Introduction to CNN

Weihao Qiu



Introduction to CNN
Agenda



Introduction to CNN
Agenda

How do we recognize digit? How does the CNN?
Convolutions for feature extraction
Convolutional Neural Network (CNN)

Terminology
CNN explainer



How do we recognize the digit?




How do we recognize the digit?

By summarized patterns from experience




How do we recognize the digit?

By summarized patterns from experience

Patterns: the features shared by all samples of one digit




How do we recognize the digit?

By summarized patterns from experience

Patterns: the features shared by all samples of one digit




How do we recognize the digit?

By summarized patterns from experience

Patterns: the features shared by all samples of one digit




How do we recognize the digit?

By summarized patterns from experience

Patterns: the features shared by all samples of one digit




How do we recognize the digit?

By summarized patterns from experience

Patterns: the features shared by all samples of one digit




How do we recognize the digit?

By summarized patterns from experience

Patterns: the features shared by all samples of one digit




How do we recognize the digit?

By summarized patterns from experience

Patterns: the features shared by all samples of one digit

“O!! _ a “Circle”




How do we recognize the digit?

By summarized patterns from experience

Patterns: the features shared by all samples of one digit

“O!! _ a “Circle!!
“1” — a “close-to-vertical line”




How do we recognize the digit?

By summarized patterns from experience
Patterns: the features shared by all samples of one digit
“O!! _ a “Circle!!

“1” — a “close-to-vertical line”
“9” — a “circle” + a “close-to-vertical line”




How do we recognize the digit?

By summarized patterns from experience

Patterns: the features shared by all samples of one digit

“0” — a “circle”

“1” — a “close-to-vertical line”

“9” — a “circle” + a “close-to-vertical line”
“5” — two reversed “corners”




How do we recognize the digit?

By summarized patterns from experience

Patterns: the features shared by all samples of one digit

“0” — a “circle”

“1” — a “close-to-vertical line”

“9” — a “circle” + a “close-to-vertical line”

“5” — two reversed “corners”

“3” — the “connection between up and bottom”




How do we recognize the digit?

By summarized patterns from experience

Patterns: the features shared by all samples of one digit

“0” — a|“circle”

“1” — a“close-to-vertical line”

“9” — a “circle” + a “close-to-vertical line”

“5” — two reversed “corners”

“3” — the “connection between up and bottom”




How do we recognize the digit?

By summarized patterns from experience

Patterns: the features shared by all samples of one digit

“0” — a|“circle”

“1” — a“close-to-vertical line”

“9” — a “circle” + a “close-to-vertical line”

“5” — two reversed “corners”

“3” — the “connection between up and bottom”




Input Image
(28x28 pixels)

Convolutional Neural Network

0
1
2
3
4
5
§)
(D
8
9







Input Layer




Input Layer

Patterns

feature 1

feature 2

feature 3



Input Layer

Patterns

feature 1

feature 2

feature 3



Input Layer

Patterns

feature 1

feature 2

feature 3



Input Layer

Patterns

feature 1

feature 2

feature 3



Input Layer

Patterns

feature 1

‘

feature 2

feature 3



Input Layer

Patterns

feature 1

‘

feature 2

feature 3



Input Layer

Patterns

feature 1

‘

feature 2

feature 3



Input Layer

Patterns

feature 1

‘

feature 2

feature 3



Input Layer

Patterns

feature 1

‘

feature 2

feature 3

Itisa“7”



Neural Network is an algorithm used to recognize patterns in data.
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Extract image features -> find feature patterns for each category
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Training CNN
Adjust the weights according to the recognition performance
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Adjust the weights according to the recognition performance
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Other operations

max pooling
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Pooled Feature Map
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Pooling Layer (reduce the resolution) Flatten Layer (Convert 2D data to 1D for neural nets)
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