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~ 3.1 Convolutional Operator

The general form for matrix convolution is
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3.1 Convolutional Operator

These slides are provided by Minhhuy Le, ICSLab, Phenikaa Uni.
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convolution
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3.1 Convolutional Operator

To Extract Edges in an Image
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3.1 Convolutional Operator U
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To Extract Edges in an Image
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Convolutional layer (Conv)

W[4, 4, 3]
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Padding

Size of input data: n X n, Size of filter: f x f
Sizeofoutput: m—f+1)Xx(n—f+1)
Example: 6 —3 + 1 = 4, hence 4 X 4, size is reduced!

Use padding, extra border of 1 all around, (p = 1) gives output of
mM+2p—f+1)xn+2p—f+1) =6 X6 (same as original data size)

These slides are provided by Minhhuy Le, ICSLab, Phenikaa Uni. 10
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Paddin
) “Valid” (nopadding): nxXxn*xfXf->m—-f+1) X
(n—f+1)

6X6*x3X3—->4X%X4
“Same”: Pad so that output size is the same as the input
size

n+2p—f+l=n=p=L"

3
. f=3,p=%=1, or f =5p=2
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3.4 Convolutional layer

Stride

7 X7

These slides are provided by Minhhuy Le, ICSLab, Phenikaa Uni.
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Multiple Filter (Convs)

sk pu—
3x3x3 AX A4
6X6X3 * =
nXnXn.*f XfXxXn, B
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6X6X3 *3X3x%X3 = 4xX4x2(#filters) 3x3x3
4 x4

These slides are provided by Minhhuy Le, ICSLab, Phenikaa Uni. 13



A,

- 3.4 Convolutional layer W,

UNIVERIITY

Multiple Filter (Convs)

alol
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No. Parameters

e |If ¥ou have 10 filters that are 3 x 3 x 3 in one layer of a neural
network, how many parameters does that layer have?

3x3x3 3x3x3 3x3x3

e (3x3x3+1)x10=280 parameters

* No matter how large the input image is, the number of parameters is
fixed to 280 for 10 filters of size 3x 3 x 3.

These slides are provided by Minhhuy Le, ICSLab, Phenikaa Uni. 15



3.4 Convolutional layer

Summary

These slides are provided by Minhhuy Le, ICSLab, Phenikaa Uni.

If layer 1 is a convolution layer:

Activations: all = nli x nlyl x n}J

U = filter size
Weights: flIl x 1l x i 5 nl

1 = paddin
p p .f]l

Bias: n[c

sl = stride

n[cl] = number of filters

Each filter is: f11 x £ x nb ™

Input Size: nl[{l U n‘[/ll, Uxn

Output Size: nL] X n][/l,] X "[c]
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3.4 Max Pooling O
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Hyperparameters
f=2
s=2

No parameters!

These slides are provided by Minhhuy Le, ICSLab, Phenikaa Uni. 18



3.4 Max Pooling @
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Hyperparameters
f=3

s=1 9191 5

v pooing_ 3 IR I e

81619
3X3

Note: For multiple channels, the above max
5 X 5 pooling is done for each channel

Max Pool

>

Filter - (2 x 2)
Stride - (2, 2)

These slides are provided by Minhhuy Le, ICSLab, Phenikaa Uni. 19
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Hyperparameters
f=2
s=2

—

Average Pool

>

Filter - (2 x 2)
Stride - (2, 2)

These slides are provided by Minhhuy Le, ICSLab, Phenikaa Uni. 20



3.4 Global Pooling U
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3.4 Pooling @,
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Hyperparameters
f: filter size
S: stride
Max or average pooling
Usually, p = 0, no padding

ng —f

S

+ 1 ch
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