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Example 3 .

Hidden Markov models for speech recognition
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• Viterbi algorithm : for inferring the most likely sequence
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Example 4 .
Markov Random Field model for super - resolution
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. Goal : given a low - resolution image , infer high-resolution image.
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inference can be dramatically efficient by exploiting structure
claim : suppose all variables are mutually independent Xi← Independence

conditioned son Yim .# Rs = f , feed -
- - fu# Factorization

then inference task takes OCIXI . n) time

. ay ya
' Rex) #

- PY' =
t.ca,

at"" tncxn , }
" tasks

¥¥ , ,
OGXD .

n marginals to compute.

. Sampling X,
~

Cx
. ) ,
Xi . - .

ouxD

* When the distribution factorizes .
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• Graphical Models [
Directed Graphical Models = Bayesian Networks
Undirected G
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= Markov Random
Factor Graphs

Fields

• Inference on Graphical Models 1- swum
-product algorithm

= Belief propagation[
Max- product algorithm

• Learn Graphical Models [
Parameter estimation lkuowu G )
structure learning
Learning with hidden variables
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