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with one variable
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Machine Learning
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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

(14) = one Yeoamq Gramle W= 4o
(Ym R LY Py \ A B
, ® \3%{:1e
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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.

L c;\o. mmL(e
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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
2104
1416
1534
852
Hypothesis: h

®+

0;s: Parameters

How to choose 0.'s ?

=
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232
315
178

M

-
[

47
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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)
— ’ .

©
xﬁ.

minimize J (64
01 —_

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

e
CEE—

(for fixed 61, this is a function of x) (function of the paramete
3 —_
2 = =
J(01)
1 = =
Fo——1—&—1 i :

-05 0 05 1 15 2 25

Q‘: o.g? @

(
( = Q) e T ()=
= Im i{( WX ‘3('\\ : ;(;[62+o°+o" =or — 0
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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)

00791
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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)
500 X
X X X
400 < X 9
Price ($) 300 e X :<X§<§<>;X X <
in 1000s o e %
% KX
200 x % —
e . >
ER-Ye)
/ - @ ] <~
/ ©,= 066
0 T ; :
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Size in feet? (x) S v I

Lm = 50 + 0.064]
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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)
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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

\Q""\‘“ﬁ Qarivoiive
fole

NS{’\ —-S (Q\) G\ 6“7\ .
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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( )

Andrew Ng
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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)
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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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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}

Andrew N



Logistic
Regression

Classification

Machine Learning



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)

_->8€<{OJI/1'33

Andrew Ng



AN | N &
— (Yes) 1 | X X X X )=
oS ' /T‘\
Malignant ?4 - - « —— . — ! —
— (No) 0 6"'7”‘/'; ‘“‘ ‘ >
T Size = Tumor Size
}\e(x\ = ©Tx

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

If ho(x) < 0.5, predict “y = 0”

—

Andrew Ng



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

g T
A ¢

Logistic Regression: 0 < hg(z) < 1
K_ C_,\acs‘i’('id'lon

Andrew Ng



Logistic
Regression

Hypothesis
Representation

Machine Learning



Logistic Regressmn Model 1\8 (%) = pe
Want [0 < he I+ =7 |
hg( S(QTQZ) A A

2 3® B l-\-o_

@Tr
>Sigmoid function
Logistic function

Andrew Ng



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

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

gz © ol > Ply = Otmsé) +{Ps = L) |- 1
—)P(y—0|$ 9)—1—Py—1w;07'




Logistic
Regression

Decision boundary

Machine Learning



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

Andrew Ng



_3);{9( ) = g(eg + (91561 + (92372)1

\\

g\ |

b N~

Predict “y = 1“if —3 + X1 + X9 2 O T""SM =05
| | X tx2=3 |
S X HY¥, S X,

e €3
SOl

Andrew Ng



Non-linear decision boundaries

X, w:;; .o .o ) T;‘
X "K o(x) =g(0o + 0121 + 92332 ? °
3)( mOS&m% x 3=\ —|-935131 4+ 9\4372) Lt
X\ @SO x X ( )V \l X
ST % Predict “y = 1“if —1+:r;1+a:2>()
2 l\“ 'l“ﬁz-LI ‘ x 3t ¥ > |
a1t | )P
r'\\//> > hg(m) — g(@o -+ (91331 -+ (92£U2 -+ (935133_
+042% 09 + 050575 + Ogxiwe + ... )
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Logistic
Regression

Cost function

Machine Learning



Training {(@M,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 ?

Andrew Ng



Cost function h

= tinear regression: J(0) == Y
Losqs-\'\Q e =1

LA )

“non-convex”

J(0)

—'—

Andrew Ng



Logistic regression cost function

B |—log(ho(z)} ify=1
COSt(M’%) - { —log(T — hy(x)) ify=0
- Cost =0ify =1 hg(x) =1
._If_\Lf-]J But as  hg(z) — 0
[ Cost = o

~ 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 ‘

..

o \

- N g, AN

e —
(R %

Andrew Ng



Logistic
Regression

Simplified cost function
and gradient descent

Machine Learning



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»cs\ - ((k—g At ([- \\b(‘\)

I€ 5’-( C»c*(\\gﬁr\,g\ = "'\031\5(») 6’
I8 y=0. Cest (hslv-\;:j\ = — 1030-\»\9(2‘\3

Andrew Ng



Logistic regression cost function

J(0) = % % Cost(hg (), y™)

1=

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

- —

N

To fit parameters 6 :

in.J (0
win /() Get ©

0

To make a prediction given new2:

Output hg(z) = EQT:B ?(‘3‘-‘ 1*’,9\

o 14+e

Andrew Ng



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:)

%)

Andrew Ng



Gradient Descent

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

1=1 S0 & &’ .
Want miny J(@) © = 12;1: r 12045 n
Repeat { &, &
. S—
-[ =0, a3 o] -yl T hbos &%
| date all 0
(Slmu = el > Leb‘)z e ™

Algorithm looks identical to linear regression!

