Hacking Steepest Descent for Better Convergence @
Extrapolation methods: = momg\-h[,vyl d

Ken = K = Ol Vf(?‘k) + B (% - ?fk.,>

Heavy ball method: G'MO'I'QH: dES[GH,’ .
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1ol = g + 1 (Gl

Demo: Steepest Descent [cleared] (Part 2)
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Optimization in Machine Learning
What is stochastic gradient descent (SGD)?

Jow = = p :F (x)
{i  dhoe PO"'{i /OL.(%va'h’m_
GV At = K — 0(‘,13;—-“7\]&0()
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Conjugate Gradient Methods

Can we optimize in the space spanned by the last two step directions?
LA Y=o " conjugate’
(o i) = iy [{ (e chemfecer
B (A= 7{k~O]

Demo: Conjugate Gradient Method [cleared]

195



Nelder-Mead Method

|dea:

4_}>. B ”St‘mpla\cf'

Demo: Nelder-Mead Method [cleared]
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Newton's method (n D)

What does Newton's method look like in n dimensions?

o w0 4 1
© Fox+s) ~ fo0) + vfon + L &TH) ¢
?(S)zo > HeX) s> -V:Fby.
st 1. oo
w2, solve W9 S =-of(xe) for &
o3, 7{K+l:7(’<+$l<
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Newton's method (n D): Observations

Drawbacks?
. need Jor 2k dprivEVES
2. ‘A)Cd( Oon ® .
3. Hetd ton b thep 4o o deifhrite.

Demo: Newton's method in n dimensions [cleared]
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Quasi-Newton Methods

Secant/Broyden-type ideas carry over to optimization. How?

- COV"‘& M‘P with ﬂ?])‘YDXl'MQ'ﬁ’&h o Hegl.dp )

BFGS: Secant-type method, similar to Broyden:
e

v

B YeYi (BkS*Z-Bk)
Bii1 =Bk +—F-——
Y Sk S, Bisk
—_—

where

P Sk = Xk+1 — Xk _
<’ Yk = VI(xxi1) — VF(xk) BK-SK 8’k
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In-Class Activity: Optimization Methods

In-class activity: Optimization Methods
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Nonlinear Least Squares: Setup
What if the f to be minimized is actually a 2-norm?

() =Ir()l,,  r(x) =y —a(x)
(neary : IAZ=bll, AA4x=Ab
ponlner | v ll,

2
Qo s = -%TC)C)T‘)*L‘F - %]c(_x3
minimize @Y nl'nstc.ab(- .
2q9- 1l Q_L’hmj-_ >
71‘ 2 J‘=l J a.‘-\
T N
vy =9 T
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Gauss-Newton
For brevity: J := J,(x).
A e Y e

HetX)= J°J + Z i Hy, O
Vewbon ¢ Hp) S= - o

~

. T T¢ = < 1T
Gauss— Vewton : ﬂi“"’“f*_lfﬁ‘).

Js ¢ -N¥)
Lenes~ st 52‘1"”’3 !
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