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Logistic Regression

1

P(Y = I‘X = X) = 1 +oxp(—(WTX+ b))

=o(w'x+b)

* MLE for Logistic regression

n
WMLE = arg n‘lénz log (1 + exp <finTxi))
=1
¢ Unfortunately no closed form solution.

* This lecture: General strategy for optimization of form

1 n
arg min (w) = arg min — g 4;(w)
weRd weRd T i=1

Hill Climbing Algorithm

Initialize wo € R%, t = 0, Converged = False
While (Converged == False):

Pick direction s; € R?

Wir1 = Wy + s

t=t+1

If ||w; — wy_1]| < § Then Converged = True

End While

Uw + 5) = ((w) + V(w) s+ O(||s[|*)

Gradient Descent

au?mg (w)

e Using first order Taylor with =9 l(w)

Vi(w) =




Gradient Descent

Initialize wo € R?, ¢t = 0, Converged = False
While (Converged == False):

Wil = wy — nVI(wy)

t=t+1

If ||w¢ — wi—1]| < § Then Converged = True

End While

* Consider Quadratic Example:
o If 7 is too small we will take for ever to converge

o If n is too large we can even diverge.

Why Does GD Work

Uw+s) < U(w)+ Vi(w) s + gHsHZ

e Using Gradient descent step with step size < 1/2H

g(WH_l) < /(Wf) - gHVf(Wt)HZ

e Each step is guaranteed progress till we hit a stationary point

Adagrad

e Consider Example:  /(w) = 0.01 * w[1]? + 2 * w|[2]?
¢ Gradient Descent is forced to be slow

* Adagrad: Different step-sizes on different coordinates

Initialize wg € R%, 29 = 0, t = 0, Converged = False
While (Converged == False):
gt = Vi(wy)
Vi, 2o i) = 2e[i] + gi[i]?
; q— &t
Vi, Wip1[i] = W[t nm
t=t+1
If ||w; — w¢—1|| < § Then Converged = True

End While

Newton’s Method

Second order Taylor:
Uw+ ) = ((w) + VW) s + 18T V2(w)s + O(]s])

To minimize approximation pick s=— (VW(w))f1 Vi(w)
. -1
Update Wit = Wi — (Vz[(wf)> Vi(wy)

Needs O(d"3) for Hessian matrix inversion

Needs warm start from gradient descent, can be unstable




