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Classification and Conditional Probability

* Discriminative learning: maximize p(y|X)
* Naive Bayes: learn p(x|y) and p(y)

* This video: parameterize p(y|x) and directly learn p(y|x)
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| Ikellnood Function
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Gradient Descent
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Viomentum

* Heavy ball method

St < g+ + BeSe—1
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« Momentum term retains “velocity” from previous steps

* Avoids sharp turns



Second-Order Optimization

Newton's method
Approximate function with quadratic and minimize quadratic exactly
Requires computing Hessian (matrix of second derivatives)

Various approximation methods (e.qg., L-BFGS)



Regularization
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