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Neural network layer
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Neural network layer
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Neural network layer
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Neural network layer
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More complex neural network
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More complex neural network
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More complex neural network
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Inference: making predictions
(forward propagation)
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Handwritten digit recognition
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Handwritten digit recognition
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Handwritten digit recognition

Forward propagation
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Speculation on artificial
general intelligence (AGI)
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Al

ANI

(artificial
narrow
intelligence)

e.g.) smart speaker,

self-driving car, web

search, Al in farming
and factories

AGI

(artificial
narrow
intelligence)

Do anything a
human can do
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Neural network and the brain

Simplified
Biological neuron mathematical model
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Can we mimic the human brain ?

1. Machine learning is too simple
2. We don’t know how the brain workrs
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The “one learning algorithm™ hypothesis
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Auditory cortex  Somatosensory cortex
One brain cortex can learn other sense as well

5 -16- TheMAd



Sensor representations in the brain

We don’t know if it is possible in machine learning

Haptlc belt Dlrectlon sense Implanting a 3 eye
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Activation function
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Demand prediction example
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Examples of activation functions
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“No activation function”
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Output layer

output layer ?
f® =} = g(z}h) !
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Regression Binary classification Regression
Linear activation function Sigmoid RelLU
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Hidden layer

Ol ..(0]..

e f(x) X Choosing g(z) for
3] hidden layer ?
fxX) = a1 = g(zy)

Classical Most common
Sigmoid = a](w b) -0 RelLU
Flat 324 %
~

When g(z) is flat
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Choosing activation summary

Binary classification
Activation = ‘sigmoid’

O
alll O al?! al = f@) Regression (y: -/+)
: B . . > . . cu= ’
x ' O Activation = ‘linear
O

Regression (y: 0/+)
Activation = ‘relu’

ReLU for hidden layers

Typical coding

from tf.keras.layers import Dense

model = Sequential([ __— layerl

Dense(units=25, activation=‘relu’),

Dense(units=15, activation=‘relu’), — layer2

Dense(units=1, activation=‘sigmoid’)
1)

’ > layer3 = output layer

There are another activation functions: ‘Reacky ReLU’, “Tanh’, ‘Softmax’
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Why do we need activation functions ?

Price =N Price
Affordability
O,
Shipping cost Awareness Shipping cost W, b
a
- , O _,_, VS — — f@® =W-%+b
marketing 9 L marketing
material O Quality material
\ |
If all 9(2)is linear - -+ no different than
linear regression
o We can't solve complicated cases
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Linear example
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Again. same linear regression
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Example

g

00 - OO0

(2) =2 (2) = —
g\z) = 9 = f e
a3l = wl3l. g2l 4 pl3l a3l = 1
1 1 1 + e (—’[3 2]+b[3])
All linear (including output) Output : sigmoid (hidden : all linear)
—~ Equivalent to linear regression —~ Equivalent to logistic regression

Don't use linear activation in hidden layers (use Rel.U)
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