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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

@ vseful for
|“binary classification” | /; \C\Msm cation

3 A n . ” n 1+ "
Class =category negative class positive class
+ “bad” # goed”
abse“CC Pf‘esence
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AN

(yes) 14 XXX X
malignant?
(no) o000 >
® tumor size x

(diameter in cm)

loc-o-€ VIR N O benign

X malignant
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decision
lboundary fwp(x) =wx +b
fwp(x) =wx +b

N
(yes) 1- o X
threshold
malignant? 7
(no) 0 4 > - >
tumor size x> worse : misclassi ﬁ'eo(

(diameter in cm) o .
if f,,,(x) <0.5-7=0 next:logistic regression

- ~ _ u
if fwp () 205->7=1 Classification
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Stanford Classification
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Logistic Regression




Want outputs between 0 and 1

A
(ves) 1 -

thresholdQ.7
malignant?

(no) 0

>

@ sigmoid function
logistic function

—-»_,_ tumor size x
(diameter in cm)

outputs between 0and 1

9(z) =

0<g2) <1

1+e 2
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Want outputsietween 0and 1 fv’.(i)
Tl DO v | wW.x+b]
J
=z
0.5 J
1
= 0 Z:) "g(Z) ~ 14eZ ‘
-3 sigmoid function 3 - B 1
logistic function wp () =gW-x+b)= 1 4 o—(Wib)

=

outputs betweemp0 and 1
1
9(z) = —

1+e 2

“logistic re ression”’\
9 9 g’g-z.?’

0<g) <1

Stanford onune @ Deeplearning.Al Andrew Ng



Interpretation of logistic regression output

= PC3)
for = o= fai, () = P(y = 1[5;W,b)
“probability” that class is 1 Probability that y is 1,
given input %, parameters w,b
Example:
x is “tumor size”
y is 0 (not malignant) Py=0)+Ply=1)=1

or 1 (malignant)

W,b(i) — 07
70% chance that yis 1
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Decision Boundary




Stanford onune  @Deeplearning.Al

=N B

w,b(?) = g(¥ 5 +5) o

-?+b)

=P<y=1 x;W,b) 61 0.3
O °'ﬁ‘?. threshold
Is f5,( ) 2 0.5?
Yes: ) =1 No: 7 =0
When is
fW,b<?> > 04(2) > 0.5
z>0 z<0
We X +b>0 Wex +h<0
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Decision boundary

fv_’v,b(i) = g(z) = g(v’l/;xl + wyx, +79)
A A -3
Decision boundary z=w-:-x+b=0
z=x+x,—3=0
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Non-linear decision boundaries

+xs =1 =z

- T a2 24
=1 W1 X + W2x2+b

7 LA S

decision z=x{4+x5 —1 =0

boundary it as=1

X1
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Non-linear decision boundaries

x2

i
(}‘:o & lPS)Cei fvv)’b(?) = g(Z) == g(wlxl + wZX2
+w3x12 + WyX | Xy + w5x22

+ 1| +eeet b)
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Stanford Cost Function
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Cost Function for
Logistic Regression




'Training set

tumor size| ... |patient’s age |malignant? ; — 1, ___’mfo-l-mim'nj emmffcs
cm
A Xn Y j=1, n& Features
=1 10 52 1 :
: ) 73 0 target y is 0 or11
. 5 55 0 2
W) = —
12 49 1 fW,b( ) 1+ e—(VV-X+b)
L=mM
How to choosew =[wi1 w2 -+ wp]land b?
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Squared erro;‘cost

cost ®m
> 1xy1 - . N
J(W,b) = — > (Fop () = y©)2 average of training set
m )

i=1
ose | L(fwp(1®) ,y9) |

linear regression logistic regression

W,b(i)zw.?(-l_b

fv_)v,b(X) - 1+ e_(vv'?(+b)
N

convex

J(W, b) , non-convex
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Logistic loss function

(
o “log(fw,(x®)) _ifyW =1
L(fup(9)y®) =1 @ ( o ) o o

o —log(l—fv—\;,b(x )) ify\W =0

. © ®
A
log(/)
L(fwp(:®),y9) >
ity @ = 1 —log(f)
£
0 01 05 : | Loss is lowest when
As [, () - 1thengloss » 0 !}, fuin (V) fw,(x®) predicts .
As [, (©) 5 0 then loss - e ! close to true label y®.
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Logistic loss function
( . .
—log (fp(X0)) ify® =1

