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Supervised'Learning'
'

Given'the'“right'answer”'for'

each'example'in'the'data.'

Regression'Problem'
'

Predict'realLvalued'output'
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Nota6on:'
''

'''m'='Number'of'training'examples'

'''x’s'='“input”'variable'/'features'
'''y’s'='“output”'variable'/'“target”'variable'

Size(in(feet2((x)( Price(($)(in(1000's((y)(
2104' 460'

1416' 232'

1534' 315'

852' 178'

…' …'

Training(set(of(
housing(prices(
(Portland,(OR)(
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Training'Set'

Learning'Algorithm'

h"Size'of'

house'

Es6mated'

price'

How(do(we(represent(h(?(

Linear'regression'with'one'variable.'

Univariate'linear'regression.'
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How'to'choose'''''‘s'?'

Training'Set'

Hypothesis:'

‘s:''''''Parameters'

Size(in(feet2((x)( Price(($)(in(1000's((y)(
2104' 460'

1416' 232'

1534' 315'

852' 178'

…' …'
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y'

x'

Idea:'Choose'''''''''''''so'that''''''''''''''''''''

'''''''''''is'close'to'''''for'our'

training'examples''
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Cost'func6on'

intui6on'I'
Machine'Learning'

Linear'regression'

with'one'variable'
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Hypothesis:'

Parameters:'

Cost'Func6on:'

Goal:'

Simplified'
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Cost'func6on'

intui6on'II'
Machine'Learning'

Linear'regression'

with'one'variable'
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Hypothesis:'

Parameters:'

Cost'Func6on:'

Goal:'
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(for'fixed''''''''''','this'is'a'func6on'of'x)' (func6on'of'the'parameters'''''''''''')'
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(for'fixed''''''''''','this'is'a'func6on'of'x)' (func6on'of'the'parameters'''''''''''')'



Andrew'Ng'

(for'fixed''''''''''','this'is'a'func6on'of'x)' (func6on'of'the'parameters'''''''''''')'
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Gradient'

descent'
Machine'Learning'

Linear'regression'

with'one'variable'
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Have'some'func6on'

Want''

Outline:(

•  Start'with'some'

•  Keep'changing''''''''''''''to'reduce'''''''''''''''''''''

un6l'we'hopefully'end'up'at'a'minimum'
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θ1"
θ0"

J(θ0,θ1)"
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θ0"

θ1"

J(θ0,θ1)"
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Gradient(descent(algorithm(

Correct:'Simultaneous'update' Incorrect:'
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Gradient'descent'

intui6on'

Machine'Learning'

Linear'regression'

with'one'variable'
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Gradient(descent(algorithm(
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If'α'is'too'small,'gradient'descent'

can'be'slow.'

If'α'is'too'large,'gradient'descent'

can'overshoot'the'minimum.'It'may'

fail'to'converge,'or'even'diverge.'
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at'local'op6ma'

Current'value'of''
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Gradient'descent'can'converge'to'a'local'

minimum,'even'with'the'learning'rate'α'fixed.'

As'we'approach'a'local'

minimum,'gradient'

descent'will'automa6cally'

take'smaller'steps.'So,'no'

need'to'decrease'α'over'

6me.''
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Gradient'descent'for''

linear'regression'

Machine'Learning'

Linear'regression'

with'one'variable'
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Gradient'descent'algorithm' Linear'Regression'Model'
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Gradient(descent(algorithm(

update''

and'

simultaneously'

'
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θ1"
θ0"

J(θ0,θ1)"
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θ0"

θ1"

J(θ0,θ1)"
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(for'fixed''''''''''','this'is'a'func6on'of'x)' (func6on'of'the'parameters'''''''''''')'
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(for'fixed''''''''''','this'is'a'func6on'of'x)' (func6on'of'the'parameters'''''''''''')'
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“Batch”(Gradient(Descent(

“Batch”:'Each'step'of'gradient'descent'

uses'all'the'training'examples.'
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Classifica(on+

Email:(Spam(/(Not(Spam?(
Online(Transac&ons:(Fraudulent((Yes(/(No)?(
Tumor:(Malignant(/(Benign(?(

0:(“Nega&ve(Class”((e.g.,(benign(tumor)(
((
1:(“Posi&ve(Class”((e.g.,(malignant(tumor)(
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Tumor(Size(

