Probabilistic Graphical Models

Lectures 22

Introduction to Learnin




Sampling vs. Learning
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Likelihood function




Maximum Likelihood Solution
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Example: tossing a coin

X e TS
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Example: tossing a coin
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Example: tossing a coin




Example: tossing a coin - log-likelihood
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Sufficient statistics
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Example 2: Normal Distribution
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Example 2: Normal Distribution
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Example 2: Normal Distribution
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Example 3: Tossing a dice
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Example 3: Tossing a dice




Example 3: Tossing a dice
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PGM problems




Bayes Nets Parameter Learning
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No shared parameters
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No shared parameters
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No shared parameters - table
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No shared parameters - table
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No shared parameters - table
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No shared parameters - table
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shared parameters
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shared parameters - table representation
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shared parameters - table representation




shared parameters - table representation




