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Why Convolutional Neural Networks (CNNs)?

Number of parameters
per unit depends on the
number of input features

. ‘ A CNN uses a fixed
number of parameters,

(2484, 4410, 3)

e.g., 27+1, per unit
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Padding

Same convolution means

padding is used and output is

same shape as input
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CO nvo[ution Valid convolution means no
padding is used and output is

stride smaller shape than input
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Hyperparameters

Commonly used value

Filter (kernel) size 3x3

E—
Stride 1 1
Valid or Valid

same (padding?) (padding=0) nris Bk




CNN

9 parameters
for W (or f)
per unit

Convolutional Layer
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Features at Different Layers
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Edge Detection
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Vertical Edge Detection
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Horizontal Edge Detection
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C N N Convolutional Layer
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Convolutional Layer
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Convolutional Layer
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Convolutional Layer
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Convolutional Layer
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Training

Convolutional Layer
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Neural Network Layers
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¢ Fully connected (dense)
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* Convolutional
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¢ Max pooling
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Output has half the height
and half the width of input
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