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WHY BOTHER CONVERTING To BOAL ?

JUST WAIT FOR FEW MORE MINS

ANSWER :

"
KERNEL Trick

" '



NON - LINEARLY SEPARABLE DATA

-

-#- • -

- L - I 0 I 2 3 4
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can we still use sum ?

Yes !

How : Fut data to a higher
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ANOTHER EXAMPLE TRANSFORMATION
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TRIVIAL EXAMPLE ( again )

•-¥• -

- L - I 0 I 2 3 4

original Data (a) ER

Transformed Data ( olla> = { fza , n' 7)
me

a
•

:÷÷¥÷÷÷
• I •

T.t.EE



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 )



•-¥• -

- L - I 0 I 2 3 4

Gta ) -

- L Ea
,
xD

k Lai
, nj ) = @ t ai nj 5 - l

T pot product in lower

dimension

= Xt 2 ai aj t niaj - X

=L Fai ,
ni > .

L Raj , af >
= of Cai ) . op Caj )



•-¥• -

- L - I 0 I 2 3 4

original Dataset ¥dataset
-

* En si y
# a y l - 252 4 - l

l - L
- l

z -
if I - l

z - l - l
z O O l

3 O l
l

.

.

' '

!
i n

,

( n ,) =L -252,4
) ; 4th )= f- FL ,

I > TRANSFORM ATN

0/121 ) . Ollnz ) = - zf2* - FL t 4×1 = 8 DOT PRODUCT

-
- - -

- - - -
IQ 22

kcal , Nz ) = { It C- 2) * Et ) } - k DOT PRODUCT IN ID



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



O ) For I -
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O) For Jedi
, what space

does RBF

kernel lie in ?
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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
-
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Now k bij , attest ) for RBF is :
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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
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tbF:Effed
Jr . How far is the influence of a

single training sample
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SOFT - MARGIN SVM

-0:) Ran me learn sum for
"

slightly
"

non separable
data without fingerling

to a higher space
?

t:÷÷÷÷÷i÷::÷



SOFT MARGIN SVM
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⇒

•

•

moon .
t÷÷÷÷

"

minzllwif-CE.ae ;
¥

.

St . yilw.at b) 31 - Gi .

in Dual
=

manimize ÷Eai - EEE
. .

aiajyigjni.ES
sat .

OE ai EC S÷gxiyi=o



SOFT MARGIN SVM
⇒
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Notebook : Svm - soft - margin
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If C → O

objective
→ Min lzilwlf

⇒ choose large margin

( without worrying for his

[ Recall : margin =÷→
, , ]

If c → a ( or very large )

objective
→ Min C Een , or choose

'
w

'

,
I ' . set . mi is small

'
.



O ) what is equivalent of hard margin ?

a) C. → o

b ) C → *



O ) what is Equivalent of hard margin ?

a) C. → o

146*7
Tul
Na violations ! !



BIAS VARIANCE TRADE - OFF FOR

SOFT -
MARG IN

SVM

low C ⇒ higher train error

( higher bias )

high
C ⇒ Very

sensitive to dataset

( High variance )



SOFT - MARGIN SVM
⇒

a

Types of support
waters • •

⇐ yilw.si#D-- I ¥÷•
'

a. •

tone 0<9 : 21 ( correctly -

classified )

zoned lui >
l ( misclassified )

.

i
.

As C increases ,
# support Vectors

decreases

Notebook : Svm - soft - margin



SVM FORMULATION IN LOSS 1- PENALTY FORM

-

Kline :
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: objective is :

Min C Ehei + zhili
• Min c.IE?maxCo.i-giCw-.n-itb5ftlzHw-'

IT

or Min
i } Max ( o , I - yilw-xitbftzjw.IR

- w

RE KULA RISA -110N
Loss



LOSS FUNCTION FOR SUM ( HINGE LOSS )

Loss Function IS : €7 MAXCO
,

I - yiluseitb )

Case 't •

=

s.si:÷÷⇒⇒Loss i = 0 /yilwmitb
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Case -14
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HINGE LOSS CONTINUED

HINGE SHAPED

⇒I
- z

Q ) IS HINGE LOSS CONVEX S DIFFERENTIABLE ?

CONVEX ! ✓

DIFFERENTIABLE : X

SUB GRADIENT : ✓



SVM Loss is convex

HINGE Loss E( Max Co
,
U - yilwseitb ))

is CONVEX

PENALTY 12/16112

IS CONVEX

-

'

. Sum LOSS is CONVEX


