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Introduction
 Learning as a form of uncertain reasoning from observations

 Uncertainty, Probability, and Learning
 Prevalence of uncertainty in real environment
 Handling uncertainty using methods of probability and decision theory
 Learning probability theories of the world from experience

 Learning Probabilistic Models
 Formulating the learning task itself as a process of probabilistic inference.
Bayesian view of learning
 Learning with complete data
 Bayesian, MAP, Maximum Likelihood
 Learning with hidden variables
 Expectation-Maximization Algorithm

2 / 34

Motivating Examples: Bags of Candies & Disease Diagnosis
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사진 출처 #2

3 / 34

Outline (Lecture 18)
18.1 Statistical Learning

5

18.2 Learning with Complete Data

8

18.3 Learning with Hidden Variables: EM Algorithm

21

Summary

33

Homework

34

Stuart Russell & Peter Norvig, Artificial Intelligence: A Modern Approach (3rd Edition), Chapter 20

4 / 34

18.1 Statistical Learning (1/3)
P(Bag = hi)

1) Bayesian learning
Five kinds of bags of candies:

𝜃𝜃𝑖𝑖

Bag

10% are ℎ1 : 100% cherry candies
20% are ℎ2 : 75% cherry candies + 25% lime candies
40% are ℎ3 : 50% cherry candies + 50% lime candies
20% are ℎ4 : 25% cherry candies + 75% lime candies
10% are ℎ5 : 100% lime candies

Bag
Flavor

P(F = cherry | B = hi)

hi
사진 출처 #3

𝜃𝜃𝑖𝑖𝑖

𝐻𝐻 (for hypothesis): the type of the bag, with possible values ℎ1 through ℎ5
𝐷𝐷: all the data, with observed value 𝐝𝐝

Bayesian learning calculates the probability of each hypothesis, given the data, and makes
predictions on that basis.
The probability of each hypothesis (posterior) is obtained by Bayes’ rule:

𝑃𝑃(ℎ𝑖𝑖 | 𝐝𝐝) = 𝛼𝛼𝑃𝑃(𝐝𝐝 | ℎ𝑖𝑖 )𝑃𝑃(ℎ𝑖𝑖 )

𝑃𝑃(ℎ𝑖𝑖 ) : hypothesis prior, 𝑃𝑃 𝒅𝒅 ℎ𝑖𝑖 ): likelihood of the data under each hypothesis

We can make a prediction about an unknown quantity 𝑋𝑋 by using the posterior distribution:

𝐏𝐏 𝑋𝑋 𝐝𝐝 = � 𝐏𝐏 𝑋𝑋 𝐝𝐝 , ℎ𝑖𝑖 )𝐏𝐏 ℎ𝑖𝑖 𝐝𝐝 = � 𝐏𝐏 𝑋𝑋 ℎ𝑖𝑖 𝑃𝑃 ℎ𝑖𝑖 𝐝𝐝)
𝑖𝑖

𝑖𝑖
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18.1 Statistical Learning (2/3)
2) Posterior probabilities
The likelihood of the data: 𝑃𝑃(𝐝𝐝 | ℎ𝑖𝑖 ) = ∏𝑁𝑁
𝑗𝑗=1 𝑃𝑃 𝑑𝑑𝑗𝑗 ℎ𝑖𝑖

The posterior probability of the hypothesis: 𝑃𝑃 ℎ𝑖𝑖 𝐝𝐝) = 𝛼𝛼𝑃𝑃(𝐝𝐝 | ℎ𝑖𝑖 )𝑃𝑃(ℎ𝑖𝑖 )
Suppose the bag is really an all-lime bag (ℎ5 ) and the first 10 candies are all lime;
then 𝑃𝑃(𝐝𝐝 | ℎ3 ) is 0.510, because half of the candies in an ℎ3 bag are lime.

