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Feature scaling
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Feature and parameter values

—

price = wyx; + wox, + b x1: size (feet?) X5: # bedrooms
range: 300 - 2,000 range: 0 - 5

size # bedrooms
large small

House: x;= 2,000, x,=5, price = $500k

Size of the parameters w,, w, 777

W1=50, W2=0.], b=50, W1=0.l, W2=50, b=50,
small large
price =50%2,000+0.1*5 + 50 price =0.1x2,000 + 50 * 5 + 50
price = $100,050.5k price = $500k  More reasonable
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Feature size and parameter size
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Feature size and gradient descent
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Feature scaling
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Mean normalization

4 Features
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Z-score normalization
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Feature scaling

Aim for about —1 < x; < 1for each feature x;

—3 < x]- <3
Acceptable ranges

—-0.3<x;<0.3

0<x1<3 Okay. no rescaling
—2<x,<0.5 Okay. no rescaling

—100 < x3 <100 Too large - rescale

—0.001 < x, <0.001 Too large = rescale

98.6 < x; < 105  Too large > rescale

2 -9- TheMAd



Checking gradient descent
For convergence
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Gradient descent
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Gradient descent

Make sure gradient descent is working correctly

Objective: rgigll(W, b) J(w, b) should
w,

J(w, b)

decrease after
every iteration

A
Learning curve
J(w, b) after 100 iteration
/ J(w, b) after 200 iteration
J(w, b) likely converged
by 400 iteration
\
a
-t

0O 100 200 300 400
# of iteration

Automatic convergence test
Let ¢“epsilon” be 1073

If J(W,b) decrease by < ¢ in
one iteration,
Declare convergence,
(found parameters w, b to get
close to global minimum)

# iteration needed varies
- 30, 1,000, 100,000
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Gradient descent

Identify problem with gradient descent Debugging needed
—~a Or
]§ a is too large a is too large
= wrong

wy = wy + adq

correct
. . > . . > wi = wy — ady
# of iteration # of iteration
Adjust learning rate
J(w) JW)  Witha  small enough «,
~ ) « is too large 3 J(w, b) should
= = decrease on every
~ \ iteration
/ If ais too small,
\ Gradient descent
takes a lot of iteration
to converge
! w
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Gradient descent

Values of a to try:

o B = 4
g WH g a too small
- = a too big
a=0.01 a just right
L
# of iteration # of iteration
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Feature engineering
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Feature engineering

fwb (X) = wixi+wy x, + b

! \

Frontage Depth

Area = frontage * depth

X3 = X1 X2 New feature

fv_v’,b(f) =wix;+wyx; +wyxz+b

Feature engineering: using intuition to desigh new features,
by transforming or combining original features
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Polynomial regression
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Polynomial regression

— (X)) = wix+twox? +wax3+b
Wb 1 2 3

I

size size? size?
(1-103) (1-106) (1—109)

Price y

« Feature scaling

fwp@) =wix+wyx® +b
\

)

_I >

Size x
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Choice of feature

7p(X) = wixtwy/x + b

I

size \VSize

Price y

What features to use ?

Size x
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Neural network
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Neural networks

Origin: Algorithms that try to mimic the brain

Used in 1980°s and early 1990’s

- Handwriting recognition (postal code, check)

Resurgence from around 2005.

- Deep learning
—> Speech 2 Images 2 text (NLP) - ..

/

Weather estimation, Chaos theory, Black hole,

Materials development, Drug discovery, Auto pilot
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Neurons in brain

|hPU'|' Neuron 1

Output
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Simplified model

Biological neuron

Cell body Nucleus
[ |
’,/'
Input Axon
Dendrites
-

Output

Simplified
mathematical model
of a neuron

Output
00
2 — —_—

heuron

OO0]

heurons
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Why now ?

And with the faster
compu'l'er processors Large neural network

Medium neural network

Small neural network

Performance

Traditional Al
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Demand prediction

sigmoid

Top seller
(yes or no)

X = price  input

a=f(x)= 1+ o—(wxt) output

activation

heuron

—_— —_—
price Probability of

being top seller
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Demand prediction

Layer Layer Layer

Price —

— Affordability

Shipping cost

Probability

Awareness — of being a

marketing top seller
material > Quality

4 numbers 3 numbers 1 number
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Demand prediction

Input layer

Price —

Hidden layer Output layer

“Activation”

Shipping cost

marketing

—

material

4 numbers

O

O O

Affordability

Probability
Awareness ——— @ of being a
top seller

Quality

3 numbers 1 number
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Demand prediction

Input layer Hidden layer Output layer

“Activation”

Price =—

O

Affordability

Shipping cost

Probability
( ) Awareness ———— @ of being a
marketing top seller
material — O Quality
e/
4 numbers 3 numbers 1 number

Automatically figures out which one is more important
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Demand prediction

X(x,y)
Input layer

Price

Shipping cost

marketing

material

4 numbers

—

a a
Hidden layer Output layer
“Activation”
—
Affordabilit
O Y Probability
of being a
top seller
x(x,y) a
—_— O Awareness — @ —
O Quality
—
3 numbers 1 number
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Demand prediction

Price

Shipping cost

marketing

material

X(x,y)

Input layer
4 numbers

xX(x,y)

Area = frontage * depth

X3 = X1 X

Feature engineering

“Activation”
)
O Affordability
Probability
of being a
top seller
a a
O Awareness ——— —
O Quality
—
a a
Hidden layer Output layer
S numbers 1 number
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Multiple hidden layers
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layer layer 2nd
Hidden
layer

Multilayer perceptron
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Recognizing images
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Face recognition

1,000 pixels
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Face recognition

|al

(OO : OO]

-

a Probability of

. — being person

O
O,

QlsA = PLE
N el |
NEEANIRAE

“jane doe”

Activations are higher level of features
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