
13 . Cholesky & Quasi Newton

• Cholesky decomposition
• ED cheek .

• Quasi- Newton .



Cholesky Decomposition .

Chocesky Decomposition can verify if a matrix is
Positive definite and help seeking the corresponding
linear system .

A nxn symmetric matrix is positive definite if
xtAx > o for all x -1-0 -

•
A > o ⇐ XTAX >o if X has fuel column rank .

• Every principal sub matrix A- ⇒± of A is RD .

A - [.⇒¥ ,
X

⇒ X'AX > o .



Chocesky factorization
.

A = 22T

• How to calculate

a -- Ian it:c..IE:
= feat e.i.hi

so
,

des Las ↳Lait Latos
)

GI = a¥ , Las = ÷
,

Aoe
,
Lzzlzzt = Azz- Lu Lai
-
next Cholesky system -

O: what happens if am I 0 ?



Example
a -- (3,7¥ ?:D

↳ (I;÷
.

e.) ⇒ a. =3 . Ffs =L:)

⇒unit::D -L: :] --I:O :D
⇒ Izz = 4

,
Izz = Iq .

20 = 5
,

Lastly ,
we find chesty fatnzctian of 106 - Koro)-81

so
, ez, -9 . ⇒ L=[E Is g)y



Positive deficit ?

Is the matrix A =[GI JI II) positive Infinite ?
eat -- ra . Lei;D -- fated
↳ hi' = An- Lu Lai = [I ;] - I [

'

I, %)
-
-f: ::D

So
,
A is not positive deficit .



Drawbacks of Newton's method .

Newton update :
Kai, = xx - a. foxes Tf Cock) .

• Newton's method is sensitive to initialization . Newton

direction ( - TffCx,c5
'

Ffcx is a descent Ii ration

if Tff 70 .

Could take us to saddle point, maximum . Only appropriate
for convex optimization .

• Newton's method is computationally expensive .

(0cm-3+0Cn'D



Lou Vonk update .

Let PE Rn
""

be inertible . What is the inverse of

Ptvvt
,

V C-Rn ?

Ronk 1 update of the inverse :

(perv-5! P
'
+
1- TE, I =

157
.

c-
~

It Tv

cost : Cnr) .

In general : If P is nxn invertible ,
and L is .

too monk symmetric matrix , ④+4-1 can be computed
in oCrna) . Cr- roheof 2) .

Sherman - Morrison - Woodbury
indertity .



Quasi- Newton method. (Approximate Hessian ) .

Quadratic model around current iterate an

Eifocktd) = feast dig , t d
#

Hisd

minimizing appn.net'm ⇒ d = - HI
'

g,

For quasi- Newton,
we keep g,

= Tfcx.) but choose

the so that the gradients match at current
and previous

iterate :
tf,y⇒= tf coed ad FI

,
Laka ) - TfGc"-D

'9 we need T F
,
( xx - dye = Tf Cocky) .

g die - XK -9kt

⇒ Tf (xx) -Hada = Tfcar-t)

⇒
the = Tfw - Tf lead



Let s = Kk - sea, g y
= Tf xD - Tf eke,) .

⇒ the needs to satisfy tens = y → secant
condition .

• UH,+,
- Hell is small .. Quadratic models are similar

• Symmetric i.e . Ha, -_ Heat
• Secant condition :

H
Kil

B Fas : Hk = Ha, t y÷yyT . g÷←, ,
Hkt Ss

" HK-1

Inverse : the'= (I-y÷syT) Hi: (I - y÷syst) t#Sst'



Limited memory BFGS
.

•Recompute HII each time using past K-2+1
,
. . .

,
K

situates for s and y .

• estimate the Hessian estimate -

• storage 0cm) vs oCns) .

• When implemented correctly, no matrices are formed
.



Non - convex optimization .

• Gradient descent can get stuck on local min but

all steps are descent steps .

• Newton's method can get
"

sucked into
" local

masc f saddle points .

• If F'fois Yao , Hon
Newton step is not

necessarily a descent step .

• In practice,
we can use BFas Card L-BF as) .

°

. switch between gradient and newton step .

• Trust region method
.




