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Faster convergence through ballistic movement Langevin Diftusion

® Overdamped Dynamics
— SDE discretization
® Equilibrium Steady State

Drift Diffusion jump t € [0, 00)

Diffusion dX; = a(X;)dt + b(X;) dB;

PDMP dX; = a(X;)dt + / c(X¢_,u)n(dtdu) VS.
PN RA 1+ Randomized Hamiltonian Monte Carlo
Piecewise Deterministic Markov Process ® Kinetic Dynamics
— ODE discretization
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Comparison of two batch means estimators
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