사진 출처 #4

𝑃𝑃(ℎ𝑖𝑖 | 𝐝𝐝) = 𝛼𝛼𝑃𝑃(𝐝𝐝 | ℎ𝑖𝑖 )𝑃𝑃(ℎ𝑖𝑖 )

𝐏𝐏 𝑋𝑋 𝐝𝐝 = � 𝐏𝐏 𝑋𝑋 ℎ𝑖𝑖 𝑃𝑃 ℎ𝑖𝑖 𝐝𝐝)
𝑖𝑖
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18.1 Statistical Learning (3/3)
3) MAP approximation
Using the posterior probability we make a prediction about an unknown quantity 𝑋𝑋:
𝐏𝐏 𝑋𝑋 𝐝𝐝 = � 𝐏𝐏 𝑋𝑋 ℎ𝑖𝑖 𝑃𝑃 ℎ𝑖𝑖 𝐝𝐝)
𝑖𝑖

𝐏𝐏(𝑋𝑋 | 𝐝𝐝) ≈ 𝐏𝐏(𝑋𝑋 ℎ𝑀𝑀𝑀𝑀𝑀𝑀

Maximum a posteriori or MAP hypothesis:
ℎ𝑀𝑀𝑀𝑀𝑀𝑀 = argmax ℎ 𝑃𝑃(ℎ𝑖𝑖 | 𝐝𝐝) = argmax ℎ 𝑃𝑃(𝐝𝐝 | ℎ𝑖𝑖 )𝑃𝑃(ℎ𝑖𝑖 )
𝑖𝑖

𝑖𝑖

minimizing −log2 𝑃𝑃(𝐝𝐝 | ℎ𝑖𝑖 ) − log2 𝑃𝑃(ℎ𝑖𝑖 )

minimum description length(MDL)

Maximum likelihood or ML hypothesis:

ℎ𝑀𝑀𝐿𝐿 = argmax ℎ 𝑃𝑃(𝐝𝐝 | ℎ𝑖𝑖 )𝑃𝑃(ℎ𝑖𝑖 ) = argmax ℎ 𝑃𝑃(𝐝𝐝 | ℎ𝑖𝑖 )
𝑖𝑖

𝑖𝑖

𝑃𝑃(ℎ𝑖𝑖 ): uniform
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18.2 Learning with Complete Data (1/13)
1) Maximum-likelihood parameter learning: Discrete models
N: # of candies, c: # of cherries, l: # of limes
ℎ𝜃𝜃 : the hypothesis, 𝜃𝜃: the proportion of cherry candies
The likelihood of this particular data set is

𝑐𝑐
𝑃𝑃 𝐝𝐝 ℎ𝜃𝜃 = ∏𝑁𝑁
𝑗𝑗=1 𝑃𝑃 𝑑𝑑𝑗𝑗 ℎ𝜃𝜃 = 𝜃𝜃 ⋅ 1 − 𝜃𝜃

𝑙𝑙

The same value is obtained by maximizing the log likelihood
𝑁𝑁

𝐿𝐿 𝐝𝐝 ℎ𝜃𝜃 = log 𝑃𝑃 𝐝𝐝 ℎ𝜃𝜃 = � log 𝑑𝑑𝑗𝑗 ℎ𝜃𝜃 = 𝑐𝑐 log 𝜃𝜃 + 𝑙𝑙 log(1 − 𝜃𝜃)
𝑗𝑗=1

To find the maximum-likelihood value of θ, we differentiate 𝐿𝐿 with respect to θ
𝑑𝑑𝑑𝑑 𝐝𝐝 ℎ𝜃𝜃
𝑐𝑐
𝑙𝑙
=0
= −
𝜃𝜃 1 − 𝜃𝜃
𝑑𝑑𝑑𝑑

