Multilayer Perceptron Neural Network
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Neural networks
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FIGURE 6.1 Architectural graph of a multilayer perceptron with two hidden layers.
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* input layer: input nodes = input or independent variables x
e output layer: output node = output or dependent variable vy
« hidden layer: hidden nodes =? h
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e (bio) Action potential, nonlinearity, threshold,
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Example - Using fat & salt content to

predict consumer acceptance of cheese
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Figure 11.2: Neural network for the tiny example. Circles represent nodes, w; ; on arrows
are weights, and ¢; are node bias values.
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Example - Data

Obs.  Fat Score  Salt Score  Acceptance
I 0.2 0.9 1
2 0.1 0.1 0
3 0.2 0.4 0
4 0.2 0.5 0
3 0.4 0.5 1
6 0.3 0.8 |
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Function g7?
g(x) = 1/(1+exp(-x))
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Function g7

e g(x) = 1/(1+exp(-k*x))
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Figure 11.3: Computing node outputs (in boldface type) using the first observation in the
tiny example and a logistic function.
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Figure 11.3: Computing node outputs (in boldface type) using the first observation in the
tiny example and a logistic function.

-







4 N

B A8 2] 7}5A nonlinear separability

s OR =X
o “/131 Decision Boundary”
e 1= perceptron S £ 22| 7t

OR Furction OB Funetion
L] [ ] '@ ]
)
m\ gt | \
L ] L ] o[ .
[T [] =TTl ™ 1
®o=1
1l ]
2 '.';;l\'-\- IIII' /"'_\"
LS ’—‘%H —_— —_—
A ) l:'j'
w3 S > o=q
5} -1 etheru
nnnnnnnn
[A perceptron]




4 N

B A8 E2]7}5A nonlinear separability

* OR =X
o “/131 Decision Boundary”
e 1= perceptron S £ 22| 7t
e How? Give w’s

OR Function ¥R Function
L ] L L] ]
i e
m\ " \
ML ) [ ) ol [
[] =TTl ™ 1

nnnnnnnn




g N

B A8 2] 7}54 nonlinear separability

» XOR =X
e 1= perceptron 22 £2| €7t
e 1969 “Perceptron” by Minsky
o 0§21 7H2| 15 perceptron L2+ 22| 75!




e

H]

X 3

|

™~

28] 7F5A nonlinear separability

e XOR =X

e How? Stacking!




Stacked “2-layer perceptron”
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