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Gradient Descent and Beyono

Logistic regression recap: direc‘ch model  Ply=y fv=x)=
Tt ep(~ywix)
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Y too small will make progress slow

N too large can evewn diverge
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Whew loss Ls convex (Eg. Logistice Loss) (i Works L theory
and we are guaranteed convergence to minima
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oblematic example for gradient descent:

2(w) = w11+ 0.01 w2]™
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Step sLze

2" order:

where V

Newto

1. if we set v too large, we diverge on first coordinate
2. if we set n small, first coordinate is good but we are very
slow on second coordinate

Adagrad: Adaptive qradient Descent (different stepsize for
different coordinates)

initial guess wo, zo = 0,t = 0

not converged:

o= VO (w:), t =t+1
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pma, so warm start with gradient descent and finish with

Newton’s method
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expensive in Llarge dimensions
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