Day 19 - 15 November - Mixtures of Gaussian and EM Algorithms
Agenda:

« Multivariate Gaussians

+ Maximum Likelihood with Multivariate Gaussians
* Mixtures of Gaussians

+ Expectation Maximization (EM) Algorithms
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Figure 9.5 Example of 500 points drawn from the mixture of 3 Gaussians shown in Figure 2.23. (a) Samples
from the joint distribution p(z)p(x|z) in which the three states of z, corresponding to the three components of the
mixture, are depicted in red, green, and blue, and (b) the corresponding samples from the marginal distribution
p(x), which is obtained by simply ignoring the values of z and just plotting the x values. The data set in (a) is
said to be complete, whereas that in (b) is incomplete. (c) The same samples in which the colours represent the
value of the responsibilities v(z,x) associated with data point x,,, obtained by plotting the corresponding point
using proportions of red, blue, and green ink given by ~(z,x) for k = 1, 2, 3, respectively
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Figure 9.7 lllustration of how singularities in the 4
likelihood function arise with mixtures “
of Gaussians. This should be com- p(z)
pared with the case of a single Gaus-
sian shown in Figure 1.14 for which no
singularities arise.
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Figure 9.8 lllustration of the EM algorithm using the Old Faithful set as used for the illustration of the K-means
algorithm in Figure 9.1. See the text for details.
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The General EM Algorithm

Given a joint distribution p(X, Z|@) over observed variables X and latent vari-
ables Z, governed by parameters @, the goal is to maximize the likelihood func-
tion p(X|@) with respect to 6.

1. Choose an initial setting for the parameters 0°.

2. E step Evaluate p(Z|X, 6°').

3. M step Evaluate 8"°" given by
6"°" = argmax Q(6,0°) (9.32)
0

where
Q(6,0°) = > "p(Z[X,0°!) Inp(X, Z|6). (9.33)
Z

4. Check for convergence of either the log likelihood or the parameter values.
If the convergence criterion is not satisfied, then let

eold «— 0116W (9'34)

and return to step 2.



