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is the gradient-flow equation of the energy F(x) in the space RY with
the Eulidean geometry described by ||x||2.
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Orpp = —div (MVM [M])
Measure Space : P or MT
PDE has a gradient structure: ¢ Energy functional : F (e.g. KL)

Dissipation Geometry : W, or He

The merit of the right gradient flow formulation of a dissipative evolution equa-
tion is that it separates energetics and kinetics: The energetics endow the
state space with a functional, the kinetics endow the state space with a (Rie-

mannian) geometry via the metric tensor. [Otto 2001]




Wasserstein distance and optimal transport

“Euclidean distance” between probability measures

p-th order Kantorovich-Wasserstein distance be-
tween measures fg, 1 on X C R? with p finite

moments is defined through the Monge problem OT/.O/.
P,
WE (ho, 1) == m'n /|X* x)|P dpio(x )’ T o —Ml}.§:-
7T
the Kantorovich problem I ‘.
BN
W) (10, f11) := min { / |xo — x¢|P dN ‘ .l

[Peyré and Cuturi, 2019]
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i.e., best of both worlds!
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Thank you!

For code implementation, see: https:/github.com/egorgladin/ift_flow



https://github.com/egorgladin/ift_flow

Gradient flow geometries obtained by kernelization

kernelize V% (1]

Wasserstein Stein

Theorem [Z and Mielke, 2024] The Riemannian metric tensors of

Hellinger satisfy Gmmp = K\ 0 Gre(p), i.e.,

MMD=(de-)kernelized Hellinger

kernelize % [1]

MMD Hellinger




