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Classification
< U
~> Email: Spam / Not Spam?
~> Online Transactions: Fraudulent (Yes / No)?

——

= Tumor: Malignant / Benign ?

o 0: “Negative Class” (e.g., benign tumor)
— y € {0,1}
- 7‘ 1: “Positive Class” (e.g., malignant tumor)
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— (Yes) 1 | X X X X )=
°-S ' /T‘\
Malignant ?4 - - « —— . — ! —
— (No) 0 6"'7”‘/'; ‘“‘ ‘ >
T T Size = Tumor Size
}\e(x\ = ©Tx

—> Threshold classifier output hg(z) at 0.5:
—= If hg(x) > 0.5, predict “y = 1”

If ho(x) < 0.5, predict “y = 0”

—
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Classification: B/ O or 1'
- A A
hg(x) canbe >10r<0

g T
A ¢

Logistic Regression: 0 < hg(z) < 1
K_ C_,\acs‘i’('id'lon
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Logistic Regressmn Model 1\8 (%) = pe
Want [0 < he I+ =7 |
hg( S(QTQZ) A R

2 3® B l-\-o_

@Tr
>Sigmoid function
Logistic function
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Interpretation of Hypothesis Output )\g (“)
he(x) = estimated probability that'y = 1|on input x&

: _ | *o _
Example: If = [ X1 ] - [ tumorSize ]‘f’
he(x) = 0.7 Y=

Tell patient that 70% chance of tumor being malignant

hel®) = P(B“‘ \*393 “probability that y = 1, given x,
— parameterized by 6”

gz © ol > Ply = Otmeé) [Py — L) |- 1
—)P(y—0|$ 9)—1—Py—1w;07'
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Logistic regression

ho(z) = g(6" x)

_ 1
g(z) - 1—|—€_Z
Suppose predict “y = 1“if ho(x) > 0.5

&Tx >0

predict “y = 0“ if hg(z) < 0.5
&< o
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_3);{9( ) = g(eg + (91561 + (92372)1

\\

g\ |

LR 2%

Predict “y = 1 if —3 +x1 +x9 = O T’hem =05
t \X|+¥213(
>Xl‘+\‘1 X

¥ <3
SO
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Non-linear decision boundaries

C o {-

X2 D8’ ” 2O \l/ o
X X xﬁ \peerd o(x )_g(eo+91x1+92x2 ? °

3)( mocg:&,\% x 378 ‘|‘935’71 + 94372) -
x\ @SO X X AP TN

M Predlct”y—l”lf —1+:r;1+a:2>()

72 l\“ 'l“ﬁz ‘L/ x ¢+ Yoo >\
'S ) 4=P
A~ > hg(x) = g(0o + 0121 + Oawa + 935_13__%_
+042% 09 + 050575 + Ogxiwe + ... )
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Training {(@,yM), @), y?), . (a2, ™)}
set: - -

Lo
m examples re | ! L, To=lye {0,1}
_ ’ l | n —Jm
ho() = 7 4 e 0Ta
-

How to choose parameters 0 ?
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Cost function h

= timear regression: J(0) == Y
Losqs-\'\Q S =1

A - )

“non-convex”

J(0)

—'—
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Logistic regression cost function

C |loglhe(@)f ify =1
COSt(.__.h@(x)’?{) - { —log(I = Py(x)) ify=0
= Cost =0ify =1 hg(x) =1
._If_\Lf-]J But as  hg(z) — 0
[ Cost — o0

~ Captures intuition that if hy(z) = 0,
(predict P(y = 1|x;0) :QmEf
we’ll penalize learning algorithm by a very
large cost.




Logistic regression cost function

B —log(hg(z)), ify=1
Cost(hg(x),y) = {Elof__u — hg(?x)zJ if y=20

Ify=0 ‘

- a ™

I e —
(R
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Logistic regression cost function

—= J(0) = Z Cost(hg(z?),y

ho(e 0),y7)

#

= Cost(hg(x),y) = Ja— Og_lloé(zz(xgg i Yy =

Note: y :@ or !always

- Cost Chee) W = log(\ol*s\ - ((k—g At ([- \\b(;\)

I€ w= | C»C'\'(\\ob‘»/‘;}\ = "'\031\5(») 6’
I€ US"'D' Cﬁ* (Llsl.\'-\l:j\) - - 103 (l"\b(?‘\x
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Logistic regression cost function