Andrew Ng



Neural Networks:
Representation

Non-linear
hypotheses

Machine Learning



Non-linear Classification

g(0p + 0121 + 0229
+03x122 + 9437%-’132
+0sx329 + Qg5 + .. .)

OOO OOC)\&X X --?\(\1/ \Al\‘z;\’“\Y},Eo\S -°"\(\\"no
*';1/5(17".%""
- Xl R '::, gOOO Qeﬁk% 6(’\13

- L] —size T+ 2 2 N A W=
752 — # bedrooms ? AT WILVR,IIT Tz IO
— h:(OO

T4 — age T

._4. 8 \Cz@ |70 000
=

L£100 —~ i

-
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What is this?

You see this:

But the camera sees this:

194
180
114
a7
10z
94
6
41
20
a0
T2
a7

210
158
126
103
11z
a5
71
56
43
50
59
ol

20l
130
140
115
l0a
el
(=]
3]
69
a7
53
53

21z
221
138
154
131
104
ek
99
75
73]
1]
a3

199
209
176
143
122
105
g9
63
56
75
g4
75

213
205
165
142
138
124
a9z
45
41
75
9z
G

215
191
152
1459
152
129
QG
a0
51
73
g4
70

195
167
140
153
147
113
a5
gz
73
74
74
73

173
147
170
173
128
107
g9
58
55
a3
a7
59

158
115
106
101
g4
g7
gg
76
70
3]
T2
T3

laz
129
78
57
58
69
i
75
63
59
63
(=]

209
163
g
57
1]
a7
a7
65
44
37
42
50
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Computer Vision: Car detection

What is this?

Andrew Ng



Learning
Algorithm

pixel 2

<= Cars

= “Non”-Cars
Andrew Ng



Learning

< e . . —D :
) s g f Algorithm
pixel 2
N
pixel 2 +
- +
+ Cars pixel 1

= “Non”-Cars
Andrew Ng



pixel 1
_ hﬁ\_ ___ 4 Learning

'] s g f Algorithm

pixel 2
. 50 x 50 pixel images—> 2500 pixels
el 2 n = 2500| (7500 if RGB)

_ o O-25
pixel 1 intensity & >
pixel 2 intensity &

= =
5 pixel 2500 intensity | <
4 Cars pixel 1 ~ Quadratic features (x; X x;): =3 million

- “Non”-Cars features

Andrew Ng






Neural Networks:
Representation

Neurons and
the brain

Machine Learning



Neural Networks

- Origins: Algorithms that try to mimic the brain.

-, \Was very widely used in 80s and early 90s; popularity
diminished in late 90s.

— Recent resurgence: State-of-the-art technique for many
applications

Andrew Ng



The “one learning algorithm” hypothesis

Auditory Cortex

)

Auditory cortex learns to see

[Roe et al., 1992] Andrew Ng



The “one learning algorithm” hypothesis

e Somatosensory Cortex
i o
e

Somatosensory cortex learns to see

pressure, pain, warm

[Metin & Frost, 1989] Andrew Ng


pressure, pain, warm

pressure, pain, warm


Sensor representations in the brain

T 'k E "‘ - : i Jr', Ill

Haptic belt: Direction sense Implanting a 3 eye
[BrainPort; Welsh & Blasch, 1997; Nagel et al., 2005; Constantine-Paton & Law, 2009]
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Neural Networks:
Representation

Model
representation |

Machine Learning



Neuron in the brain

— \.
Dendrite| ‘"fut ; Axon terminal

e Lsites
@Q J/& Cell body
Node of Ranvje

AXON | Schwann cell
/ Myelin sheath

{ . T
bt-d—vwl' Lul=

Andrew Ng



Neurons in the brain

V\usAQ

[Credit: US National Institutes of Health, National Institute on Aging] Andrew Ng



Neuron model: Logistic unit _ o

L0 0o
1 91
p— 9 p—
. T2 02
—'CCS— —93—
4\
) ——L___q_ boq.;'ﬂln"l'g ("’
) \+ e C ()(.um‘\’as <

Sigmoid (logistic) activation function.

