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Non-linear Classification
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Computer Vision: Car detection

What is this?
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Learning
Algorithm

pixel 2
R 50 x 50 pixel images—> 2500 pixels
sixel 2 - N + 4 n =2500 (7500 if RGB)
- + _ _
- o pixel 1 intensity
- E o pixel 2 intensity
- T .
- " - S pixel 2500 intensity
+ Cars pixel 1 Quadratic features (x; X x;): =3 million
- “Non”-Cars features
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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



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 o L

T0 0o

RS | os

T = .51:2 0 = 0,

(o) o5 s,

@ —> h@(ﬂ?)
(5

Sigmoid (logistic) activation function.
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Neural Network () e e _
/= “activation” of unit ¢ in layer 3

o —> holw) ©U) — matrix of weights controlling
N function mapping from layer j to
layer 7 + 1
agQ) = 9(@%%0 + @( )391 + 9512)332 + 653)51,‘3)
as?) = g(©%) zo + 0511 + 05525 + O3 x3)
a:(az) = 9(9:(),0) To + 9( )3:'1 + @;(),12):132 + @L-(o)g).’l?g)
h@(ﬂ?) 53) _ 9(9(2) (2) + @(2) (2) + @ (2) 4 @(2) ))

If network has s; units in layer 7, s;+1 unitsin layer 57 + 1, then©U)
will be of dimension s;41 X (s; +1).
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Forward propagation: Vectorized implementation

o - )"
a2 0 “1
o —> he(z) €r = 11 2(2) — 2552)
T2 e
@ _333_ | ~3

2(2) — @My
al? = g0 2o + 0z, + 02, + 02s) a® = g(z?)
aé2) _ g(@)( ) 0+ @21 r1 + 922 To + @23 T3) (2)
af) = g(0%) zo + O z1 + O5y w5 + 65 ) Add ay” = 1.
2,2 | 9@ NOIWNCONG V=62
. 2 2 2 2 2 2 2
he(x) = g(03, + 033 — @ + 0, ) h@ (.GE) _ a(S) _ g(z(?)))
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Neural Network learning its own features
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Other network architectures

Andrew Ng






Neural Networks:
Representation

Examples and
Intuitions |

Machine Learning



Non-linear classification example: XOR/XNOR
r1, 2 are binary (0 or 1).

AN A O X
X() X OQ O X X
2 x, | OO0 O X XX
X O

xxx © 50

X o— X
X4 X OOO
Yy =T XORCL‘Q >x1
x1 XNOR x5
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Simple example: AND

T1,T2 € {071}
y =x1 AND x5

©
©
O

—_ h@ (:C)

10T

\ 4

L1 i) h@(iﬁ)
0 0
0) 1
1 0
1 1
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Example: OR function

1 T2 he(z)
0 0
0 1
1 0
1 1
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r1 AND o 1 OR 9

Negation:

L1 he (:Z?)
—> ho () 0
(=1 1

he(x) = g(10 — 20x1) (NOT z1) AND (NOT =z2)
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Putting it together: 1 XNOR x5

GHOG

30

20

in) AND To

h@ (:E)

)

(NOT 1) AND (NOT »)

e 10
(=) hole) ()
()

€I ()R

CLEQ) aéQ)

h@ (SE)

i)

he(x)

L1 X2
O O
0O 1
1 O
1 1
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Neural Network intuition
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Handwritten digit classification
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[Courtesy of Yann LeCun] Andrew Ng



Handwritten digit classification
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[Courtesy of Yann LeCun] Andrew Ng
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Multiple output units: One-vs-all.

4
SBORL he(z) € R
V203
1 0 0
Want heg(x) ~ [8], he(x) ~ [(1}] , heo(x) = [(1}], etc.
0 0 0
when pedestrian when car when motorcycle

Andrew Ng



Multiple output units: One-vs-all.

(N3 N
IS
R ® A‘#ﬁ@:“ém,

SO s
S R BRG
N2AEX S

1

Want he(z) ~ [3] ho () ~ [E] ho () ~ [@] etc.