J(0) = % % Cost(hg (), y™)

1=

— ;%[z y D log hg () + (1 — y) log (1 — hy(2D))]

L ——

N

To fit parameters 6 :

inJ(6
min (2/ C,M:.(—_g_

0

To make a prediction given new2:

Output h@(x) — EeTa; ‘J(l:r-l 134 ',9\

e 14+e
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Gradient Descent

= J(0) = —%[fﬁl yloghg(zD) + (1 — yD) log (1 — he(zV))]

1=

Want ming J(0):

Repeat {
. 0
=
! /(Eimultaneously update all 0,)
L

~ : () )
%I{g} 7"‘};" é‘(l\b[\é\)_ﬂ x:)

2
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Gradient Descent

J(0) = —%[i y'9 log ho(zW) + (1 — yD)log (1 — he(x))]

1=1 S0 & So .
Want miny J(@) © = 12;1&; r i204s
Repeat { é,, -—
. S~~—
- [ =0, a3 o] -yl T hbos &%
| date all 0 \
(Slmu = el > Leb‘)z Fe-S™

Algorithm looks identical to linear regression!
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Optimization algorithm
Cost function J (). Want ming J(6).

Given 6, we have code that can compute

Gradient descent:
Repeat {

— 6; := 0; — al5- 0]

}
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Optimization algorithm

Given 6, we have code that can compute

- J(0) <«
g /()& (forj=0,1,...,n)

Optimization algorithms: Advantages:
- - @Gradient descent - No need to manually pick o
- Conjugate gradient | - Often faster than gradient—_
- BFGS descent. j
- L-BFGS | Disadvantages:
- - More complex &—
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. 'S )
Examp;le hin 310 function [jVal, |gradien{]
_ |Y1 = tFunction (theta)
_ _ .< cos
= 0 [92] fgr_S)€>1 ' u{ jval = (theta(l)-5)"2 +
(theta (2)-5)*2;
e J(@) — (91 _ 5>2 T (92 _ 5)3 gradient = zeros(2,1);
- 8161](9) =2(0; — 5) Ygradn:.ent(l) = 2% (theta(1l)-5);
— gradient (2) = 2* (theta(2)-5);
> £-J(0) = 2(62 — 5)
> options = optimset('GradObj’, ‘on’, ‘'‘MaxIter’, ‘100’);

> initialTheta = zeros(2,1);
[optTheta, functionVal, exitFlag]
= fminunc (@costFunction, initialTheta, options);

7T SR> A2,
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" 0o 3— "‘}__‘_5_-;)_‘2.\.9- &

91 S etol®)

theta

_ Q.n = '\\\0..*0.(1\'\ ‘\

function 1@ gradient)] = costFunction(thetaL(

)|
jVal = det te J (60 ;
jVa [coeoEc_)mpue ( ZZ]
gradieni{(l)) = [tode to compute GLQOJ(@!] ;
gradient@ = @e to compute 8L91J(9!];

gradient (n+l) = [obe to compute %ﬁ) 1;
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Multiclass classification

Email foldering/tagging: Work, Friends, Family, H%bby
1 # A
4=t Y2 yg=1  ¢=o

Medical diagrams: Not ill, Cold, Flu
Y=l 2 2

Weather: Sunny, Cloudy, Rain, Snow

-
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Binary classification:

X X

Multi-class classification:

A

&
AN X
X
0gO_

X
X
x‘\
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One-vs-all (one-vs-rest):
A

A%
AA "xx
X

020

X1
Class 1: /\ &

Class 2: [ «
Class 3: X <

/

T

) () = Ply =iz0) (=1, 25]

X &«
’ A O(())O ()
5 O s )
@)®)
/ O S X?(:j= l l¥~’&
Y,
Xy O \"
O (D
20 (())OO }\e (xD
O
2000 ™
X1
A\
X, o 5 ()
OO0 "xx )\e (7“)
X
O
O~O
@, .
X1
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One-vs-all

Train a logistic regression classiﬁerhéi)(a:) for each
class ¢ to predict the probability that y = 1.

On a new input 7, to make a prediction, pick the
class 7 that maximizes

max hgi) ()

Iy
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