3(2\ * ("e“q

Andrew Ng



Neural Network
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Neural Network

- a,z(.ﬁ’) = “activation” of unit zin layer j

—, O) = matrix of weights controlling
function mapping from layer 7 to

= T~ 3*.* layery + 1
'lgmﬁ.s 1 widdin ik e e W )\ (K\

(2)29(@%)33 + 051 + 05wy + 01w3) (2\
()_Q(G(O)x +®(1)x1+9( X9 +@)23x) . ™
2 — g0 o+ 00z + 0Fwy + 0Nzs)

—> Q3
—> he(z) = ag ) —9(9(2) (2) _|_@(2) (2) _|_@(2) (2) _I_@(Q) (2))

- |f network has §j units in layer j, SJH units in layer 5 4 1, then@(J)
will be of dimension s;71 X (55,4 1) . C x(@ + ( )

)+t

Andrew Ng
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L? Forward propagation: Vectorized implementation
@

EN i (2)-
. | L(2) _ z§2)
nl
22 — @y o T 70\\1')
0}z +@(1)a: + 0w +00z)) | |1a®) = g(:@) . ci’i
= g(0%) o + 621 2+ 0W x, + @“ﬁ ) % ©* '? — ® 3
)

@ || Add ¥ =1. —= ol

=g @(1)390 + @ 3: + @( )a: + @:(,)3)333

2
j (3) = @(2)y(2)
< a
Oiél) 2) _|_@\4) (29 —|—@§§)a35 7) h@(IL‘) :iai3) l: 9(2(3))

Andrew Ng



Neural Network learning its own features

\
v
| ai? ¢
7 <
“ — > he(x)
5 (o
¥ /") N @y -z) ) (73
P )"Q 3( o Q, < O |\
l (2) Q) Q) ¢ ¢
/7 R A
@Q\\ Layer 2 Layer 3 Yoy Y2, Xy

Andrew Ng



Other network architectures

@\/
@ s ho ()

@/

Layer 1 Layer 2 Layer 3 Layer 4
\n ;\%\ g_{_t/—}\_/,t/ o"‘*f"‘-}

Andrew Ng
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Non-linear classification example: XOR/XNOR
= x1, T2 are binary (0 or 1).

) X & Y~
X5 R‘s-:.D
_ \5'-0 <'_
VE S S
\ Y Xl
y =121 XOR 29

> 11 XNOR 1y «
C) NOT (5131 XOR 332)

Andrew Ng



Simple example: AND o T g(2)

= x1,22 € {0,1} L

= Y= AND L2 \J ‘

Andrew Ng



Example: OR function

L1 L9 h@(SE)
0 0 3(~153
0 1 g (lod %
1 0 X

1 1

Andrew Ng






Neural Networks:
Representation

Examples and
Intuitions |

Machine Learning



—> I AND L9 ~=> I1 OR i)

Negation:
g NDT Ky

Q o .’L‘l h@(CL’)
—he(z) 0 | 9te) =\
O

= @ iy 1 q (-0 %
he(x) = g(10 — 20z ) — (NOT _x_l) AND (NOT =z2)

/‘\ C'.:{ (R— am& OGB fQ"

T 5 KT, 2O

Andrew Ng



Putting it together: 1 XNOR x5 ﬁé

O
“ @ (O el :‘7\‘% O e
@ (=2

Andrew Ng



Neural Network intuition
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Handwritten digit classification

[Courtesy of Yann LeCun] <&— Andrew Ng



Handwritten digit classification

r]
e
g

-

-
-
-
—
-
—

&
14

[Courtesy of Yann LeCun] Andrew Ng
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Neural Network (Classification)
. {(zM,yM), (@, y@), . (zlm), (™)}

L = total no. of layers in network
S; = no. of units (not counting bias unit) in
layer [
Layer 1 Layer2 Layer 3 Layer 4
Binary classification Multi-class classification (K classes)
vl - [f
0 0 0 1
pedestrian car motorcycle truck

1 output unit K output units

Andrew Ng



Cost function
Logistic regression:

1 | < .
J(O) =—— [Zy@ log hg(z'") + (1 — y) log(1 — hy(z

292

Neural network:
he(x) € RE  (he(x)); = it" output

1) = — [ZZy,i“logm@(ﬂ”))w<1— ) log(1 - (he <x<i>>>k>]

DI I NG

Andrew Ng
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Gradient computation

1 7 7
= J ——E ZZy()loghg (7’ )k + (1 — ())log( — hg(x ()) )
DE— 1=1 k=1
L—1 s; Si+1

L S YIS

111131

— nlin J(©)

