limited by memory and across nodes, not just by raw compute. A common source of error is numerical noise because we represent a huge number of real
particles with a finite number of sample particles, which can introduce fluctuations that hide weak physical signals and reduce diagnostic quality. Using smoother,
higher-order deposition can reduce this noise, but it usually increases memory traffic and scalability. In this work, we explore a ML approach that learns a

smooth, Gaussian-like deposition behavior to reduce high-frequency noise with multicore CPU and single-GPU implementation, and training is performed using
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