
FORMULATION on I. sit @ tl ) =0

-

+ class J ?ntb=
-1

IN -

oe Foetus -17=0

a pp DD t -

e. £+5
-

- I

/
.

÷
"

o

.
# ooeieasSite o

-

Margin -_ Cbt ' ) - lb - i ) = Z
T Hill mathematical

Hull convenience
.

Goal : maximize margin
-

- minimize Kudla £11011

s . t . correctly labelling other points .

i. e . I ' .at + bet if y 'd = - I

E. Itb 71 if Yi = f- I



PRIMAL FORMULATION
-

|Minimiz{Hw)Sit .

yi co .se?tD7lV- i

#

O ) what is 11511

" " " '

: I



Simplicial ( ID )
4 points

point al y

•
←

separating

l l# z ,

- L - l l Z
- i - I

-2 - l

l

separating hyperplane
: win , + b -

- o

Yi Cw , see -1571
⇒ , ( wit b) 21

. - - ①
I ( 2W ,

1- b) 31 - - - ②
- I C- with 7 I n - - ③
- I C- 2W , 1- b) 7- I -

- ①



\ ( wit b) a '
. - - ①

I ( zoo ,
1- b) 31 - - - ②

- I C- with 7 I . - - ③ ⇒ w ,
- b 71

- I C- 2W , -147 I -
- ① ⇒ zw ,

- b 71

mini
- hi

.
I -13=0

-
-

→
I or se = o

②



Minimum w , satisfying constraints is

WE 1

&

correspondingly b = 0

.

'

.
Man . margin classifier is 1. set 0=0

Og n -
- O

:÷m
. .

•;¥:[ 1-
support neela

( only their constraints are binding)
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PRIMAL ← DUAL CONVERSION
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FOR TRIVIAL EXAMPLE ,
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FOR SUPPORT VECTORS WE HAVE
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MAKING PREDICTIONS

y^ Lai ) = Sian ( G. ni + b)

••µ
- L - l l 2

For KTEST =3 ; y^C3 ) = Slaw (1*31-0)
= -1

= the class



ALTERNATIVELY ,
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PRIMAL WAS OP ,
DUAL IS OP

,

WHY BOTHER CONVERTING To BOAL ?

JUST WAIT FOR FEW MORE MINS

ANSWER :

"
KERNEL Trick

" '



NON - LINEARLY SEPARABLE DATA
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- L - I 0 I 2 3 4

Data not separate in R

can we still use sum ?

Yes !

How : Fut data to a higher
- dimensional space .
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ANOTHER EXAMPLE TRANSFORMATION
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Projection
1 Transformation Function

of : Rd -
pp

where D= Original dimension

D= New dimension
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TRIVIAL EXAMPLE ( again )
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steps

① Compute Glu ) for each point
Of : Rd → RD

② Compute dot products over
Rd Space

O) If D ⇒ d

Both steps are expensive !



KERNEL TRICK

can we compute k Gti ,
aj )

sit .

Klni , nj ) = of Cai ) . ollnj )
some fine of Dot product in high

dot product in dimensions ( after

original dimension
transformation )
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WHY DID WE USE DUAL FORM ?

KERNELS AGAIN ! !

PRIMAL FORM DOESN'T ALLOW

FOR
"
KERNEL TRICK

"

K ( UT , Fez) in Dual

& COMPOTE ¢ Ca ) and then dot

product in
'

D
' dimensions !



GRAM MATRIX ( Positive semi - Definite )
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ANOTHER EXAMPLE
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SOME KERNELS
-

① linear : KINT ,
a- D= set . Iz

② Polynomial
: kin ,m⇒= ( ptni.az )9

③ Gaussian : Kcsi , ,n= ) = e-
2- the -5215

ALSO CALLED RADIAL BASIS

F- ONCTIOPCRBF )

f- I
262
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10 dimensional ?



O) For Jedi
, what space

does RBF

kernel lie in ?

K Cape) = e-
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G) Is sum parametric or non -

parametric ?



G) Is SVM parametric or non -

parametric ?

Yes and No

t t
.

linear RBF

kernel 1 ( form charges with

Polynomial data )
kernel

( form fined )



RBF is Non - Parametric
-

j ( NT EST ) = SIGN ( TRITEST Tb )

= Scan (GE? diyjnjeatesetb )
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Now k bij , attest ) for RBF is :

e-
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: . Hypothesis
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=
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What kind of .

?
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'

is ;;; ,
more is it

-

influencing #
guygadhesis function



Now if we add a point to

dataset

H
Functional form can

adapt ( similar to

KNN )

.

: sum with RBF kernel

is Non - Parametric



Interpretation of RBF
radial

←
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Activation



tbF:Effed
Jr . How far is the influence of a

single training sample
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- AT
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High influence of Ij low influence of Is



SOFT - MARGIN SVM

-0:) Ran me learn sum for
"

slightly
"

non separable
data without fingerling

to a higher space
?

t:÷÷÷÷÷i÷::÷



SOFT MARGIN SVM
⇒

•

SLACK VARIABLE • ,

nie ::¥:÷÷mmt÷÷÷÷
hyperplane " "

* .

Change objective

minznwif-CE.hu
'
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SOFT MARGIN SVM
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•
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SOFT MARGIN SVM
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( → o : larger margin

( → * : smaller margin



Sum losstoenalty formulation

( Hinge loss)

Svc

SVR



why RBF is A spare

Taylor expansion
: has terms of ape ? . -

in



Kernel function
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