Convolutional neural networks
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Many slides from Rob Fergus, Andrej Karpathy



Convolutional networ

ks: Outline

« Basic convolutional
« Variants: 1x1 convo
* Max pooling

* Receptive fields

« Qutput layers

ayer

utions, depthwise convolutions



Let’'s design a neural network for images

Multi-layer perceptron (MLP)

hidden layer 1 hidden layer 2 hidden layer 3

input layer

/

image Fully connected
layer



Let’'s design a neural network for images

Multi-layer perceptron (MLP)

hidden layer 1 hidden layer 2 hidden layer 3

input layer

- L!h‘a 1‘*1\;.}», I
= LT Recall: MLP as
bank of whole-

image templates

/

image Fully connected | o
layer Anything wrong with this?



Convolutional architecture

« Let’s limit the receptive fields of
units, tile them over the input image,
and share their weights

image



Convolutional architecture

« Let’s limit the receptive fields of
units, tile them over the input image,
and share their weights

image



Convolutional architecture

feature map

learned
weights « Let’s limit the receptive fields of
— units, tile them over the input image,
q \:E and share their weights
~ I R

« This is equivalent to sliding the
learned filter over the image,
computing dot products at every
location

image



Convolution example

Input

X14 X15 X16
X24 X25 X26
X34 X35 X36
Xa1 X42 X43 X44 X5 X46
Xs51 Xs52 Xs53 Xs54 Xs5 Xs6

Adapted from D. Fouhey and J. Johnson

Filter

Output


https://web.eecs.umich.edu/~justincj/slides/eecs442/WI2021/442_WI2021_filtering.pdf
https://web.eecs.umich.edu/~justincj/slides/eecs442/WI2021/442_WI2021_filtering.pdf
https://web.eecs.umich.edu/~justincj/slides/eecs442/WI2021/442_WI2021_filtering.pdf

Convolution example

Input

X14

X15
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X34

X35

X36 *
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X46
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Xs54

Xs5

Xs6

Adapted from D. Fouhey and J. Johnson

Y11 = X11°

Wi +Xqp

Filter

W12 + x13 * W13 +

T X33 ° W33
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Convolution example

X41

Input

X15

X16

X25

X26

X35

X36 *

X45

X46

Xs51

Xs52

Xs53

Xs54

Xs5

Xs6

Adapted from D. Fouhey and J. Johnson

Y12 = X12°

Wi + X3¢

Filter

W12 + x14 * W13 +

T X34 ° W33
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Convolution example

Input

X11

X12

X21

X22

X31

X32

X41

X42

X46

Xs51

Xs52

Xs53

Xs54

Xs5

Xs6

Adapted from D. Fouhey and J. Johnson

Y13 = X13° W11 + Xq4°

Filter

W12 + x15 * W13 +

T X35 ° W33


https://web.eecs.umich.edu/~justincj/slides/eecs442/WI2021/442_WI2021_filtering.pdf
https://web.eecs.umich.edu/~justincj/slides/eecs442/WI2021/442_WI2021_filtering.pdf
https://web.eecs.umich.edu/~justincj/slides/eecs442/WI2021/442_WI2021_filtering.pdf

Convolution example

Input

X11

X12

X13

X21

X22

X23

X31

X32

X33

X41

X42

X43

X44

X45

X46

Xs51

Xs52

Xs53

Xs54

Xs5

Xs6

Y14 = X14° W11 + Xg5°

Adapted from D. Fouhey and J. Johnson

Filter

W12 + x16 * W13 +

T X36° W33
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Convolution example

Input

X14

X15

X16

X24

X25

X26

X34

X35

X36 *

X44

X45

X46

Xs54

Xs5

Xs6

Y21 = X1

Adapted from D. Fouhey and J. Johnson

Wi + X

Filter

W12 + x23 * W13 +

T X43 ° W33
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Convolution example

Input

X15

X16

X25

X26

X35

X36 *

X45

X46

Xs5

Xs6

Yo = X2

Adapted from D. Fouhey and J. Johnson

Wi + X3

Filter

W12 + x24 * W13 +

T X44° W33
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Convolution example

Input

X11

X12

X21

X22

X31

X32

X41

X42

Xs51

Xs52

Y23 = X3° W11 + Xog -

Adapted from D. Fouhey and J. Johnson

Filter

W12 + x25 * W13 +

T X45° W33



https://web.eecs.umich.edu/~justincj/slides/eecs442/WI2021/442_WI2021_filtering.pdf
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Convolution example

Input

X11 X12 X13 X14 X15 X16
X21 X22 X23 X24 X25 X26
X31 X32 X33 X34 X35 X36
Xa1 X42 X43 Xa4 X5 X46
Xs51 Xs52 Xs53 Xs54 Xs5 Xs6

Adapted from D. Fouhey and J. Johnson

Filter

Y11 Yi2 Vi3 Via
Y21 Y22 Y23 Y24
Y31 Y32 Y33 Y3a
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Convolutional architecture

feature map (channel)

Padding and stride determine

learned the sliding pattern, size of output
weights feature map
T
N \\E Output
R a——
Input

im
age No padding, stride 1

Animation source



https://github.com/vdumoulin/conv_arithmetic
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Input
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https://github.com/vdumoulin/conv_arithmetic

Convolutional architecture

feature map (channel)

Padding and stride determine
learned the sliding pattern, size of output
weights feature map

\ \\
~_ I I A

image

With padding, stride 2



Convolutional architecture

feature map (channel)

Padding and stride determine
learned the sliding pattern, size of output
weights feature map

— [/ | | |
Y \\E With padding, spatial
T | resolution remains the

same if stride of 1 is used,
is reduced by factor of 1/S
if stride of S is used

image



Convolutional architecture

feature map (channel)

learned
weights

\ _\\
~_ I

image



Convolutional architecture

another channel

another
set of

learned
weights
\\




Convolutional architecture

K channels

K filters

Learned filters can be thought
of as local templates



Convolutional architecture

K channels

Almost always directly
followed by a ReLU (or

: similar activation function)
K filters

-

max (0, )

image convolutional layer



Three-dimensional convolutions

« What if the input to a convolutional layer is a stack of K
feature maps?