Threshold(classifier(output(((((((((((((at(0.5:(

If((((((((((((((((((((((((,(predict(“y(=(1”(

If((((((((((((((((((((((((,(predict(“y(=(0”(

Tumor(Size(

Malignant(?(

(Yes)(1(

(No)(0(
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Classifica&on:((((y(((=(((0(((or(((1(

can(be(>(1(or(<(0(

Logis&c(Regression:(
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Sigmoid(func&on(
Logis&c(func&on(

Logis(c+Regression+Model+
Want(

1(

0.5(

0(



Andrew(Ng(

Interpreta(on+of+Hypothesis+Output+

=(es&mated(probability(that(y(=(1(on(input(x((

Tell(pa&ent(that(70%(chance(of(tumor(being(malignant((

Example:((If((

“probability(that(y(=(1,(given(x,(
((parameterized(by((((”(
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Machine(Learning(
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Logis(c+regression+

((Suppose(predict(“((((((((((“(if(

(((((predict(“((((((((((“((if(

z(

1(
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x1(

x2(

Decision+Boundary+

1 2 3

1

2

3

Predict(“((((((((((“(if((
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Non?linear+decision+boundaries+

x1(

x2(

Predict(“((((((((((“(if((

x1(

x2(

1(`1(

`1(

1(
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Training(
set:(

How(to(choose(parameters((((?(

m(examples(
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Cost+func(on+
Linear(regression:(

“non`convex”( “convex”(
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Logis(c+regression+cost+func(on+

If(y(=(1(

1(0(
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Logis(c+regression+cost+func(on+

If(y(=(0(

1(0(



Logis&c(
Regression(
Simplified(cost(func&on(
and(gradient(descent(

Machine(Learning(
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Logis(c+regression+cost+func(on+



Andrew(Ng(

Output((

Logis(c+regression+cost+func(on+

To(fit(parameters((((:((

To(make(a(predic&on(given(new(((:(
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Gradient+Descent+

Want((((((((((((((((((((:(
Repeat(

(simultaneously(update(all((((()(
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Gradient+Descent+

Want((((((((((((((((((((:(

(simultaneously(update(all((((()(

Repeat(

Algorithm(looks(iden&cal(to(linear(regression!(
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Non-linear Classification

x1

x2

size
# bedrooms
# floors
age
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You see this: 

But the camera sees this:

What is this?
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Computer Vision: Car detection

Testing:

What is this?  

Not a carCars



Andrew Ng

Learning 
Algorithm

pixel 1

pixel 2

pixel 1

pixel 2

Raw image

Cars
“Non”-Cars
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pixel 1

pixel 2

Raw image

Cars
“Non”-Cars

Learning 
Algorithm

pixel 1

pixel 2
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pixel 1

pixel 2

Raw image

Cars
“Non”-Cars

50 x 50 pixel images→ 2500 pixels
(7500 if RGB)

pixel 1 intensity

pixel 2 intensity

pixel 2500 intensity

Quadratic features (               ): ≈3 million
features

Learning 
Algorithm

pixel 1

pixel 2
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the brain
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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
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Auditory cortex learns to see

Auditory Cortex

The “one learning algorithm” hypothesis

[Roe et al., 1992]
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Somatosensory cortex learns to see

Somatosensory Cortex

The “one learning algorithm” hypothesis

[Metin & Frost, 1989]

pressure, pain, warm

pressure, pain, warm



Andrew Ng

Seeing with your tongue Human echolocation (sonar)

Haptic belt: Direction sense Implanting a 3rd eye

Sensor representations in the brain

[BrainPort; Welsh & Blasch, 1997; Nagel et al., 2005; Constantine-Paton & Law, 2009]
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Neuron in the brain
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Neurons in the brain

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



Andrew Ng

Neuron model: Logistic unit

Sigmoid (logistic) activation function.
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Neural Network

Layer 3Layer 1 Layer 2
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Neural Network
“activation” of unit    in layer 

matrix of weights controlling 
function mapping from layer    to 
layer

If network has      units in layer    ,           units in layer           , then
will be of dimension                               .



Neural Networks: 
Representation
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Machine Learning
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Add              .

