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Topics

▪ Regression models in graphs

▪ Perceptron

▪ Shallow Neural Networks (SNN)

▪ Deep Neural Networks (DNN) 
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Regression Models in Graphs
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Regression Models in Graphs

X1

1

Σ a

w0

w1
ො𝑦X1

1

Σ a

w0

w1
ො𝑦

Input values
Weights

Net sum

Activation function

Input values
Weights

Net sum

Activation function



INDIANA UNIVERSITY BLOOMINGTON

What are the Outputs?
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What are the Outputs?
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Perceptron

X1

1

Σ a

w0

w1
ො𝑦

X1

1

Σ a

w0

w1
ො𝑦

X2 w2

X2

1

Σ a

w0

w2
ො𝑦

Xk

wk

X1

.

.

.

Input values

Weights

Net sum

Activation function

w1

X2

1

Σ a

w0

w2

ො𝑦

X4

w4

X1

w1

X3

w3



INDIANA UNIVERSITY BLOOMINGTON

Activation Functions
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What are the Outputs? 
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What are the Outputs? 
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Deep Neural Network (DNN)
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Perceptron for Linearly Separable Cases
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Not Linearly Separable Classification Problem

▪ Adding feature                 to make a dataset linearly separable

▪ SVM Kernels: Polynomial kernel, RBF kernel 
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Not Linearly Separable Classification Problem
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Not Linearly Separable Classification Problem
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Not Linearly Separable Classification Problem
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Shallow Neural Network (SNN)

▪ SNN is a perceptron that takes perceptron outputs as inputs

– SNN has one hidden layer

▪ Universal approximation theorem

– SNN can approximate any continuous function
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Perceptron vs. Shallow Neural Networks
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More Complex Example
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More Complex Example
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More Complex Example
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Deep Neural Networks (DNN)
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▪ DNN is a NN with many hidden layers 

▪ DNN often outperforms SNN
Input Layer Output Layer
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Perceptron vs. SNN vs. DNN
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More Complex Example with DNN
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SSN vs. DNN
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DNN Learns Hierarchical Features

Reference: https://ermongroup.github.io/blog/hierarchy/
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