Probabilistic Graphical Models
Lecture 27,28, 629

Variational Inference



Remember: Inference
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Remember: Latent Variable Models
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Situations where we need normalization
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Variational Inference on MRFs
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Kullback-Leibler (KL) Divergence
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KL Divergence and Entropy

J

KL(@IP) = I a(x) log A(X) - Z Q) log PX)
X ; X
Wiy N O e o) oy o) ?

Zaw)-| f\J/ p(X)
;"Q(X)x( /\./" Vg \ 'l
Entropy = T log
X

’°|?Ur) : —Zx AX) log Qx) = H (1;2)

KL(8 N0)= - K(®) - E_{ log P()]

wimwi=ty RL(AIP) = maxmizig  H(a)+E_ fiogr(y)]



KL Divergence and Entropy
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Example: Fully Factorized Q




KL Divergence is not Symmetric
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Variational Lower Bound
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The Mean-field Algorithm
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The Mean-field Algorithm
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The Mean-field Algorithm for Pairwise MRF
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The Mean-field Algorithm for Pairwise MRF
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The Mean-field Algorithm for Pairwise MRF
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Meanfield message passing
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Variational Inference: Continuous Case
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Latent Variable Models and Variational
Learning
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Variational Learning




Remember: Latent Variable Models
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Remember: Latent Variable Models
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VI on MRFs vs Latent Variables Models
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KL-divergence
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Evidence Lower Bound (ELBO)
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Evidence Lower Bound (ELBO)
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Evidence Lower Bound (ELBO)
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Variational Learning
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Variational Learning
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Variational Learning Algorithm
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