Probabilistic Graphical Models

Lectures 21

Markov Chain Monte Carlo
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Sampling Using a
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Sampling Using a Markov Chain




State Transition Graph




State Transition Graph - Single Variable




State Transition Graph - Two Variables




State Transition Graph - Multiple Variables
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State Transition Graph
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State Transition Graph
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Stationary Distribution




Solving for the Stationary Distribution
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Solving for the Stationary Distribution
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State Transition Graph - Two Variables
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Stationary Distribution




Stationary Distribution
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Stationary Distribution
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Convergence is not always guaranteed
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MCMC Convergence
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MCMC Convergence
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Stationary Distribution
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Stationary Distribution
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Gibbs Sampling
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Computing conditionals
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Computing conditionals
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Warm-up (burn-in) phase and mixing
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