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Bayes theorem recall
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Computational challenge
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Monte Carlo

Invented by Stanislaw Ulam

Many applications, i.e. Monte
Carlo integration

[ f(x)] = fX J(x)p(x)dx
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P1 approximation
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Density
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Nalve approach
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Markov chain

Markov state diagram of a child behaviour
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Markov Chain Monte Carlo a.k.a. MCMC
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https://www.researchgate.net/publication/331494053_Prognostics_102_Efficient_Bayesian-Based_Prognostics_Algorithm_in_MATLAB
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https://relguzman.blogspot.com/2018/04/sampling-metropolis-hastings.html
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