⇒

𝑐𝑐
𝑐𝑐
𝜃𝜃 =
=
𝑐𝑐 + 𝑙𝑙 𝑁𝑁
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18.2 Learning with Complete Data (2/13)
1) ML parameter learning: Discrete models
Standard method for maximum-likelihood parameter learning:
1. Write down an expression for the likelihood of the data as a function of the parameter.
𝑃𝑃 𝐝𝐝 ℎ𝜃𝜃 = …

𝐿𝐿 𝐝𝐝 ℎ𝜃𝜃 = log 𝑃𝑃 𝐝𝐝 ℎ𝜃𝜃 = …

2. Write down the derivative of the log likelihood with respect to each parameter.
𝑑𝑑𝑑𝑑 𝐝𝐝 ℎ𝜃𝜃 )
𝑑𝑑𝑑𝑑

= …

3. Find the parameter values such that the derivatives are zero.
𝑑𝑑𝑑𝑑 𝐝𝐝 ℎ𝜃𝜃 )
= 0
𝑑𝑑𝑑𝑑



𝜃𝜃 = …
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18.2 Learning with Complete Data (3/13)
Example (1/3)
The Wrapper for each candy is selected probabilistically, according to some
unknown conditional distribution, depending on the flavor.

사진 출처 #5
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18.2 Learning with Complete Data (4/13)
Example (2/3)
With these parameters, the likelihood of seeing, say, a cherry candy in a green
wrapper can be obtained from the standard semantics for Bayesian networks:
𝑃𝑃(Flavor = cherry, Wrapper = green | ℎ𝜃𝜃 , 𝜃𝜃1 , 𝜃𝜃2 )
= 𝑃𝑃(Flavor = cherry | ℎ𝜃𝜃 , 𝜃𝜃1 , 𝜃𝜃2 )𝑃𝑃(Wrapper = green | Flavor = cherry, ℎ𝜃𝜃 , 𝜃𝜃1 , 𝜃𝜃2 )
= 𝜃𝜃 · (1 − 𝜃𝜃1 )
Now we unwrap 𝑁𝑁 candies, of which 𝑐𝑐 are cherries and 𝑙𝑙 are limes.
The likelihood of the data is given by
𝑟𝑟

𝑃𝑃 𝐝𝐝 ℎ𝜃𝜃 , 𝜃𝜃1 , 𝜃𝜃2 = 𝜃𝜃 𝑐𝑐 1 − 𝜃𝜃 𝑙𝑙 ⋅ 𝜃𝜃1 𝑐𝑐 1 − 𝜃𝜃1

𝑔𝑔𝑐𝑐

𝑟𝑟

⋅ 𝜃𝜃2 𝑙𝑙 1 − 𝜃𝜃2

𝑔𝑔𝑙𝑙

사진 출처 #6 11 / 34

18.2 Learning with Complete Data (5/13)
Example (3/3)
This looks pretty horrible, but taking logarithms helps:
𝐿𝐿 = [𝑐𝑐 log 𝜃𝜃 + 𝑙𝑙 log(1 − 𝜃𝜃)] + [𝑟𝑟𝑐𝑐 log 𝜃𝜃1 + 𝑔𝑔𝑐𝑐 log 1 − 𝜃𝜃1 ] + [𝑟𝑟𝑙𝑙 log 𝜃𝜃2 + 𝑔𝑔𝑙𝑙 log 1 − 𝜃𝜃2 ]

The log likelihood is the sum of three terms, each of which contains a single
parameter.

When we take derivatives with respect to each parameter and set them to zero,
we get three independent equations, each containing just one parameter:
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18.2 Learning with Complete Data (6/13)
2) Naïve Bayes models
Parameters:
𝜃𝜃 = 𝑃𝑃 𝐶𝐶 = true ,
𝜃𝜃𝑖𝑖𝑖 = 𝑃𝑃 𝑋𝑋𝑖𝑖 = true 𝐶𝐶 = true ,

𝜃𝜃𝑖𝑖𝑖 = 𝑃𝑃 𝑋𝑋𝑖𝑖 = true 𝐶𝐶 = false)

