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Practical Machine Learning

Dr. Suyong Eum

Lecture 7
Neural Networks
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Reinforcement 
Learning

Supervised 
Learning

Unsupervised 
Learning

 LCR (week2)
 SVM (week5)
 CNN (week8)
 RNN (week10)

 GMM (week3)
 HMM (week4)
 PCA (week6)
 VAE (week12)
 GAN (week12)

 DQN (week14)
 PG (week14)

Where we are
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You are going to learn

 Terminology for neural networks
 Its basic operation with a multi-layer perceptron model (MLP)
 How to train a neural network

- Backpropagation
- An example of backpropagation
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A bio-inspired approach

synapse
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jiw :   weight on a link at layer (   ) between node i and j 

 Two types of layers:
- Nodes: Input/Hidden/Output layer
- Links: Hidden/Output layer

 In general, a standard L-layer neural 
network consists of 
- an input layer, 

- (L-1) hidden layers, 

- an output layer.

Terminology in neural networks

Input 
layer

Hidden 
Layers

Output 
Layer
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Role of hidden layers

(0,1) (1,1)

(0,0) (1,0)

XOR problem
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Role of hidden layers: a simple example

NAND gate
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Role of hidden layers: a simple example

NAND gate
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Role of hidden layers: a simple example
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28

28

Credit card approval

Digit recognition

income
gender
age
job

. . . 

Example structures of neural networks
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A neural network model

Input 
layer

Hidden 
Layers

Output 
Layer
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A neural network model: bias and weight

0
)1(
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bias

bias
10 =x

weight

 Fully connected vs Partially connected

 Bias and weight initialization
- Xarvier (2010) / He (2015)
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A neural network model: activation function
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https://en.wikipedia.org/wiki/Activation_function

 Vanishing gradient problem

 Convergence speed (6 times fater) [http://www.cs.toronto.edu/~fritz/absps/imagenet.pdf]
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A neural network model: cross entropy with softmax

0
)2(

1,02
)2(

1,21
)2(

1,1 zwzwzw ++0
)1(
1,02

)1(
1,21

)1(
1,1 xwxwxw ++

Sigmoid

0.00669

0.26894

0.73106

0.99331

output

-5

-1

1

5

Softmax

0.00004

0.00243

0.01794

0.97959

Normalization

0.00334

0.13447

0.36553

0.49666

020621.0)log(t-y)(
i

i == ∑ iyH

Label

0

0

0

1

cat

dog

bird

frog

y

t



15

Operation
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Overview of the operation

forwarding

backwarding

Label (t)Input data (X) output data (Y)

Error (E)
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Backpropagation: a toy example

-2

5

3

-10
5==

∂
∂

∂
∂

=
∂
∂ x

w
g

g
f

w
f

bgf +=

wxg =

-7 f=3

1=
∂
∂
b
f

Error=10
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 How to update variables which you are interested?

i
oldnew w

fWW
∂
∂

+= η

5.151.02 −=×+−=newW

b
fbb oldnew ∂
∂

+= η

1.311.03 =×+=newb



18

g

f
X

+

w

x

b

Backpropagation: a toy example
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Backpropagation in a neuron
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Backpropagation in a neuron

Error 
function

Linear summation 
function

Activation 
function
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Backpropagation in the next layer

Linear summation 
function

Activation 
function
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Backpropagation example
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Backpropagation algorithm - Backwarding

)1(
1,1)(1)(1

)(1
)1(

1,1

)(1 )w()w(
w

E
z
E

z
z

w
z

ouputinput

ouputinput

∂
∂

=
∂
∂

×
∂

∂
×

∂

∂



35

Backpropagation algorithm - Backwarding
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Backpropagation algorithm - Backwarding
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Backpropagation algorithm - Backwarding
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Backpropagation algorithm - Backwarding
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Backpropagation algorithm - Backwarding
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Backpropagation algorithm - Backwarding

)(1 inputy )(1 ouputy)(1 inputz )(1 ouputz

)(11
1

)(1 inputyouput e
y −+

=
)(11

1
)(1 inputzouput e

z −+
=

)1(
1,1w

)1(
1,1)(1)(1

)(1

)(1

)(1
)1(

1,1

)(1 )w()w(
w

E
y
E

y
y

z
z

w
z

outputinput

output

input

ouputinput

∂
∂

=
∂
∂

×
∂

∂
×

∂

∂
×

∂

∂

)1(
1,02

)1(
1,21

)1(
1,1)(1 wxwxwz input ++= )2(

1,02
)2(

1,21
)2(

1,1)(1 wzwzwy input ++=
)w(E



41

Vanishing gradient problem
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