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with one variable
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Supervised Learning

Given the “right answer” for
each example in the data.
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Regression Problem

Predict real-valued output
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Training set of Size in feet@ Price ($) in 1000'5@
housing prices —>
(Portland, OR) 232 [ m=47
—= 1534 315
852 178
Notation: N T
—==m = Number of training examples )
—= X's = “input” variable / features \ % = 2\0¢%

—= Y's = “output” variable / “target” variable -74(2) = 414
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[ Training Set ] How do we represent h ?

‘L he®) = ©6 + O, %

[ Learning Algorithm ] Chorthend h(x)
\'\(ﬂ = 0.
Size of Estimated RAERT
house price
K h jfo‘“asi S (2¢Xiro b
X”L“" 4!‘;3) Linear regression with one variable. (*)
\,\ ™0p s Qw,y. we to 3'& | Univariate linear regression.
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Linear regression
with one variable

Cost function

Machine Learning



Size in feet? (x)

Price (S) in 1000's (y)

Training Set
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852
Hypothesis: h
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0;s: Parameters

How to choose 0.'s ?
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h@(CU) — 90 + 9133

hixl= 1.6+ O

— g =1.5
— (9120
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Linear regression
with one variable

Cost function
Intuition |

Machine Learning



Hypothesis:
h@(x) — 9() + 91.27
Parameters: 1N
(v
907 91 //\ )
-

Cost Function:
—S J(00,91) = Lm Z (he(x(z ) y(ﬂ)

2

Goal: minimize J (6, 01)
/'7 60701

Simplified

h@ (CI?) — 9_151_3‘

S,=0
6, h(x)
— ’ .
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minimize J (64
01 —_

=y
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= hg(x) = J(601)

e
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(for fixed 61, this is a function of x) (function of the paramete
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ho(z) J(01)

(for fixed 61, this is a function of x) (function of the parameter 01)
3 —_—
2 = =
1 = =
X
FH——t+————

05 0 05 1 15 2 25
01

@‘t o’z
I(6)=?

X
S(o. s) = 3 Lloss-0t+ (1) + T'wﬂ

i »
2*1 [3:8) = 1 % 03
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h@ (ZC)

(for fixed 01, this is a function of x)
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Linear regression
with one variable

Cost function
Intuition ||

Machine Learning



Hypothesis: ho(z) =0 + 01z

Parameters: 0o, 04

Cost Function: J(60,61) = 2= > (he(2?) — y(V)
1=1

Goal: minimize J(6y, 61)
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ho(x) J (0o, 01)

P — :  —
(for fixed 0y, 01, this is a function of x) (function of the parameters g, 61)
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\(for fixed 69, 61, this is a function of x)
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(for fixed 0y, 01, this is a function of x)

« Training data

— Current hypothesis

1000 2000 3000 4000
Size (feetz)

(fun

J(907 91)

ction of the parameters 0, 01)

0.5
0.4
0.3
0.2t
0.1t
- o
0.1} §
0.2}

0.3}
0.4f

-0.5 :
-1000  -500

0 500 1000 1500 2000

0o

Andrew Ng



700

60071

Price $ (in 1000s)

—
o
(=)

ul
o
(=)

N
o
S

w
o
]

)
o
(=)

h@ (a:)

(for fixed 0y, 01, this is a function of x)

« Training data
— Current hypothesis
1000 2000 3000 4000
Size (feetz)

(fun

0.57
0.4
0.3
0.2

J(907 91)

ction of the parameters 0, 01)

0.1r

-0.17
-0.27
-0.37
-0.41

-0.5 :
-1000  -500

o ' 500 1000 1500 2000

0o

Andrew Ng



Linear regression
with one variable

Gradient
descent

Machine Learning



Have some function J (6o, 61)

Want min J(H(), (91)
00,01

Outline:
* Start with some 0o, 01
» Keep changing 0,01 to reduce J(6o,01)

until we hopefully end up at a minimum
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J(60761)
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ﬂ$ij?‘"v\&+ \ Tegth osei: on