With observed attribute values
𝑥𝑥1 , . . . , 𝑥𝑥𝑛𝑛 , the probability of each class is

𝐏𝐏 𝐶𝐶 𝑥𝑥1 , … , 𝑥𝑥𝑛𝑛 = 𝛼𝛼𝐏𝐏(𝐶𝐶) � 𝐏𝐏 𝑥𝑥𝑖𝑖 𝐶𝐶)
𝑖𝑖

사진 출처 #7
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18.2 Learning with Complete Data (7/13)
3) ML parameter learning: Continuous models (1/2)
Learning the parameters of a Gaussian density function on a single variable. That is, the data
are generated as follows
𝑥𝑥−𝜇𝜇 2
1
−
𝑃𝑃 𝑥𝑥 =
𝑒𝑒 2𝜎𝜎2
2𝜋𝜋𝜎𝜎
The parameters of this model are the mean 𝜇𝜇 and the standard deviation 𝜎𝜎. Let the observed
values be 𝑥𝑥1 , … , 𝑥𝑥𝑁𝑁 . Then the log likelihood is
Setting the derivatives to zero as usual, we obtain
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18.2 Learning with Complete Data (8/13)
3) ML parameter learning: Continuous models (2/2)
Now consider a linear Gaussian model with one continuous parent 𝑋𝑋 and a continuous child
𝑌𝑌. To learn the conditional distribution 𝑃𝑃(𝑌𝑌|𝑋𝑋), we can maximize the conditional likelihood
𝑦𝑦−(𝜃𝜃1 𝑥𝑥+𝜃𝜃2 ) 2
1
−
2𝜎𝜎2
𝑃𝑃 𝑦𝑦|𝑥𝑥 =
𝑒𝑒
2𝜋𝜋𝜎𝜎
This is the 𝐿𝐿2 loss, the squared error between the actual value y and the prediction 𝜃𝜃1 𝑥𝑥 + 𝜃𝜃2 .
Now we can understand why: minimizing the sum of squared errors gives the maximumlikelihood straight-line model, provided that the data are generated with Gaussian noise of
fixed variance.

사진 출처 #8
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18.2 Learning with Complete Data (9/13)
4) Bayesian parameter learning (1/2)
𝜃𝜃: probability of cherry

mean value: 𝑎𝑎/(𝑎𝑎 + 𝑏𝑏)

𝑃𝑃(Θ = 𝜃𝜃): prior probability

𝑃𝑃(𝜃𝜃) = Uniform[0, 1](𝜃𝜃)

beta 𝑎𝑎, 𝑏𝑏 𝜃𝜃 = 𝛼𝛼𝜃𝜃 𝑎𝑎−1 1 − 𝜃𝜃

𝑏𝑏−1

사진 출처 #9
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18.2 Learning with Complete Data (10/13)
4) Bayesian parameter learning (2/2)
𝜃𝜃1 : probability of a red wrapper on a cherry candy

𝜃𝜃2 : probability of a red wrapper on a lime candy
𝐏𝐏(Θ, Θ1 , Θ2 ): hypothesis prior

𝐏𝐏 Θ, Θ1 , Θ2 = 𝐏𝐏(Θ)𝐏𝐏(Θ1 )𝐏𝐏(Θ2 )

𝑃𝑃(Flavori = cherry Θ = 𝜃𝜃 = 𝜃𝜃
𝑃𝑃(Wrapperi = red | Flavori = cherry, Θ1 = 𝜃𝜃1 ) = 𝜃𝜃1
𝑃𝑃(Wrapperi = red | Flavori = lime, Θ2 = 𝜃𝜃2 ) = 𝜃𝜃2

사진 출처 #10

Now, the entire Bayesian learning process can be formulated as an inference problem.
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18.2 Learning with Complete Data (11/13)

사진 출처 #11
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18.2 Learning with Complete Data (12/13)
5) Density estimation with nonparameteric models
It is possible to learn a probability model without making any assumptions about its
structure and parameterization by adopting the nonparametric methods.

