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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
a data-parallel approach in PyTorch.

Motivation and Goals
Motivation

• Large PIC studies are expensive, and at
scale the main limits are often memory and
node-to-node communication, not just com-
pute speed.

• The standard cloud-in-cell (CIC) parti-
cle–grid coupling is fast and scalable, but its
noise can reduce diagnostic quality and hide
weak physical signals 1.

Goals
• Reduce high-frequency noise introduced

during particle-to-grid deposition while
keeping the PIC loop unchanged in its main
structure.

• Integrate a Machine Learning (ML)-based,
Gaussian-like smooth deposition approach
into the Heterogeneous Exascale PIC
(HEXAPIC) workflow.

• Support scalable training and testing using
distributed PyTorch (data parallelism, and
model parallelism using multicore CPUs and
a single GPU.)

We used the AMD EPYC Rome CPU and
NVIDIA A100 GPU for training on the MeluX-
ina HPC machine.

Results
• Qualitative agreement: For an exem-

plary case, the predicted Gaussian-deposited
field closely matches the true Gaussian de-
position. The difference map (pred − true)
remains near zero, with small residuals lo-
calized around the charge peaks.

• Accuracy: MAE = 7.53 × 10−4. Mean
abs. charge error: 1.246913 × 10−2.
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