
 
Feb 27 2020

Vitiation
Training set x y Gaya

xn yn
Goal Learn f that predicts claes

label of new test point x

c i ca

YI 0

yl i
r Ii Locus of points
I equidistant

Hx milk Hx MIE to m me

xYX 2x'm 11mHz xyx 2xtm.tl m4lE

yTxEmYxtEHmiT HmdT
g x O x E Ca

y a O x E C



Exa of a hyperplane life.FImientsf.onosfwhen

d is dimensionality

1
of data

H Hyperplane
If x lies on the hyperplane

Ix Er
X

Signteddistance Wix two D
from origin to W Xz two 0

hyperplane outward wtfx Xz O

w isntormal to the points on

hyperplane
Example ex

is
i o

H w f Wo I
t
Wo 1

Full I



X X O o o

x x x

µ

F
m

t.mizcma
IIdm.nl

yCx7 ma mDTx t z mim mime

data
likelihood

poster
Pk't

f
PK I prior

plc Ix p xKi pki Bayes Rule

pkalxj.ph z
p x

MAP rule

Maxtimumaposterioei probability
aegmiaxpkilxkn
a.la yzEIG

MiIEi'Cg
Caussion Model p xki Is



aegmiaxlogpkilxl aegm.ae ogfpCxki pCci

aegm.axlogpxki
g i dzlog2A log Ei EG MIEif 1
Decision Surface I

og p
CC l x tog p cel x

qog2n
ttzlogkii zcx u.IE x MD logpki

g2atI1ogK4tzGMdtEIYx µ togp

Case I E E I

texted x MD logpled x MT xMa togpCa

If 2mix Milf logplcD

I 2pix Half type
4hMDTx I ftp.lf HMZHY logppfg

O

skin maQ x o o ffo

i
i ii



Case I E Ez q ehgfe

IGNITE x p logpk.t ICxMYEtxadtog.pk

Simplify µ µYz µ µYE Math
log O

Dais Surface is Lineae
P

WTx t Wo O

w E µ MD

o o
w O

ons

Mi E



Classification Regression Approaches
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