𝑘𝑘-nearest-neighbors models

사진 출처 #12
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18.2 Learning with Complete Data (13/13)
 𝑘𝑘-nearest-neighbors

 Kernel density estimation
𝑁𝑁

1
𝑃𝑃 𝐱𝐱 = � 𝒦𝒦(𝐱𝐱, 𝐱𝐱𝑗𝑗 )
𝑁𝑁
𝑗𝑗=1

𝒦𝒦 𝐱𝐱, 𝐱𝐱𝑗𝑗 =

1

𝜔𝜔 2 2𝜋𝜋

𝑑𝑑

𝐷𝐷 𝐱𝐱,𝐱𝐱𝑗𝑗
−
𝑒𝑒 2𝜔𝜔2

2

사진 출처 #13
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18.3 Learning with Hidden Variables: EM Algorithm
1) The EM algorithm (1/2)
The preceding section dealt with the fully observable case. Many real-world problems have hidden variables
(sometimes called latent variables), which are not observable in the data that are available for learning.
Latent variables can dramatically reduce the number of parameters required to specify a Bayesian network.
Hidden variables are important, but they do complicate the learning problem. Expectation-maximization, or
EM, solves this problem in a very general way.

사진 출처 #14
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18.3 Learning with Hidden Variables: EM Algorithm
1) The EM algorithm (2/2)
Let 𝐱𝐱 be all the observed values in all the examples, let 𝐙𝐙 denote all the hidden variables for all
the examples, and let 𝜽𝜽 be all the parameters for the probability model.
Then the EM algorithm is

𝜽𝜽(𝑖𝑖+1) = argmax � 𝑃𝑃 𝐙𝐙 = 𝐳𝐳 𝐱𝐱, 𝜽𝜽
𝜽𝜽

𝐳𝐳

𝑖𝑖

𝐿𝐿 𝐱𝐱, 𝐙𝐙 = 𝐳𝐳 𝜽𝜽)

The E-step is the computation of the summation, which is the expectation of the log
likelihood of the “completed” data w.r.t. the distribution 𝑃𝑃 𝐙𝐙 = 𝐳𝐳 𝐱𝐱, 𝜽𝜽

posterior over the hidden variables, given the data.

𝑖𝑖

, which is the

The M-step is the maximization of this expected log likelihood w.r.t. the parameters 𝜽𝜽.
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18.3 Learning with Hidden Variables: EM Algorithm
2) Unsupervised clustering: Learning mixtures of Gaussians (1/2)
Unsupervised clustering is the problem of discerning multiple categories in a
collection of objects.
𝑃𝑃: mixture distribution, 𝑘𝑘 components: A data point is generated by first choosing a
component and then generating a sample from that component.
𝐶𝐶: the component, with values 1, … , 𝑘𝑘; then the mixture distribution is given by
𝑘𝑘

𝑃𝑃 𝐱𝐱 = � 𝑃𝑃 𝐶𝐶 = 𝑖𝑖 𝑃𝑃 𝐱𝐱 𝐶𝐶 = 𝑖𝑖)
𝑖𝑖=1

The parameters of a mixture of Gaussians are
𝑤𝑤𝑖𝑖 = 𝑃𝑃(𝐶𝐶 = 𝑖𝑖) (the weight of each component)
𝜇𝜇𝑖𝑖 (the mean of each component)
Σ𝑖𝑖 (the covariance of each component).
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18.3 Learning with Hidden Variables: EM Algorithm
Gaussian mixture model

