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1. Wasserstein Proximals 4. Experiments

e Goal: Particle-based sampling without added noise

Fokker-Planck Equation Stationary Solution
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e Approximate version of the Jordan-Kinderlehrer-Otto scheme iteration L.
| O‘% é é’;g .

prs = argmin [ (8plogp+ Vp)do + 5 W(ow o), oy

pEP2  JRI y 2h 10 %%i% L %%ooo

._.
]

Free energy functional

e Key: Implicit computation of the Wasserstein proximal using backwards
Euler scheme

e Computational machinery: computable approximation of the Wasserstein
proximal, Monte Carlo integration, clever ODE discretization

2. Approximating the Proximal

dX (t) = —VV(X(t))dt + /28dW (t), X(0) = X,
Liouville’s
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Variance reduction from
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the Kantorovich dual variable

@ Discrete time approximation of ODE

@ Monte-Carlo computation in kernel formula

3. Convergence -

@ Empirical distribution approximation Regularization allows for larger step-size

Theorem. Applied to the d -dimensional Ornstein-Uhlenbeck process
with condition number kK, the worst-case (TV)-mixing time 1s
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Better dependence on problem dimension d ! (Followup work that resolves the bias issues and allows for faster computation.)

(Implicitly hidden in the Monte-Carlo step)

Coming soon for more general |/ +—

Acknowledgements: Work supported by NoMADS program and AFOSR YIP award No. FA9550-23-1-0087.

Workshop on Optimal Transport from Theory to Applications, Berlin, March 11-15th 2024




