Machine Learning Lecture Note

This lecture note is based on the CS229 lecture materials from Standford University.



Lecture 4. Perceptron, Generative learning algorithms (GDA, Naive Bayes)
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Generative discriminant analysis
Discriminates (&%) : Learn p(ylx) or learn h,(z)= [(1)

Generative learning algorithm Z2f /3.
Learn p(xly) (x: feature, y: class), p(y) (class prior)

plzly=1)ply=1)
p(x)

Bayes rule: p(y=1lz) = ,p(@)=plly=1)ply=1)+ply=0)p(y=0)

Gaussian Discriminant Analysis (GDA)
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Discriminant &t& Y12|5:
Conditional likelihood L(9)= []p(/|z";6)
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Maximum likelihood estimation:
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Prediction:
p(xly)p(y)

argmaxp(ylx)= argmax
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o) argmjlxp(x\y)p(y)
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Naive Bayes
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(conditionally independent) O|Ct. (Naive Bayes 7}7)
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Joint likelihood:
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Maximum likelihood estimator:
ply=1)=¢,
P(I]- =1ly=0)= Pily=0
p(-r]' =1lly=1)= Bily=1
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Make prediction:
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Laplace smoothing
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