MAP estimate on GLMs
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Stochastic Gradient Descent (SGD)
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MAP to Bayesian Inference
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Computational issues
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Question

Why is Bayesian inference computationally
challenging?
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Question

How does variational inference solve the
computational problems with Bayesian
Inference?
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Question
Describe one method to perform variational
inference.

Discuss computational challenges
associated with it.



Mean-Field Inference
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Variational Auto-Encoder
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Variational Auto-Encoder
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Question

How does variational auto-encoder solve
the computational problem with the
standard mean-field inference?



Assignment

Question 1: Why is Bayesian inference computationalley challenging?

Question 2: How does variational inference solve the computational problems
with Bayesian Inference?

Question 3: Describe one method to perform variational inference. Discuss
computational challenges associated with it?

Question4Howdoes variational auto-encodersolvethe-computational
probtemrwithrthe-standard-mean-field inference?




