Note to other teachers and users of these slides.
Andrew would be delighted if you found this source
material useful in giving your own lectures. Feel free
to use these slides verbatim, or to modify them to fit
your own needs. PowerPoint originals are available. If
you make use of a significant portion of these slides in
your own lecture, please include this message, or the
following link to the source repository of Andrew’s
tutorials: " = .
Comments and corrections gratefully received.
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Reminder: A Bayes Net
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Scoring a & —a -5 O
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Simulated annealing with random
restarts.

Each change requires re-evaluation of
one or more contingency tables.
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Learning Methods until today
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Learning Methods added today
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Joint DE, Naive DE, Gauss/Joint DE, Gauss Naive
DE, Bayes Net Structure Learning (Note, can be

Lextended-topermit mixed categorical/realvalues)

Linear Regression, Quadratic Regression,
Perceptron, Neural Net, N.Neigh, Kernel, LWR
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But also, for free...
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And a new operation...
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Linear Regression, Quadratic Regression,
Perceptron, Neural Net, N.Neigh, Kernel, LWR
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