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Ahidar Coutrix Le Govie Paris 18

EW 5 b't Erik
Aldo first reates on general Alexandrov Speces

Le Govie Paris R StrommeC 19 LPR

if Tbtsp is gradientof1B smooth 7,4 µ E say CP
y str convex

p k s I

th
E Wicb b't E E

n

whee g JW b b't LP b

t similar results for general Alexandrov speces

Kroshnin Spokoiry Suvoikova

EWicb b E E
if P is suported on Gaussian tat

Reimers the Gaussian case is interesting
totallygeodesic

NCP.oEo
NCH E

Goeessiees



Viable alternative to naive discretization
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6 Back to Wasserstein
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