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Resources 

• Textbook and Tutorial 



Resources 

• Software 

– Hidden Markov Model (HMM) Matlab Toolbox 

• By Kevin Murphy 

 

– GraphLab 

• By CMU 

 

– Hidden Markov Model Toolkit (HTK) 

• C Libraries 



Dynamic Phenomena 

• Speech Recognition 



Dynamic Phenomena 

• Body Motion Tracking 



Dynamic Phenomena 

• Stock Prediction 



Dynamic Phenomena 

• Climate Change 



Bioinformatics 

• DNA Sequences 



Outline 

• Lecture One 

– HMMs as Probabilistic Graphical Models 

• Motivation 

• Algebraic representation 

• Graphical representation 

• Lecture Two 

– HMMs with Inference and Learning 

• Message Passing (Forward-Backward) 

• Expectation-Maximization (Baum-Welch)  

• Application Demos 



Motivation 

• A simple graphical model 
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Motivation 

• An Example 
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Motivation 

• Inference 
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Curse of Dimensionality 
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Probabilistic Graphical Model 

• The basic idea 

–          has some locality properties encoded by 
graphs 
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Object Tracking 
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Probabilistic Graphical Model 

),( YXP

Y 

)|( YXP 

)},{( tt yx

)|( YXP

• PDF Representation 

–                

• Inference 

– Given  

– Use               to solve problems 

• Learning 

– Given  

– Fit  



Hidden Markov Models 

• Definition 

–                  are a HMM, if 

 

•      is a Markov process 
 

 

•     only depends on  
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Hidden Markov Models 

• Representation  

– Claim: for                 as a HMM  
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Proof: 



Hidden Markov Models 

• Representation  

– Claim: for                 as a HMM  
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Hidden Markov Models 

• Representation  

– Claim: for                 as a HMM  
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HMMs and Graphical Models 

• Definition  

– The graph represents a HMM is 

• a chain of 

•     connects to    
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HMMs and Graphical Models 

• Theorem (Hammersley-Clifford) 

– Given any random variables    ,    and  

 

    iff    separates     and     in the graph 
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HMMs and Graphical Models 

• Graph & Factorization  
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HMMs and Graphical Models 

 

 Algebraic 
decomposition 

Independence 
relationship 

Graph  



Probabilistic Graphical Model 
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• PDF Representation 

–                

• Inference 

– Given  

– Use               to solve problems 

• Learning 

– Given  

– Fit  



Inference 

• MAP (Maximum A Posteriori) 

 

 

• Marginalization  

 

 

Henceforth, “inference”== marginalization 
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