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® For solving nonlinear equations: [ (-9

» approx by linear ones, solve, update approx

= - (x)"4(x)

® For finding minima/maxima/saddles: ¢ "
» just use Newton on gradient g(x) = f’(x) =0

 d = —H(x)"'g(x) L
® Line search: Newton is a descent method

T

® (Often) quadratic convergence \« /e - o)
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Equality constramts
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® min f(x) s.t.h(x) =0 B
— \o ‘ i,u\/,f\“/b
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Opt:mahty w/ equality

s ety 55190 £y IR 30 e m S s mes e R e n S
® min f(x) s.t. h(x) =0 C- E*U\*:O%
C
» R4 = R, h:R¢ = Rk (k < d) () =
» g: R4 — R (gradient of f)  5- .
n ()
e Useful special case: min f(x) s.t. Ax=0 _ 3
2 L C &= 2°x =0 \7xe C E;/AU\:%j
N R (e 2 = AT
( ) = N bé) A
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Opt:mahty w/ equallty

e L T e e g L L N AR e rann SENEP
® min f(x) s.t. h(x) =
Pf:Rd—bR,h;RdaRk (k < d) y
Lyd KT
» g: R4 — R . (gradient of f)
A N H J"
e Now squ65e: /w NE (J .
» dg = 1 ()¢ dh = T/ A«
e Optimality: () 4 + J'» = O
T (x) M NS
o (X (5
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Example: bundle adjustment

YEPISTEIRE A B L Tt g BT P S AT A A Tty 5= N ST CAL I e SN st i e ala, PRGSO,
® |[atent: 3
» Robot positions x:, O: 2| e
X X
» Landmark positions yi 1
0 XX X
® Observed: odometry, X y x
landmark vectors =1
X
P Vi = Ret Xt+|—Xt] + noise -2/
*[_ m, ) /XL’
» We =[O+ 10 + nOISC]n =3 * -
» die = Roe[yk—x¢] + noise —4 O ©
O = {observed kt pairs -5 '
= {observed | pairs} 2 0 2
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min Zt v — R(ug) w1 — l’t]HQ T Zt HthUt — Ut+1H2 T

Tt UL, Yk
2t myeo ldege — R(u) [y — ]|
s.t.u up =1
» latent: Robot positions x, O¢
BNES S N og*(’umo » u. = [cos O sin O]
o » latent: Landmark positions yi

4 ObS V¢ — Ret[Xt+|—Xt] + noise
» obs: wr = [0+1—0: + noise]n

» obs: dic = Ret[)’k—Xt] + noise
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Ex: MLE in exponential famlly

WWM Lt Dttt -l L N 2 Ghanie /. VYRS,

L=-In|[P(xx|6) di:-zd0we-gl)

: ad’(@\f,i@) - -2

ER ZU_(X&'J{(—) L
P(ﬂjkn ‘ 9) —  exp(x, O ‘ﬁ(é)\ /
3& - )(V_\— %(Gj
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L

Geoff Gordon—10-725 Optimization—Fall 2012 10



MLE Newton mterpretatlon
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Convergence behavior
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® miny f(x) s.t. Ax=b
» strictly convex f(x), twice differentiable

» some kind of bound on 3rd derivative

® Two phases
» damped Newton—most of time here
» step size < |

» quadratic convergence—a few final iterations to get
accuracy very high

» step size = |
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Convergence behawor

YEPISTEIRE A B L Tt g BT P S AT A A Tty 5= N ST CAL I e SN st i e aaie L PP,

® Damped Newton
b f(Xe+1) < f(x) — A  some fixed A >0
b limit: [ - Flal)) e

1

® Quadratic convergence  ‘wr,

» enter when error: < 0 < 0.5
» errorer| < (errore)?

» limit; & Y
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Comparison

of methods for minimizing a convex functlon

Newton FISTA  (sub)grad stoch. (sub)grad.

convergence KKK KX X KK % /ﬁf/%wli <
cost/iter 445 #¢3 $9 8
smoothness T L +/ e [ N
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Variations
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® Trust region e He T
» [H(x) + tl]dx =—g(x)
» [H(x) + tD]dx = —g(x)

® Quasi-Newton
» use only gradients, but build estimate of Hessian

» in RY, d gradient estimates at “nearby” points
determine approx. Hessian (think finite differences)

» can often get “good enough” estimate w/ fewer—
even forget old info to save memory/time (L-BFGS)
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Variations: Gauss-Newton
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: _ 1 2
n L= f%%%: SNk = £ (e, 0)]

M = il

~ C L
L, L.t rll\ - \AV\ - Q(\(V‘)Q\
- - Z {\: r% =
T
W O, =
H =
AS G/w = LZJ@mlya} - V\o\rquqrdd(
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