I(f— z(l) , (@) = < } :
\

il ° —log(1—f)
As fW,b(X(l)) — 0 then loss » 0 !,
N o2
1 >f

L(fup (x®),y®)

ify® =0 an 1% The further prediction
not malignast | @ N fvv’b(?((i)) is from
= ~ 0 \.I/) (i)
0 Fon(x9) 1 target y'*/, the
As fw}b(ff(i)) — 1 then loss — oo A higher the loss.
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Cost

O
coS"\' m
10 =3 ([ (0) )
® ® li loss
B 0 () _ 4 COnVES
_. log( b(X‘)) if y\ _1L9Com reach o

—log (1 — f‘,—\;,b(x(‘))) ify(i) =0 Ylobal mini movm

\
Lindk w,b thet minimize cost J
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Stanford Cost Function
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Simplified Cost
Function for Logistic
Regression




Simplified loss function .

( 1 o

(i . log b(X(l)) lfy(l) =1

L(fwp (x®) y®) = OV e _
k—log (1 — fwob (X )) ity =20

110750 (9, y©) = ~ yOlog /5, (:O)) =5 Nog (1~ /5,(:9)) |

01 - GD

~—y—

(s (F9), @) = -1 log (i) 7
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Simplified loss function

( » o
—1og( W,b(x(l))) ify® =1

k—log (1 — fwb (i(i))) if y@& =0

L(fas (C9), y@) = — y Dog 7 7)) = (1 = yO)log (1 — £, (:P)) ‘

(0 (9) ) =

@
if y® = 1. ? (oo
L(fv_v’,b (ﬁ(i))’ y(i)) = -| Ioj (‘F('i))
if y = 0:
Ly (19), 5 = B (1-0) l0‘j(\"‘F(i)) .
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Simplified cost function

|loss
L(fw (59), y(‘)) == y(‘)log (Fe (X(‘))) (1 - yP)og (1 = 1, (V)
3
cost ; ; conveX ,
JGW,b) = —Z[L(f* (:©)y) (single slobal mininm)

J %Z |y ©1og (f5,,(:©)) + (1 = yO)log (1 = /7, (:@))]
o

maximom |iRe lihood
(dont worry abovt it )
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sl Gradient Descent
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Gradient Descent
Implementation




Training logistic regression

Find w, b

. - 1
Given new OUtpUt fv_v’,b(?() — 14+e—(W-i+h)

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

c O S’\' -
J@,b) = — %Z [y Olog ( fi5 (D)) + (1 = yO)log (1 = £ (%D))]

repeat { o r\ O
S - /D) 50/ D) = Z (in(30) =y O

b=> —a%](w,b)l

~ —

@b = Z (F(EP) =y )

} simultaneous updates
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Gradient descent for logistic regression

repeat { looks lilke linear reg r‘c_ssion\
— m -
1 s _ .
Wi =wj—a EZ (va,b(X(l)) — y(l))xj(l)]
L =1

Same concepts:

- m
1 . .
— _E — (D) — @
b=b—-a m . (fw,b(x ) y+) « Monitor gradient descent
i=1 (learning curve)

; simultaneous updates . Vectorized implementation
« Feature scaling

Linear regression fapX)=w-X+b

1
1+ e(—Vv-§+b)

Logistic regression &, (X) =
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Regularization to
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ONLINE Reduce Overfitting
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The Problem of
Overfitting




Regression example

t+eo hoH

g[/.

. > > |
Vvsllézes i b Wl®fl‘§/e +b Wl®+ W, ze\/lfg@‘F W‘ +b

price

under{it Just right overti+t

« Does not fit the « Fits training set » Fits the training set
training set well pretty well extremely well
high bias generalization high variance

Stanford onune @ Deeplearning.Al
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Classification

— Z 5./V ‘~ Wo X9 =
Fan® = (2o +ww@ +w w
g is the sigmoid function : FwsgfxD @

. . S
underfit  high bias  just right T Ve i+
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Reqgularization to

Stanford

ONLINE Reduce Overfitting
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Addressing Overfitting




Collect more training examples
®

col\lect more

0} (O]
= =
a a
. > . >
Slze Slze
overfit
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Select features to include/exclude

size | bedrooms | floors age distance to price
income coffee shop
@ @ X3 @ §5 Xy00 Y
o | | | | | |
all features selected features disadvantage
4 size |
. - bedrogon’y
insufficient data a‘ge‘ useful features
l Jus-l' r'.3|,\+ could be lost

overfit

Stanford onLinE

feature selection

course 2

@ Deeplearning.Al
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Regularization
Reduce the size of parameters w;