사진 출처 #15
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18.3 Learning with Hidden Variables: EM Algorithm
2) Unsupervised clustering: Learning mixtures of Gaussians (2/2)
For the mixture of Gaussians, we initialize the mixture-model parameters arbitrarily and then
iterate the following two steps:
E-step: Compute the probabilities 𝑝𝑝𝑖𝑖𝑖𝑖 = 𝑃𝑃 𝐶𝐶 = 𝑖𝑖 𝐱𝐱𝑗𝑗 ), the probability that datum 𝐱𝐱𝑗𝑗 was

generated by component i. By Bayes’ rule, we have 𝑝𝑝𝑖𝑖𝑖𝑖 = 𝛼𝛼𝑃𝑃 𝐱𝐱𝑗𝑗 𝐶𝐶 = 𝑖𝑖)𝑃𝑃 𝐶𝐶 = 𝑖𝑖 . The term

𝑃𝑃 𝐱𝐱𝑗𝑗 𝐶𝐶 = 𝑖𝑖) is just the probability at 𝐱𝐱𝑗𝑗 of the 𝑖𝑖th Gaussian, and the term 𝑃𝑃 𝐶𝐶 = 𝑖𝑖 is just the
weight parameter for the ith Gaussian. Define 𝑛𝑛𝑖𝑖 = ∑𝑗𝑗 𝑝𝑝𝑖𝑖𝑖𝑖 , the effective number of data
points currently assigned to component 𝑖𝑖.

M-step: Compute the new mean, covariance, and component weights using the following
steps in sequence:
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18.3 Learning with Hidden Variables: EM Algorithm
Log likelihood for EM iterations

사진 출처 #16
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18.3 Learning with Hidden Variables: EM Algorithm
3) Learning Bayesian networks with hidden variables (1/3)
𝜃𝜃 = 0.5, 𝜃𝜃𝐹𝐹𝐹 = 𝜃𝜃𝑊𝑊𝑊 = 𝜃𝜃𝐻𝐻𝐻 = 0.8, 𝜃𝜃𝐹𝐹𝐹 = 𝜃𝜃𝑊𝑊𝑊 = 𝜃𝜃𝐻𝐻𝐻 = 0.3

사진 출처 #17
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18.3 Learning with Hidden Variables: EM Algorithm
3) Learning Bayesian networks with hidden variables (2/3)
An iteration of EM. Initializing the parameters
(0)
(0)
(0)
(0)
(0)
(0)
𝜃𝜃 (0) = 0.6, 𝜃𝜃𝐹𝐹𝐹 = 𝜃𝜃𝑊𝑊𝑊 = 𝜃𝜃𝐻𝐻𝐻 = 0.6, 𝜃𝜃𝐹𝐹𝐹 = 𝜃𝜃𝑊𝑊𝑊 = 𝜃𝜃𝐻𝐻𝐻 = 0.4

First, let us work on the 𝜽𝜽 parameter.
� Bag = 1) is the sum, over all candies, of the probability that the candy came from bag
The expected count 𝑁𝑁(
1:
Using Bayes’ rule and applying conditional independence:

Applying this formula to, say, the 273 red-wrapped cherry candies with holes, we get a contribution of

Continuing with the other seven kinds of candy in the table of counts, we obtain 𝜃𝜃 (1) = 0.6124.
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18.3 Learning with Hidden Variables: EM Algorithm
3) Learning Bayesian networks with hidden variables (3/3)
Now let us consider the other parameters, such as 𝜽𝜽𝑭𝑭𝑭𝑭 . In the fully observable case, we would estimate this
directly from the observed counts of cherry and lime candies from bag 1.
The expected count of cherry candies from bag 1 is given by

Completing this process, we obtain the new values of all the parameters:

The parameter updates for Bayesian network learning with hidden variables are directly available from the
results of inference on each example. Moreover, only local posterior probabilities are needed for each
parameter.
Here, “local” means that the CPT for each variable 𝑋𝑋𝑖𝑖 can be learned from posterior probabilities involving just
𝑋𝑋𝑖𝑖 and its parents 𝐔𝐔𝑖𝑖 . Defining 𝜃𝜃𝑖𝑖𝑖𝑖𝑖𝑖 to be the CPT parameter

