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We provide nonasymptotic rates for this
method.
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Another look at Langevin
algorithm

The target p* is the minimizer of F : p — KL(pu|p*)
and Langevin algorithm can be seen as an (inexact)
oradient descent applied to F ([1]).
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Approach

Following |1|, we prove that the iterates shadow a discretized gradient flow of F :
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