0 0 0
when pedestrian when car when motorcycle

Training set: (z(M,yM), (2, y@), .. (z(™), y(m))

_ 1 0 0 0
0 0 0 1

pedestrian car motorcycle truck

he (33) c R4
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Neural Network (Classification)
(2, y W), (2@, y?),.. (@, ylm))}

[, = total no. of layers in network
S; = no. of units (not counting bias unit) in
layer [
Layer 1 Layer 2 Layer 3 Layer 4
Binary classification Multi-class classification (K classes)
K 1 0 0 0
el 1 [ |
0 0 0 1
pedestrian car motorcycle truck
1 output unit K output units
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Cost function

Logistic regression:

A mn
+5-20;

j=1

1 | . . . .
J(0) =~ LZ;W log hy () + (1= ) log(1 — o (')

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

m K
0) = —% [Z 3"y log(he (zD)), + (1 -y log(1 — (h@wm)]
1i=1 k=1
L—1 s; Si+1

L S IS

111131

Andrew Ng



Andrew Ng



Neural Networks:
Learning

Gradient
descent

Machine Learning



Have some function J(6p, 61)

Want min J(Qo, 91)
00,01

Outline:
* Start with some 6y, 64
* Keep changing 6o, 01 toreduce J(6y,61)

until we hopefully end up at a minimum

Andrew Ng
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Gradient descent algorithm

repeat until convergence {

0
Qj — Qj — QMJ(HO,Ql) (f()r j — (0 and j — 1)
J
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Gradient computation

m K
1 7 i 7 2
0) = —— |33y tog hp(a )i + (1 ") log(1 — ha(2)y)

i=1 k=1
L—1 s; Si+1
LTSy ey
(L
inJ(©
min (©)

Need code to compute:
- J(O)

L (©)
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Backpropagation algorithm
Training set {(zM),y(M), ..., (z(™) 4y (™))}

set A =0 (forall 1,4, ).
For : =1tom
Set alt) = 2()
Perform forward propagation to compute a'¥) for 1 =2,3,...,L
Using y(¥), compute §(1) = q(L) — 4()
Compute §(E—1 §(E=2) . §5(2)
() . A (1) ¢(1+1)
Aij = Az-j + a; 0;
DW= L A 1ol if j£0 0 (1)
J T m g ij HJ =J(0) =D,
DY = LAl if j =0 i
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Initial value of ©

For gradient descent and advanced optimization

method, need initial value for O.
optTheta = fminunc (@costFunction,
initialTheta, options)

Consider gradient descent
Set initialTheta = zeros(n,1l) ?

Andrew Ng



Zero initialization

Q\ +1 - @g-) = 0 for all ¢, 7, (.
e‘v a?)> o

After each update, parameters corresponding to inputs going into each of
two hidden units are identical.

Andrew Ng



Random initialization: Symmetry breaking

Initialize each @( ) to a random value in —e€, €]
(i.e. €<:@U)<:)

E.g.
Thetal = rand(10,11)* (2*INIT EPSILON)
- INIT EPSILON;
Theta2 = rand(l,11)* (2*INIT EPSILON)

- INIT EPSILON;

Andrew Ng
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Training a neural network

Pick a network architecture (connectivity pattern between neurons)

9 > O
AR
Nz O %‘(’)’5 O %
e e
2 S 2R
N

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 better)

Andrew Ng



Training a neural network
1. Randomly initialize weights
2. Implement forward propagation to get hg(z(?)for any z(¥
3. Implement code to compute cost function J(©)
4. Implement backprop to compute partial derivatives %%J(@)
for i = 1:m
Perform forward propagation and backpropagation using
example (z®,y()
(Get activations () and delta terms ¢(Wfor 1 =2,... ,L).

Andrew Ng



Training a neural network

5. Use gradient checking to compare %@J(Q) computed using
backpropagation vs. using numerical estimate of gradient
of J(O).
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 ©

Andrew Ng
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Neural Networks:
Learning

Backpropagation
example: Autonomous
driving
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[Courtesy of Dean Pomerleau] Andrew Ng



[Courtesy of Dean Pomerleau]
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Autoencoders (and sparsity)

Input Features Output

Input Features
Andrew Ng



Sparse autoencoders

‘ﬂlﬂ"lﬂ'iﬂ_

AL m=_ A0,
u.mzmv.rrlz
ELNT ANE 7R

Features
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Unsupervised Feature Learning/Self-taught learning

dq
d;
—> P(y=0| x)
d3
+1

Input Logistic
(features) classifier

Input Features
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Unsupervised pre-training + Fine-tuning

> —> Ply=0]x)

Input Features Logistic

classifier
Andrew Ng



Andrew Ng



Machine Learning

Neural Networks:
Feature Learning

Deep
Learning

Andrew Ng



Unsupervised pre-training + Fine-tuning

—> Ply=0x)
—> Ply=11x)

—3 Py =2 | x)

HEE®

Input Softmax
(Features Il) classifier

Input Features Il Output
(Features I)
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—> P(y=0]x)

—> Ply=1]x)

—> P(y=2|x)

OO

PTYYYT

Input Softmax
(Features Il) classifier

Input Features Il QOutput
(Features 1)

=3
=
s
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8
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s
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s
S
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—> Ply=0| x)

N "':"’4

Y
Al A

]
LR : —> Ply=1]¥)

—_—> Ply=2|x)

Input Features | Features Il Softmax
classifier
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