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· Back to linear, non-separable
E:

-

=>

-
>

- t

-

I

+ +t
-

x 3: t
I

-

I

in
0

· min = 1212 +c2, 5:
(w,b)

subjectto 1:((x:,wx +b) ? 1 - 2:

3:20, i =

1, ...,n

· for each E:, min 2:

if %:((x:,w) +b)=1 =x2i =8

-

S.

if r wh - -

- 1
=E: =1 - xi(x:,w +b)

So E: = max 10, 1 - 1:5:)

"it?"
+b

1
- hinge-lass

I - %: S.

I



· So we only need to minimize:
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· Recall logistic regression
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· Legendre Transform
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·Part4: Deep Learning (neural network)

· Unified Framework for supervised learning:

↑ Kernel: 17(x,x1) =(h(x), h(x)) d-50
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· Random initialization:
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