Probabilistic Graphical Models
Lecture 25,26

Learning with incomplete data




Learning with incomplete data
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Learning with incomplete data
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Learning with incomplete data
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Latent Variables
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Latent Variables: Example
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Latent Variables
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Latent Variables
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Incomplete data introduces complexities




Learning with Incomplete data
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Example Gaussian Mixture Models
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How to learn latent variable models?
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How to learn latent variable models?
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How to learn latent variable models?




Expectation Maximization (EM)
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Example: Mixture of Gaussians
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Example: Mixture of Gaussians
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Example: Mixture of Gaussians
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Limitations of EM
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Limitations of EM: Computing the posterior
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