Need code to compute:

= 'iﬁlj ©) < ©. ek

= oM
ij




Gradient computation

Given one training example (z, v ):

)
Forward propagation: —_

al) =z
20 — 9g()

= a?) = g(z(2)) (add aQ(2>)
= »(3) — @2)4(2) layer1 Llayer2 layer3 Llayer4
Sa® = g(z®) (add a$”)

= 24 — @) 43

> o = hg(z) = g(z¥)




Gradient computation: Backpropagation algorithm
RELC IR

Intuition: 53(-” — “error” of node j in layer (. \ O i
o) ut unit (layer L = 4)

{ 4\

5§4) :E@)[_ ” (\\u‘*% §M_ -y

J — —

—

Layer 1 Layer2 Layer 3 Layer 4

S 5B) — (©BNT5A) 4 o (3 ¢ x
) 6( ) _ (@< >) 5( 1;*9 ) o™ *Uéo-“j)
S5 = ()76, 4 g/(=) ® (1D,
(be £ o m? ) it
—wm Jl®) = o’ {. ( tquomy. Ny

£
)B.J ) Ne O




Backpropagation algorithm
~> Training set {(z(M), yM) .. (™) y(m)}

2\
set ALY =0 (forall 1,4, ). (W € Gupuke Yo I(Q\)

For i=1ltomée (X", 4"
Set alt) = z(9) —

Perform forward propagation to compute C_L_(i) for [ =2,3,...,L
Using y@, compute §(L) :Q_z(L)_ (4)

—

e 0L-1) §5(L=2) 502 P

)
N Tl e RO N LT P
S|Py )= % Ay 4204 if § £ 0 9 J(0) = D)
1 A () o o0 i
) = A if 7=0 T )
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Forward Propagation

w)
S

)

+ @

Q) W)
a

| + ©

O




What is backpropagation doing?

[ | [

J(©) = [Z y W log(he (x)) + (1 — ) log(1 — (h@(ﬂr“))))]
=1

i J

L—1 S; Si+1

Focusing on a single example 21, y'”, the case of 1 output unit,
' i i7ati Note: Mistake on lecture, it i q
and ignoring regularization (A =0), ote: Mistake on lecture, ts Suppose

lc\ost(i) = y@D log he (D) 4 (1 — y@ 10g1'h@(x(7;>) <
(Think of cost(i) ~ (E@(x(i)i _‘) N e— —

l.e. how well is the network doing on example i? 3(0

Andrew Ng


1-

Note: Mistake on lecture, it is supposed to be 1-h(x).

1-

Note: Mistake on lecture, it is supposed to be 1-h(x).


Forward Propagation
“. A1

0) )
®|1 g

To \ Z2 —>ag)
D

— (5](-1) = “error” of cost for a (umt] in layer [).

H

Formally, _cz;i) = @COS (i) (for j > 0), where
cost(i) = W log he (™) + (1 — y) log he (z?)
1

—

~ -

Andrew Ng
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Training a neural network
Pick a network architecture (connectivity pattern between neurons)
S,

5

| =
3 $— 3 BN g% ¢
- No. of input units: Dimension of features .a;@

-> No. output units: Number of classes
Reasonable default: 1 hidden layer, or if >1 hidden layer, have same no. of

hidden units in every layer (usually the more the better)

/\ 5 o
/ ye§ L1, . 1ed 4= |o | ar( s
1 ;’ &

G . _
Andrew Ng
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Training a neural network
= 1. Randomly initialize weights
—2. Implement forward propagation to get he(z(?) for anyz¥
- 3. Implement code to compute cost function J(©) : -

0
= 4. Implement backprop to compute partial derivativess—a@y’g J(©)
- for i = 1:m i (\ét\l %MB k\ﬂlnl "QU‘} PR (ﬁ(“.)l Qﬂﬁ)
= Perform forward propagation and backpropagation using
example (2, y®)

(G‘e;c)activations oV and delta terms §Wfor 1 =2,...,L).
N ‘4 = 4(97‘-50")?0[!!)1-

3
" =2 T(®).
Qow(,u‘{c 3@3?:: ( )

Andrew Ng



Training a neural network
. . 0 J(@) .
= 5. Use gradient checking to compare 5™ computed using
backpropagation vs. using numerical estimate of gradient
of J(©).
—>Then disable gradient checking code.
= 6. Use gradient descent or advanced optimization method with
backpropagation to try to minimize J(©) as a function of

parameters © \> N o) ~_/f
e

:S(@} — Ron-—Copven.
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