𝑃𝑃(𝑋𝑋𝑖𝑖 = 𝑥𝑥𝑖𝑖𝑖𝑖 | 𝐔𝐔𝑖𝑖 = 𝐮𝐮𝑖𝑖𝑖𝑖 ), the update is given by the normalized expected counts as follows:
� 𝑋𝑋𝑖𝑖 = 𝑥𝑥𝑖𝑖𝑖𝑖 , 𝐔𝐔𝑖𝑖 = 𝐮𝐮𝑖𝑖𝑖𝑖 ⁄𝑁𝑁
� 𝐔𝐔𝑖𝑖 = 𝐮𝐮𝑖𝑖𝑖𝑖
𝜃𝜃𝑖𝑖𝑖𝑖𝑖𝑖 ← 𝑁𝑁
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18.3 Learning with Hidden Variables: EM Algorithm
4) Learning hidden Markov models
To estimate the transition probability from state 𝑖𝑖 to state 𝑗𝑗, we simply calculate the expected
proportion of times that the system undergoes a transition to state 𝑗𝑗 when in state 𝑖𝑖:
� 𝑋𝑋𝑡𝑡+1 = 𝑗𝑗, 𝑋𝑋𝑡𝑡 = 𝑖𝑖 �� 𝑁𝑁
� 𝑋𝑋𝑡𝑡 = 𝑖𝑖
𝜃𝜃𝑖𝑖𝑖𝑖 ← � 𝑁𝑁
𝑡𝑡

𝑡𝑡

The forward-backward algorithm can be modified very easily to compute the necessary
probabilities.
One important point is that the probabilities required are obtained by smoothing rather than
filtering; that is, we need to pay attention to subsequent evidence in estimating the
probability that a particular transition occurred.
The evidence in a murder case is usually obtained after the crime (i.e., the transition from
state 𝑖𝑖 to state 𝑗𝑗) has taken place.
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사진 출처 #18
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18.3 Learning with Hidden Variables: EM Algorithm
5) Learning Bayes net structures with hidden variables
Newly invented hidden variables will usually be connected to preexisting variables, so a
human expert can often inspect the local conditional distributions involving the new variable
and ascertain its meaning.
We can also apply MCMC to sample many possible network structures, thereby approximating
Bayesian learning.
For the complete-data case, the inner loop to learn the parameters is very fast—just a matter
of extracting conditional frequencies from the data set.
One possible improvement is the so-called structural EM algorithm, which operates in much
the same way as ordinary (parametric) EM except that the algorithm can update the structure
as well as the parameters.
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Summary
Bayesian learning methods formulate learning as a form of probabilistic inference, using the
observations to update a prior distribution over hypotheses.
Maximum a posteriori (MAP) learning selects a single most likely hypothesis given the data. The
hypothesis prior is still used and the method is often more tractable than full Bayesian learning.
Maximum-likelihood learning simply selects the hypothesis that maximizes the likelihood of the
data; it is equivalent to MAP learning with a uniform prior. In simple cases such as linear
regression and fully observable Bayesian networks, maximum-likelihood solutions can be found
easily in closed form. Naive Bayes learning is a particularly effective technique that scales well.
When some variables are hidden, local maximum likelihood solutions can be found using the EM
algorithm. Applications include clustering using mixtures of Gaussians, learning Bayesian
networks, and learning hidden Markov models.
Nonparametric models represent a distribution using the collection of data points. Thus, the
number of parameters grows with the training set. Nearest-neighbors methods look at the
examples nearest to the point in question, whereas kernel methods form a distance-weighted
combination of all the examples.
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Homework
20.6 (Linear Gaussian model)
20.8 (Beta distribution)

34 / 34

출처
사진
# 1~18 Stuart J. Russell and Peter Norvig(2016). Artificial Intelligence: A Modern Approach (3rd Edition). Pearson