AN overfit A pegu\arlza‘hor\
S g
c 5
@
> >
features features
()= 286)-3854D+ £(x) = 13x — 0.23x2 +
30@ + 100 0.000014x3 — 0.0001 x*+ 10

| arge valves for wj feature small valves For wd
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Addressing overfitting
Options

1. Collect more data

2. Select features
— Feature selection n course 2.

3. Reduce size of parameters

_.Regularlzatlon next videos)

Stanford onune @ Deeplearning.Al
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Regularization to

Stanford

ONLINE Reduce Overfitting
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Cost Function with
Regularization




Intuition

AN AN
X
g S
S a
size size

wix +wox? + b Wi X + Wox 4—/.%,(3+M+b

make ws, w4 really small (= 0)

) (s -0 ¢ 10905 +10094”
0.002
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Regularization simpler model W20
small values wy,wy, -+, wy, b less likely to overfit w,~0

size | bedrooms | floors age avg distance to price
X X income coffee shop
‘ | - | X3 | X"t | Xg | X100 4
n featvres n =100

Wi, Wy, Wp, = :W1006b

reg wlarmization dterm

1 [ o elode
J(W,b) = o— Z(fwb(i(‘)) y)* A Z wh >\l: b
®

=1 Ham bJa N
reqularization parameter 7O
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RGgUIaﬂza‘Uon regularization

vn ean Sq,l{af‘eo( eryorr  Term

—~ T

min J(W,b) = mm _E(f NG VO] i . w?

Ud b m‘ 1

-F\'\' data — L Keep W; small
A X=0 A balances both 3oa‘$
choose 1 = 101°

8 wp () = Wik + woa® + we P et + b
o ~NO ~O X0 ~0

fW=b

Cj'\oo sSe A
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Regularization to

Stanford

ONLINE Reduce Overfitting
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Regularized Linear
Regression




Regularized

mln ](W b) — mm
/b O

Gradient descent
.repeat {

o @
cr

I

S

} simultaneous update

Stanford onLinE

Inear regression

Y eiv

© Deeplearning.Al

n

m
N w2 A
mZ(fW'b (X(l)) — y(l)) + %z W]2
=

J=1

A

— Ez(fm(i(i)) _y©) ()
N mz(fﬂb()_()( )) y(l)) don“t have to

f‘egw\‘“‘lz.e b
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Implementing gradient descent
repeat {

o W —a[ i (f—) (O) - y(‘))x(l)]+ w;
b=1b~as. Z(fw K0) = y0)

}5|multaneous updateJ = Lol
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Implementing gradient descent
repeat {

=W, — a[ z (f—q,(i(‘)) y(‘))x(l)] +— W]
b=bh-— amZ(fwb(i(‘)) y®)

}5|multaneous update J =leent
wy = 1w, - o(_—- Wi = mi {:wb()(“" ‘b)) (%)
W; 1—a—) usva\\ upcla‘fe,
o m
sheink W

Stanford onLinE

N

L
1
0.0| ——=0.0002
l 50

w; (120.0002)
0.9993
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How we get the derivative term (optional)

a N > ol L \ -~
a—Wj](W,b) aw(:lmz _F( ( ()) -\—/ Jl
J=‘

= > A v V) . )=l
= L Z(w-x‘” -\-b—\/‘ ))ZXLJ ’\'A‘ZUJJ !

=52 |G =)o
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Reqgularization to
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ONLINE Reduce Overfitting
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Regularized Logistic
Regression




Regularized logistic regression

A O X X Z = WiX1 + wyx
O X % X +W2x11x2 +2v|/24x12x22
@) +wexix3 + -+ b
x| . O "
© fii () =
(@) @) O OO w.b 1+e-
OO0 o N
X Cost function
Jw,b) = ——Zly(‘)log fw.b (x(‘))) +(1- y(‘))log(l Wb x(‘)) ]-\-/—-z_ ou
7 ' J=! B,
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Regularized logistic regression
(W, b)———Z[y@log (FasGED)) + (1- y®)log(1 - fip(3D))] zw

YY\In
w,b

] Losks Same &s
Gradient descent foc linear regression|

repeat { — .
d 1 . A
Wi =W~ g, J.b) N m. @ wp(R) - y@)xﬂ Y
)=t 3 ] \ log istic regression
b=b—az-](W,b) Z(fﬁ ,(GD) = y©)
¥ don4d have to

regulerize b
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