SVM (Support Vector Machine)
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Support Vector Machine

. _ 0 — Class A
- Supervised learning - 4 rIiNg class B
L £ *
- both 1) Classification & 2)Regression X X %
« HIH HZ=: Support Vector Classifier %
Support Vectors
« AL H==: Support Vector Regressor X-Axis
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Decision Boundary

(1) DecisionBoundary

ha(x) = ap+a’x = ap + a;x+... +a,x,

(2) DecisionRule

L= H: h,(x)>0

L2t ™: hy(x)<0 i
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how to Optimize?

Lagrange Multiplier (Bf 12X =)
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R ITHZY/IAHO| THS0IT =>

=0{7t7| H0j...

N
-

glxyl=r¢ gle, vl = ¢




2.svMm 2| & 2|

Lagrange Multiplier2| 7|& OfO|C| O]

- f(x,y)2F g(x,y)=cZt T Mf(x,y)2] FCHEor 220 R

- 12t g9 H 0| | 7HEl = Al

Af = AAg /\
a-@He-ey )

L(x,y,A) = f(x,y) —A(g(x,y) —c)
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Back toSVM...

- Decision Boundary
Of2iQt Z2f(x) HH

HJIO
_L
EP

- Decision Rule

;l"lij -T- 3() =}

« If (x/B + By) > 0, theny=1otherwise, y = -1.

* yi(x{B+PBo)>0
. y=1,(xl-T,B+,BO)>O
. y=-1,(xiTB+BO)<0
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(Error 5 & X))

M

max
B.BollBl|=1

where y;(xIB + Bo) = M

min
min] B

where y;(x] B + B,) = 1, M=1/||B|
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(Erroro] 8 0)

max M
B.BollBl|=1
where yi(xiTﬁ + 30) > M(1-§)
* §=0

« Y.& < constant

4

min|B||

zTB+Bo=0

margin

B.Bo

where y;(x/ B + By) = 1 =&, M=1/||B||
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Cost Function

min —H B2+ € Z 2

35()_ 1

subject to & > 0, yi(z; 3+ Bo) =1 —&;

X2 x2
- CIH 24, error B 512 b o8 %
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Cost Function

111111 —H B||? + ng,

%0 - =1

( by Lagrange Multiplier) L(x, y'l) = f(x'Y) - A(g(x:}’) - C)

A= H2BT|E A2, Ofl 45 £} Al7|= At £5!
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-> O|Z 2|5l], Lagrange Multiplier A, Ui =
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Cost Function

N N N
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3. Kernel SVM

META 7HOFH Z 20 AFB!
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Input Space Feature Space

https://www.youtube.com/watch?v=3liCbRZPrZA

Ot

2 S H(InputSpace)2| L|O|H &, M &F 71752t 1Al S ZH(Feature Spac

e)2 2 mapping?t Fl FHFE EFot=ZEHE )


https://www.youtube.com/watch?v=3liCbRZPrZA

3. Kernel SVM

Kernel trick

- Feature= Lot 2 & FX|2H computation= A =2|X = XS

Class 1

* Class 2 : Class 1
0" Class 2
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fx)=xB+ Bo =x(TX, @yix;) + Bo
m f(x)= Y, @K (x,x;) + Bo

(7| EQ MABAE ML, Kx,xi)E=Y!)

/

Ex) 1. Polynomial Kernel
[\’(.’1’, ;[T/) — (1 4 <Ll'. .l'/>)d

2. RBF ( Gaussian ) Kernel

exp(—~||z — z'||?)
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Polynomial Kernel RBF ( Gaussian) Kernel

gaussian, gamma=1
Ll

N

gaussian, gamma=0.1

polynomial degree 2 1.0

linear kernel
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Hyperparameter
1.kernel : input datas O[S ASt=HENZ HHA| AT}

ex) linear, polynomial, RBF ..

( polynomial & RBF= non-linear hyperplane®|| -8& XM CHE )

2.regularization (C) : penalty parameter

(7} 242 2230 9) 1;lg{}:llﬁll +CZC,
p=1

3. gamma : GO0t Hitting Al Z K| ! rbf kemnelZ2| S0 Sl 2L,
( K|ILEK[H 2™ overfitting & )

Ex) 1. Polynomial Kernel
[\P(;_l', ;lf/) —. (1 + <..l'. 'l,/>>(1

2. RBF ( Gaussian )Kernel

exp(—7|lz — z'||*)
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SVM I} &2 hyperplane 4

) =xTB+py =0

cost function

.’\-’
H(B,By) = Z Vi = flag)) + §||5||2

0 if |r .
V;(,.):{ if |r| < e

| — e, otherwise

OrEEZER| =2, X Z ot error 581
(1 HrZO B0{Li= A Bt cost Al4E Al BEH )

v




for A4k &F o Ol >
- :
) b\\ E
o \'\\ i /_/ A
\ :
& ______--:._+_.-; ________
- =l
4 2 0 2 4
7
0 if |r| <€,
Ve(r) = .
7| — e, otherwise

Vi (r)

‘Cll ‘\\\ : ,}r
\ |
=1\ 5 /
) i /,
© : /
o E /
o~ N :/
o __________\...:_ ___________
—_ Ly ol
-2 0 2 4
r
2 .
re/2 if [r| <&
Var(r) = / .
clr| —c*/2, |r|>c,




4. SVR

N
A . . ' 5 | 'Support Vector Re'gression' ‘
f(l) — § :(O‘i o ('I'i)<‘/r’ Ii> + .80 — RBF model
i=1 — Linear model
2t = — Polynomial model |
ee e data
1_
svM It OFEETLHR[ 2 Kernel 88 7HS ! e o
-1}
RBF
2.2
K(x;,x;) = exp(—|Ix; — x;||"/s%) -2 ’
Polynomial =33 0 1 2 3 7} 5
(1 data
K(x;, xj) = (X - X;)




5.Summary

- H)datal| 22 7P30| e =8 good

- B cix= A Z2°80H0F

2. Hyperplane2 &9%lldatag T2

K7™ Sterrora o1 &5t=flexible?t model)
3. Kernel= AFE2SI ELHE A Stmodel MM 7Hs

4.Classification = 2FOFL| 2} Regression Of| A= 7}FSSIEH ( SVR )
( but TE classificationO0f| A] B£0| 0] &)
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