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Probabilistic Graphical Model 
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• Inference 
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Inference 

• MAP (Maximum A Posteriori) 

 

 

• Marginalization  

 

 

Henceforth, “inference”== marginalization 
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Marginalization 
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Exponentially many terms 

Computational Complexity: 



Forward-Backward Algorithm 
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Forward-Backward Algorithm 
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Forward-Backward Algorithm 
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Forward-Backward Algorithm 
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Forward-Backward Algorithm 
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Forward-Backward Algorithm 

• Message passing  

 

 

1 2 3 4 5 60
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Belief Propagation Algorithm 

• Message passing  
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• PDF Representation 

–                

• Inference 
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• Learning 

– Given  
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Learning 

• Fully observed learning 

– given 

– fit 

 

• Partially observed learning  

– given 

– fit 
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Expectation-Maximization Algorithm 
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• Given a guess for    , lower-bound              with a  
   function  
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The basic idea: 

• EM alternates between 
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Expectation-Maximization Algorithm 

 
 
 
   

• What’s the form of a good lower bound                   given   ?  
–Expectation Step 

• How to maximize the bound over    to get the next guess for   , 
given         ? 

–Maximization Step  
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Expectation Step 

 

 

 

 

Given a guess for    , lower-bound              with a 
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Expectation Step 
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Expectation Step 
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Expectation Step 
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Expectation-Maximization Algorithm 

 
 
 
   

• E-step: find          to get a good bound of              at given 
 

 
  
• M-step: maximize the bound over     to get the next guess 
for  
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Maximization Step 
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Maximization Step 

use a Lagrange multiplier 
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The first term: 
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Maximization Step 

use a Lagrange multiplier 
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Baum-Welch Algorithm 
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Thank you! 

 


