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Summary

We developed a physics-based sampling and variational inference method, EParVI [1], which exploits principles of electrostatics and
Newton mechanics to simulate an interacting particle system (IPS). There are two sets of particles in the system: freely-moving negative
charges and positive charges at fixed grids, with magnitudes proportional to the (un-normalised) target distribution. Particles interact
with each other via attraction and repulsion induced by the resulting electric fields described by Poisson’s equation. The IPS evolves
towards a steady-state where the distribution of negative charges conforms to the target distribution.

This physics-inspired method offers deterministic, gradient-free sampling and inference, achieving comparable performance as
other particle-based and MCMC methods in benchmark tasks of inferring low-dimensional, multi-modal densities, Bayesian logistic
regression and dynamical system identification.

Background Experiments

Probabilistic approaches [2,3] are used in many learning and - Toy densities inference
decision-making tasks, e.g. Bayesian inference and generative
modelling (e.g. diffusion models), and many of them involve esti-
mating the distribution of some quantities of interest. When ex-
act inference is infeasible, approximate inference methods such
as MCMC and variational inference become relevant. Particle-
based variational inference (ParVl), such as SVGD [4], SMC [5]
and EVI [6], have been developed which iteratively transport a
set of particles to match the target distribution, leveraging gra-
dient information for efficient inference. In this work, we pro-
pose an electrostatics-based particle sampling method inspired
by principles from physics, hopefully facilitating more effective
exploration of complex distributions.
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itive charges. The combined electrostatics force acting on this
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Under this force, the negative charge updates its position as per

Newton’s law e.g. xj"' = x! + 7F}. At transient or equilibrium

time, the configuration of negative charges approximates the
target density.

The physics-based ParV| method, EParVI, features gradient-free
sampling with deterministic dynamics, simplicity, non-parametric
flexibility, expressiveness and good accuracy.

It also suffers from curse of dimensionality due to its mesh-
Fig: ilustrative diagram of particle distributions. Red based nature. Future work includes exploring theoretical guar-
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charges are fixed at the grid points with magnitude

proportional to density value, negative charges can and imPrOVing |tS COmPUtationaI EfﬁCienCy.

move freely.
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