
#8/2024: Classification
Goal: Predict "class" or "label" for each input
-

Each class is one of a fixed set of possible classes

· Tumor : Benign us Malignant ? Binary classification

- Email : Spam us not spam 2 12 possible labels)
· Handwritten digits : 0

,
1
, 2,..., 9

·

10-way" classification
-

Image : Bird , snake , dog , car, .. S
&Binary classification &
· One label y

: 1 "positive" "

multi-class classification"Teepossible labels· One labe y
: - "negative"

(sometimes use y
=0
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by

* wx+b >O # a straight line/planeX 2n

(oralmost perfectly separated)t t I

+
+

+-
=>+ Decision boundary-- = set of points where
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Model prediction :

-

If wiX + b > 0 , predict y
= + /

If wix -6 so
, predict y--



Maximum Likelihood Estimation
-

same idea as linear regression ,
abilistic storyNeed different prob

p(y = 1(x ; w) = Trexplorix) = O(wit)
I& ~

"Sigmoid"T

or
Amit b

b/I can always add where G(z)= "Ogistic"
- function

a constant feature
1 + e

- 2
-

-onvenient
-

(2)
-

fact :

- I
pliy(X : w) = 6(gwix)
Tf y : I , trive by definition
If y

= 1 , 6) = wix)
-

--- ipTwix)y = -1 is iselymore likely I -wNow : To learn w,
choose w that maximios

likelihood of data I =

1- Fiexpl-wix)logp(y(x) #-plye)(x ; w)
= log ply(xw)

= Zlog 6 (ywix
*)

I= 1

Last step : multiply by of ,

swap to minimizing

&

*x)Final ross : ((w) : n lg (y

& "margin"



- logt (2) function large margin is good !

measures "badness"
of the margin If yell= 1

,
want wixlis >0

n-log6 (margin) If y() = -1 /
want wixis <O

margin > 0 EX prediction is/ correct

very large margin
= very for

from decision boundary
Pmargin

- Lin correct direction)-

margin= loss

is high
-

Minimize (1) with gradient descent
- Fact : this LCo) is also convex

Gradient Do t logs (y"wix)
Fact' -log((2)[= 6y ·Del - ⑤(2)

constants

- - 6(-ymixil) · y(i)y(i)
T = /-W Vector Ra

scalar Scalar

( +1/- x)
If yli) = 1 : gradient for example i is (i)

(negative number] · X

During G.
D, we add multiple of

xib to w
Increases wixi) , increases plop = 11x (c)

jN)

If iylil--1 ,
reverse happens ~
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exp
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-MaximumLikelihood Estimation

Minimize -n log likelihood

-L(w)= = logp(y(i) (x(i) ;w)
i = 1

=ST (i)
↑ log exp(w)X


