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Classification

Moftivations



Classification

Question Answer “y”

Is this email spam? no  yes

Is the transaction fraudulent?d|no  yes

Is the tumor malignant? no yes
|y can only be one of two values | false true

0 1 vseful for
|“binary classification” | . classification
class =category “negative class” “positive class”
:r/- ‘had” + l‘adool”

absence presence



AN\

(yes) 14 XXX X
malignant?
(no) 0 S CSO >

(diameter in cm)

looe€ VIV N O benign

X malignant




deciston
lboundary fwp () =wx +b
fwp () =wx +b

—>1
AN\
(yes) 1- X
threshold
malignant? 7
(no) 0 - > - >
tumor size x > worse : misclassi ﬁeo(

(diameter in cm) o _
if fyp(x) <05->7=0 next:logistic regression

. ~ v
T fwp() 205 =7 =1 Classification




Classification

Logistic Regression



Want outputs between 0 and 1

A
(ves) 1 -

thresholdQ.7
malignant?

(no) 0

— 3 sigmoid function 3
+ (diameter in cm)
logistic function

outputs between 0and 1

9(z) =

0<g <1

1+e 2



Want outputs between 0 and 1 ()
A —>
T w-x+b
J
4
0.5 J
3 0 Z:) g( ) ~ 1+e~ % ‘
3 sigmoid function 3 1
logistic function fﬁb( ) = g(_) +0)= 1 + e—(W-+b)
Z
outputs between 0 and 1 “ogisti : '\
ogistic regression ~D T
g()—1+e_z 0<g(2)<1 C~ e




Interpretation of logistic regression output

PC1)

fon ) = T e Farn() = Py = 115 ,b)
“probability” that class is 1 Probability that vy is 1,
given input x, parameters w,b
Example:
IS “tumor size”
yis 0 ( ) Py=0)+Py=1)=1
or 1 (malignant)
W () =0.7

70% chance that yis 1



Classification

Decision Boundary



1
w( ):g(w.z 2 4o (Vo)

=P<y=1 ;\_V>,b) 0.7 0.3
H\resi\oiol
Is fab< )
= No: v =
When is
fm< ) > 0.5? g(z) > 0.5
z >0 z <0
Wex +b>0 We X +h<0

=1 =



Decision boundary

fw () =g(2)=glwx, + Wﬁz.

A

Decision boundary z=w-x+b=0
z=x;+x,—3=0

+x, =3
Con




Non-linear decision boundaries

decision z=x{+x5 -1

X
' boundary +xl=1




Non-linear decision boundaries




Cost Function

Cost Function for
Logistic Regression



Training set

tumor size| ... |patient’s age |malignant? ; — 1, ___,méw-l*m{m’ng exommfle-s
(cm)
Y j=1 ..,
t=1 10 52 1 :
: ) 73 0 targety is 0 or 1
: 5 55 0 )= 1
12 49 1 b 1+ e—(Wi+D)
L=m

How to choosew =[wi wy -+ wyp]and b?



Squared error cost
cost

m
> 11 . | -
J(W,b) = RZEUW"’( ) — y(‘))zj average of training set
1=

lossl L(forp (D) ,y®) |
linear regression logistic regression
_ 1
fwp(X)=w-x+b fTv,b()=1+e_(7v_ 0)

AN\
J(w, b)

AN\

convex J(W, b) , nhon-convex




Logistic loss function

( 1 .
— . (x® .o (D) _
L(fw,(GD),y@) = log(fw,b( )) if y | 1
| 108 (1 Fp(2))  ify0 =0
N

| | > /—
L (19),y0)

ify® =1 \TE‘-)
o Loss is lowest when

0 0.1 0.5 1 _ , _
As fw’b( (i)) — 1then loss > 0 fv_’v,b( (l)) fv—(,,b( (l)) predicts

As 1, (®) - 0 then loss - o0 close to true label y{¥.




Logistic loss function

( | |

— ., (<@) . (i) _
L(fap (3®) y®) =3 g (fris (3 | ) ify =1
| —log (1 - fwp(3®)) ify® =0

As v, (x9) - 0 then losi -0 ! s
¢\
1 >f
L(fwp(9),y9)
ify® =0 The ftégther prediction
fw Y) is from
I S SO S taé’;(et y)(i), the

As fW,b( (i)) — 1 then loss —» o higher the loss.



Cost

m

1 I
J@,0) == L[ (:®) ,y @)
i=1 loss
( e _ . conV &X
_ ) —log (fv_v’,b (X(l))) if y® = 1[_9 o reach o

—log (1 — fwb(i(i))) ify(i) =0 3|obal mins mom
L )

Lind w, b that mimimize cost J



Cost Function

Simplified Cost
Function for Logistic
Regression



Simplified loss function

( | |
( ( (1)) y(‘)) B —log( W,b( (1))) ify(‘) -1
N \—log (1 — fwp (i(i))) ify@ =0
‘L( (1), y®) = = yDlog(f5:, (1V) ) = (1 = y©)log (1 = /4, (D)) ‘
if y® = 1. : (1-1)
L(fwi( ©),y®) = - Iog( (;g))




Simplified loss function
(@) 0y~ | RGO 0=
\—log(l— wp(30)) ify® =
‘L( 5 (19), y®) = — yDlog 55, (@) ) = (1 = yP)log (1 = f15, (@) ‘
ify(i)=1: (1- )
L(fp (F9), y®) = =1 1og () )
ify(i) = 0:

L(fup (), y®) = = (1-0) log( V- (i))




Simplified cost function

|oss

N o Vg ) Y - '
0150 (s 0 en(1 - )
cost 1\ (gi) (i) conien o
J(W,b) = E;[l\;(be( )y J)] (single global minm um)
JIN i i i i
=== |yPlog (/s ({®)) + (1 = y)log (1 = /13, (:®))]

i=1



Gradient Descent

Gradient Descent
Implementation



Training logistic regression
Find w, b

. 1
Given new x, output [, () = oo D)

P(y = 1|x;w, b)



Gradient descent

cO S’\' -
J@,b) = - %Z [y©log (/5 ()) + (1 = y©)log (1~ /30, (X))

repeat { N m
o, 0 1 2(0)) _ (DY, @
wj = wj—a——/(w,b) 0W-](W'b) :Ez ( Vv,b(X )—3’ )
J) -_

o
b=b-— ak%](w, b)J

—

d 1 m”
—I@B) = (fp(X0) = y©)
i=1

} simultaneous updates



Gradient descent for logistic regression

repeat { looKe lilke linear regression|
— m «

1 . _ .
= we — | — (DY _ Dy, @
wj=wj—a mZ (fwp(XP) = y®) ‘
| =

r m
1 . . :
— |l . (3@DY) _ D Same concepts:
b=b-a le(W'b(X )=y )] - Monitor gradient descent
i=

: ) (learning curve)
} simultaneous updates - Vectorized implementation

Feature scaling
Linear regression fapX)=w-X+b

1
1 4 e(-wtb)

Logistic regression wp(X) =



