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Support Vector Machine
For Classification

Interactive Lecture
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Which of the three solutions requires the least number of
parameters for prediction at testing time?

KNN SVM GMM
A. GMM
B. KNN
C. SVM
D. 1donot know —— — 0.00% 000%
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How many Support Vectors (SV) do you need at minimum
when using linear SVM?
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A. YES
B. NO
C. 1donot know

Is the solution unique?
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Is the solution unique?
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A. YES
B. NO

0.00%

C. 1donot know

I do not know
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Will the number of Support Vectors (SV) change
as we have more datapoints?
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A. YES
B. NO
C. 1donot know
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Will the number of Support Vectors (SV) change
as we have more datapoints?

e ® e,
" O(p& o @o o (e} @O
. &
0. 8
OQ;.@
0. OQ:)OOQ o 5o O oo [e]
<. *
(a) (b)
A. YES foraand b
B. YES for a, NO for b
C. NO for a, YES for b
D. NOforaandb C— o -—
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Will the number of Support Vectors (SV) change
as we have more datapoints?
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YES foraandb
YES for a, NO for b
NO for a, YES forb
NO foraandb

| do not know
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The decision function:

f (x)=sgn iaiyik(x,xi)+b

i=1
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How can we build the decision boundary?
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The decision function is given by:

f(x)= sgn[%:aiyik(x,x‘ﬁbj

o =
RBF (Gaussian) kernel: k(x,x‘) =e 2% ,0€eR
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With 2 points, the decision function is given by:
f(x)= sgn(alylk(x,x1)+a2y2k(x,x2)+b) __________________________________________________________
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The decision function is given by:
f(x)= sgn(alylk(x,x1)+a2y2k(x,x2)+b)

To compute «; use:

M
Zaiy‘ =0&y'=ly’=-lso,=0,|
i=1

We know (distance to hyperpla;\n‘er, eduatioh of W)

M
||x1—x2||:ﬁ & W:;aiyixi:al(xl—xz) . """""""""""""""""""""""""""""""""""""""""""
o 2 e e
= H=% ||x1 Xz”2 _________________________________________________________________________________________
To compute b - 1 N e

M N e
Use [yi (<Zaiyik(xi,xi)>+bj—1J=O
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w,xh) +b=1 = a((x! —=x*),x")+b=1&
W, x2)+b =1 = a,((x! —x?),x>)+b=1 =

+0.20-

D R i 5 - .
0 4 p= ; b is zero if the points are centered on the origin.
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See exercise session
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The decision function is given by:
f(x)= sgn(alylk(x,xl)Jrazyzk(x,x2)+b)

T R e .
026 bl
L T
L S T T e e
e S s T e S
000 b
e Rt T s T
T L T s T Rty SR
e T e T R
L Rt e T

o T s R e
40 -035 -030 -025 -020 -015 -0;10 -0.05 000 005 0.10 0.5 0.




MACHINE LEARNING |

B s —
S

B s —
w

M

B R —

[ B
i
»)

=

o

07 -06 -05 -04 -03 -02 -01 0.0 01 0.2 0.3 04 0,5 0.6 0,

Draw the decision boundary?
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Draw the decision boundary?
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Multi-Class SVM

Compute the class label in a winner-take-all approach:

j= argmax(Zy o'k (x,x )+b‘j

=1..K =1

'
n
v

-
i

i i i i i i i
a4 H H ; ; H L LDy
Ul i i i i i i i

o

[ - W < S -

[ —
o]

=]
¥

=]
W

Discuss effect of kernel width o
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Draw the decision boundary (assume RBF kernel)?
17
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Multi-Class SVM

Discuss effect of kernel width o

Compute the class label in a winner-take-all approach:

jrargmax| D y'a)  k(x,x') +b! | =argmax(b’)
j=1,..K i—1 N j=1,..K
~0 when |x—x!|—o0

The kernel width does not affect the boundary except when very far from the datapoints,

when (numerically) the RBF function becomes zero and prediction is based on b
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Draw the decision boundary (assume RBF kernel)?
19
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