~Intro to | Inear Method

ReadingDH&S,Ch 5.{1-4,8}

hip to be typerplanatr.



Then & nav...

¥ Last time:
¥ k-NN geometry

¥Beyesian decision thegr-- Bges optimal
classibPers & Bas eror

¥ NN in daily life
¥ Today:
¥ Intro to linear methods
¥ Formulation
¥ Math
¥ The linear egression poblem



Linear methods

¥ Both methods veé® seen so far
¥ Are dassibcatianethods
¥ Useintesectionsf linear boundaries
¥ What about regression?
¥ What can ve do with asingldinear surface?
¥ Not as much as gu@ like...
¥ ...but still surprisingl a lot

¥Linear egression Is the poto-learning method



Warning!

¥ Change of notation!

¥ | usuay

write

¥ x for the data \ector

¥y for the class vayy for the class ector

¥ In this sectionyour book uses

¥ x for t
¥y fort

ne data ector

ne OaugmentedO dagtor

¥ g(x) for the classb for the class ector



Linear egression pelims

¥Basic ideaassuma(x) Is a linear function of:
g(X) = Wo + WiX1 + WoXg + --- + WXy

¥Our job:bnd besw; to by(x) Oas wll as possible



Linear egression pelims

¥Basic ideaassuma(x) Is a linear function of:
g(X) = Wo + WiX1 + WoXg + --- + WXy

¥Our job:bnd besw; to by(x) Oas wll as possible

double-u omega

¥Note:\\/‘vi E | Z/
/

little curly squiggle.



Linear egression pelims

¥Basic ideaassuma(x) Is a linear function of:
g(X) = Wo + WiX1 + WoXg + --- + WXy

¥Our job:bnd besw; to by(x) Oas wll as possible

double-u omega

¥Note:\\/‘vi E | Z/
/

little curly squiggle.
¥ Stupid mathdnts...



Linear egression pelims

¥ ByOas wll as possible@e mean heg, mininum
squaed eror.

n

Jwo,..wa) = 3 (gx) ! Fx))
=1

Loss function

= ; (h! (W0+j:i1Wiji))



' Useful debnitions

¥ DePnition :A trick is a cleer mathematical hack

¥ Debnition :A methods a trick yu use moe than
once



A helpfuIOmethodO

¥ RecallX = [X1,X2,..., Xd]

¥ Want to be able to easilwrite

wo + w11 + adat+r wyxry

¥ IntroduceOpseudoehturel ok, Xg = 1

¥NOW hae:y = |1, 21,2, ... ,Qi‘d]T



A helpfulOmethodO

¥ Now hae: y =[1, 71,72, .. a?d]
¥And: a = [WO,Wl,W2 ..... Wd]

¥ so f(x) = aly
¥ And ourOloss functionO becomes:

!TL n
Js(a) = b; | aTy#Z

1=1



Minimizing loss
¥ Final, can write:
Js@=(b—-YTa) (b—YTa)

¥ Want theObestO set afthe weights that minimize
the abore

¥ Q: how do you bnd the miniram of a function
w.r.t. some parameter?



Minimizing loss

¥ Back up to the 1-d case
¥ Suppose qu had the function:
(W) = aw? + bw + ¢
¥ And wanted to Pnav that minimized()

¥ Std anwer: take derivatie, set equal to Oand
sole:

il(w) = 2aw + b
ow

= ()
= Wmin —

b

 2a
¥ To be sue of a mincheck 2nd derivati too...



5 mirutes of math...

¥ Some useful linear algebra identities:
¥ If A andB are matrices,

(A+B) = AT+ BT
(AB)' = BTAT

(AB)~t = B7tA~! (for invertible squae matrices)



5 mirutes of matnh...

¥ What aboutdeiivative®f vectors/matrices?
¥ There®more than one kind...

¥For the momentweOll need the derivatiof a
vector functionith respect to avector

¥ Ifx is a ector of variablesy is a \ector of

constantsandA I1s a matrix of constantshen:
| |

~ x'A=A Z x =
| X | X
0 T

Ax = x"(A+ A")
5’X



Exercise

¥ Derive the \ector derivative expressions:
| |

—x'A=A e
I X I X

0
(9X

¥ Find an expession ér the minimum squaed error
weight \ector, a, In the loss function:

Ax = x"(A+ A")

Js@=(b—-YTa) (b—YTa)



| The LSE method

¥The guantityY'Y ! is called @am matix and is
positive semidebPnite and symmetric

¥ The quantit(Y Y ')’ 1Y s the pseudoierse of
Y

¥ May not exist if Gram matrix is not ivertable

¥ The completeDlearning adgithmO is 2 whole lines
of Matlab code