Gradient descent algorithm A =b az b o

lzdl\c

i‘u'le

SQ,S )

—2 A —_—
O .= a+tl

Q—-Q*\X

(for j=0and j =1)

g\ Mu.\'l'OqQOI.;la. A&'I'Q
Se ok &,

Correct: Simultaneous update

- temp0 —00—0439 J(Qo,el)rl

= templ := 60 —
= ¥y := temp0
= 01 := templ

A

0530 J(eo, 91)

A

\

Incorrect: /.

- temp0 := 6 —0489 J(6y,01)

—)t temp0
- templ =61 qazs-J (0, 0h) <=—
= 01 := templ

I~
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Linear regression
with one variable

Gradient descent
Intuition

Machine Learning



Gradient descent algorithm

repeat until convergence {

—= 0; =0, —@E(i J(6y,61) (simultaneously update
— )ﬂ 00 j=0and j=1)
I 1
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1 (e

kl = 91 _@({%J(el)

If ais too small, gradient descent /7

can be slow.

If o is too large, gradient descent
can overshoot the minimum. It may —~
fail to converge, or even diverge.

—
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\

I s 01 atlocal optima

d
Current value of 61 0. =0, —a—-"1J7(0
1 1 adﬁl (1)
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Gradient descent can converge to a local
minimum, even with the learning rate a fixed.

A
3o
<
As we approach alocal  J(61)
minimum, gradient <
descent will automatically <
take smaller steps. So, no
need to decrease a over 0, >

time.
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Linear regression
with one variable

Gradient descent for
linear regression

Machine Learning



Gradient descent algorithm Linear Regression Model

repeat until convergence { hg(x) =0y + 01«
0
9] ::9 &%J(90,91>

J(00,01) = 5= 3 (he(a®) — y9)?
(forjzlandj:()) 2 z:l( )
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Gradient descent algorithm % ig(golgl}

repeat until convergence {

_m—

(90 = (90 — Oé% i (h@(m(z)) — y(z)>) | update
A=l ME— - 0o and 01
01 := 01 —aj= > (hg(x(i)) _ y(i)) .x(i)J simultaneously
\ = :
RN 1(e,,©)

&Q\
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ho(x) J (0o, 01)

(for fixed 0y, 04, this is a function of x) (function of the parameters 6o, 01)
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ho(x) J (0o, 01)

(for fixed 0y, 04, this is a function of x) (function of the parameters 6o, 01)
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ho(x) J (0o, 01)

(for fixed 8, 01, this is a function of x) (function of the parameters 6, 61)
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ho(x) J (0o, 01)

(for fixed 0y, 01, this is a function of x) (function of the parameters 6o, 61)
700 . ‘ ' ] 0.5
ool N X ] 0.4
. . 0.3
~ 500
3 0.2
S
— 400' 0'1
g = 0
& 300
.g '0.]_ B
& 200¢ 0.2}
-0.3}
100f * Training data
— Current hypothesis 0.4

' ‘ -0.5 ' ' | |
1000 2000 3000 4000 1000 -500 0 500 1000 1500 2000

Size (feetz) 0o

Andrew Ng



ho(x) J (0o, 01)

(for fixed 0y, 04, this is a function of x) (function of the parameters 6o, 01)
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he(x) J(00,01)

(for fixed g, 61, this is a function of x) (function of the parameters 0y, 01)
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ho(x) J (0o, 01)

(for fixed 0y, 04, this is a function of x) (function of the parameters 6o, 01)
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ho(x) J (0o, 01)

(for fixed 0y, 04, this is a function of x) (function of the parameters 6o, 01)
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“Batch”_ Gradient Descent

“Batch”: Each step of gradient descent
uses all the training examples.

\3% (Lw(x(*)) _ 5((5}
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