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CMPSCI 383  
Nov 22, 2011!

Learning Probabilistic Models"
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Todayʼs topics"
•  Full Bayesian Learning!
•  MAP approximation !
•  ML approximation!
•  ML parameter learning in Bayes nets!

•  Naïve Bayes Model!
•  Linear Gaussian Model!

•  Bayesian parameter learning!
•  Beta family of distributions!
•  Conjugate families !

•  Latent variables!
•  Expectation Maximization (EM) algorithm!
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Full Bayesian Learning"
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Example"
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Posterior Probabilities of the Hypotheses"

€ 

P(hi |d) = α P(d | hi)P(hi) = α P(d j | hi)
j
∏ P(hi)

€ 

prior distribution :   0.1,0.2,0.4,0.2,0.1

all limes selected…!
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Prediction Probability"
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MAP approximation"
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ML approximation"
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ML parameter learning in Bayes nets"
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Multiple parameters"
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Multiple parameters contd."
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Naïve Bayes Model"

C

€ 

X1

€ 

Xn

€ 

X2

class label!

Attributes: 
independent given C!

  

€ 

P(C | x1,x2,K,xn ) = α P(C) P(xi |C)
i
∏

  

€ 

CNB = argmaxC∈lablesP(C | x1,x2,K,xn ) = argmaxαP(C) P(xi |C)
i
∏

Naïve Bayes Classifier:!
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Naïve Bayes contd."

  

€ 

CNB = argmaxC∈lableslog P(C | x1,x2,K,xn ) = logP(C) P(xi |C)
i
∏

                                                                 = logP(c) + log
i
∑ P(xi |C)

Or, taking logs and dropping α :!

 a linear classifier!

  

€ 

CNB = argmaxC∈lablesP(C | x1,x2,K,xn ) = argmaxαP(C) P(xi |C)
i
∏
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Naïve Bayes vs. decision tree"
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Example: linear Gaussian model"
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Summary so far"
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Full Bayesian parameter learning"

•  ML learning is simple but has some problems:!
•  e.g., after seeing one sample, the ML estimate is 

%100 that sample!
•  Bayesian approach starts with a hypothesis 

prior, which is revised using Bayes rule as 
more data comes in.!

•  E.g., consider one unknown parameter !

€ 

θ

We start with a prob. distribution over values of     :!
e.g., the prior probability that a bag has a fraction     
of cherries.!

€ 

θ

€ 

θ
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Beta family of distributions"

€ 

beta a,b[ ](θ) = αθ a−1 1−θ( )b−1

€ 

a and b are called hyperparameters
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Conjugate families of distributions"

•  E.g., the Beta family!

Closed under Bayesian updates!

€ 

P(θ |D1 = cherry) = α P(D1 = cherry |θ )P(θ )

                             = ʹ′ α θ⋅ beta a,b[ ](θ) = ʹ′ α θ⋅ θ a−1 1−θ( )b−1

                             = ʹ′ α θ a 1−θ( )b−1
= beta a +1,b[ ](θ )
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Nonparametric density estimation"

k-nearest-neighbors!
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Nonparametric density estimation contd."
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Nonparametric density estimation contd."

kernel density estimation!
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Latent variables"
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Expectation Maximization (EM) Algorithm"

Clustering with mixture of Gaussians!
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Summary"

•  Full Bayesian Learning!
•  MAP approximation !
•  ML approximation!
•  ML parameter learning in Bayes nets!

•  Naïve Bayes Model!
•  Linear Gaussian Model!

•  Bayesian parameter learning!
•  Beta family of distributions!
•  Conjugate families !

•  Latent variables!
•  Very briefly: Expectation Maximization (EM) algorithm!
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Next Class"

•  Reinforcement Learning!
•  Secs. 21.1 – 21.3!


