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One of the original motivations for sampling was to
solve non convex optimization problems
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This is useful when studying Normalizing Flows

we will not cover it in this class
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High level we construct a discrete time and
discrete or continuous state space Markov process

Below we write the equations for continuous
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This D T M.P converges
RatemT.TT in time if we can construct

a Lyapunov function V1 as discussed above

See 3 for more details Meyn Tweedie's

book 5

We can then establish

dev Pt it p for some pelo i
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This look great but not clear what the dimension

dependence of p is In general it is
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dependence being exponential in d if ice Rd
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