Forward propagation: Vectorized implementation
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Layer 3Layer 1 Layer 2

Neural Network learning its own features
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Layer 3Layer 1 Layer 2

Other network architectures

Layer 4



Neural Networks: 
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Examples and 
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Machine Learning



Andrew Ng

Non-linear classification example: XOR/XNOR
,      are binary (0 or 1).

x1

x2

x1

x2
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Simple example: AND

0 0
0 1
1 0
1 1

1.0
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Example: OR function

0 0
0 1
1 0
1 1

-10

20

20





Neural Networks: 
Representation

Examples and 
intuitions II

Machine Learning
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Negation:

0
1
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Putting it together: 

0 0
0 1
1 0
1 1

-30

20

20

10

-20

-20

-10

20

20
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Neural Network intuition

Layer 3Layer 1 Layer 2 Layer 4
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Handwritten digit classification

[Courtesy of Yann LeCun]
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Handwritten digit classification

[Courtesy of Yann LeCun]
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Neural'Network'(Classifica2on)'

Binary'classifica5on'
''
'
''1'output'unit'
'

Layer'1' Layer'2' Layer'3' Layer'4'

Mul5Bclass'classifica5on'(K'classes)'
'

''K'output'units'
'

total'no.'of'layers'in'network'

no.'of'units'(not'coun5ng'bias'unit)'in'
layer''

pedestrian''car''motorcycle'''truck'

E.g.''''''''''',''''''''''''',''''''''''''''''','
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Cost'func2on'

Logis5c'regression:'
'
'
'
Neural'network:'



Neural'Networks:'
Learning'
Backpropaga5on'
algorithm'

Machine'Learning'



Gradient'computa2on'

Need'code'to'compute:'
B  ''
B  ''



Gradient'computa2on'

Given'one'training'example'(''',''''):'
Forward'propaga5on:'

Layer'1' Layer'2' Layer'3' Layer'4'



Gradient'computa2on:'Backpropaga2on'algorithm'

Intui5on:''''''''''''''“error”'of'node''''in'layer'''.'

Layer'1' Layer'2' Layer'3' Layer'4'

For'each'output'unit'(layer'L'='4)'



Backpropaga2on'algorithm'
Training'set'
Set''''''''''''''''''''(for'all'''''''''').'

For'
Set'
Perform'forward'propaga5on'to'compute'''''''''for'''''''
Using''''''','compute'
Compute''



Neural'Networks:'
Learning'
Backpropaga5on'
intui5on'

Machine'Learning'
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Forward'Propaga2on'
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What'is'backpropaga2on'doing?'

Focusing'on'a'single'example'''''',''''''','the'case'of'1'output'unit,'
and'ignoring'regulariza5on'(''''''''''),'

(Think'of''''''''''''''''''''''''''''''''''''''''''''')''''''
I.e.'how'well'is'the'network'doing'on'example'i?'

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).
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Forward'Propaga2on'

“error”'of'cost'for'''''''''(unit''''in'layer''').''

Formally, ' ''''''''''''''(for'''''''''''),'where''



Neural'Networks:'
Learning'

Pu`ng'it'
together'

Machine'Learning'
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Training'a'neural'network'
Pick'a'network'architecture'(connec5vity'paaern'between'neurons)'

No.'of'input'units:'Dimension'of'features'
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'beaer)'
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Training'a'neural'network'
1.  Randomly'ini5alize'weights'
2.  Implement'forward'propaga5on'to'get'''''''''''''''for'any'''
3.  Implement'code'to'compute'cost'func5on'
4.  Implement'backprop'to'compute'par5al'deriva5ves'
for i = 1:m 

Perform'forward'propaga5on'and'backpropaga5on'using'
example'
(Get'ac5va5ons''''''''and'delta'terms'''''''for '''''''''''').'
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Training'a'neural'network'
5.  Use'gradient'checking'to'compare'''''''''''''''''''computed'using'

backpropaga5on'vs.'using''numerical'es5mate'of'gradient''''''''''
of''''''''''.'
Then'disable'gradient'checking'code.'

6.  Use'gradient'descent'or'advanced'op5miza5on'method'with'
backpropaga5on'to'try'to''minimize''''''''''as'a'func5on'of'
parameters'
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