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No analytical solution

Log sum structure prevents decomposing

over the parameters

Consider a simpler complete data

problem Suppose we observe clam labels
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ExpectalimMaximAlgoithm
Iterative approach

Initialize parameters On Elek In repeat

E step Use parameter to predict
distribution on assigments z n far each

example

M step
Update parameters maximizing

expected complete data log likelihood

given predicted assignments

E M algorithm Very powerful general
method to maximize likelihood for

models

with latent variables eg assignments 2

M step often has an analytical solution



E step soft class assignment
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Notes

Initialyatica matters
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Connects to k means

Kmeans Repeats

1 Hard assign each example to

nearest prototype fu
2 Update prototype to centroid of
assigned points mean

E M fix class prob at 1K with

conga
Consider spherical Gaussian sortie

EE fur E 0 small

E step Hard assign

M step Update few to
new
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