K channels One output channel

FXFXK \\E
filter —




Three-dimensional convolutions

« What if the input to a convolutional layer is a stack of K
feature maps?

K channels L output channels
\
\\
FxFxK | | | ) 7y
filter —

L filters




Convolutional layer example

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3)
X[:,:,0] wO[:,:,0] wl[:,:,0]
ofloffoJo o o o o flo -1 10
o [fo ]t 2 2 0 1 |[-1]-1 i B B
ofl2fo]r o 2 o 1|1 ]o i) Bl B
0O 0 0 1 1 2 0 wO[:,:,1] wl[:,:,1]
0102 200 0 JLpT] o
@l 20 [ 20l 0 Lo S E
=~ . =1 0 [[o ]fo il BB B
1] wl[:,+,2] wl[:,:,2]
oofolo o 0 o
oo [t ) D AE R E
0 e;]iléo 0 71'9"1 Y =
S (20 1L | Bias po’(1x1x1) Bias bl (I1x1x1)
01 0 0,0 0 bOf%,:,0] bl[:,:,0]
0 0 21 1 0
0 0 0 0 o
:,:,2]
0 o|0 0 00
off1]2 L2 o
2 o 0O 1 0 Strlde - 2
01 1 2 100
01 0210 0
0 0 0 2 0
000000 0 Animation: http://cs231n.github.io/convolutional-networks/#conv



http://cs231n.github.io/convolutional-networks/
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Convolutional layer example

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3)
X[:,:,0] wO[:,:,0]
offofoJo o o o o0 [lo 1
o o |1 ol 23 B 1 [-1]-1
ofl2flo]t o 2 o 1|1 [[o
000 1 1 20 wO[:,:,1]
0102 200 0 JlLjeT)
olli2 11121 0 110
0 0 0 0 0 0jojo
1] wl[:,+,2]
oJojoJo o 0
o o |t 3 2 L
0 e;]iléo 0 71'9"1 g
S (20 1L | Bias po’(1x1x1)
0O 1 0 00 O bQ{:,:,0]
0 0 21 1
0 0 0 0 o
:,:,2]
oo 0 00
offt ]2 L2 o
2 o 0 1 0 Strlde - 2
01 12 100
01 0 2 100
0 0 0 2 0
0000 00O

Filter W1 (3x3x3)
wl[:,:,0]
-1 1 0

Bias bl (I1x1x1)
bl[:,:,0]
0

Animation: http://cs231n.github.io/convolutional-networks/#conv

Output Volume (3x3x2)
o[:,:,0]

6 2 8
6 10 -2
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Convolutional layer. Computational cost

K input channels L output channels
FXFxK \\ﬁ
filter
L filters

« Assuming the input feature maps have spatial resolution HxW, how
many operations are needed to compute the output feature volume?
« F?KLHW



Convolutional networks: QOutline

« Basic convolutional layer
« Variants: 1x1 convolutions, depthwise convolutions




1x1 convolutional layer

K input channels L output channels

\\
FXFXK iiii;fﬁ
filter

L filters

What if we make F = 17



1x1 convolutional layer

K input channels

L output channels

A\ N

1xX1xK filter

L filters

What if we make F = 17




Why 1x1 convolutions?

« Option 1: 3x3 conv layer with 256 channels at input and
output
« 256X%X256%x3%x3 =~ 600,000 weights and operations (per location)

 Option 2: “bottleneck module”
1x1 conv layer, 256 — 64 channels

3x3 conv layer, 64 — 64 channels
1x1 conv layer, 64 — 256 channels

e 256%X64%x1x1 = 16,000

e 64X64%x3%X3 = 36,000

e 64X%X256x1x1 = 16,000

« Total = 70,000 weights and operations



Alternative to 3D convolutions: Depthwise convolutions

K input channels K output channels
K FXF \\\\:i
filters B

F?2KHW instead of F2K?HW operations

Usually followed by a 1D convolution

(K? operations) to mix values across
channels



Example: MobileNets

« Depthwise separable convolution block:
3x3 conv layer, 256 - 256 channels
1x1 conv layer, K — K channels
« 9x%x256 = 2,300 operations (per location)
« 256X%X256 = 65,500 operations
« Total = 67,800 operations

 Regular 3x3 conv layer, 256 - 256 channels
e 9X256X%256 =~ 590,000 operations

« Speedup factor: 8.7 (approaches 9 as K increases)

A. Howard et al., MobileNets: Efficient Convolutional Neural Networks for Mobile Vision Applications, arXiv 2017



https://arxiv.org/pdf/1704.04861.pdf

More generally: Groupwise convolutions

G input feature groups G output feature groups

—
I —
—
—_—
/ﬂ
I

» Split up the K feature maps into G groups, perform convolutions within each
group separately, concatenate the results



Convolutional networks: QOutline

« Basic convolutional layer
« Variants: 1x1 convolutions, depthwise convolutions
* Max pooling




Max pooling layer

K channels,
K channels resolution 1/S
| max
\\\\\ value

F X F pooling
window, stride S
Usually: F =2o0r3,5 =2



Max pooling: Example

Single channel

1112 | 4

Max pooling with 2x2
516 |78 kernel size and stride 2
312|110
112 |3 |4

Source: J. Johnson


https://web.eecs.umich.edu/~justincj/slides/eecs498/WI2022/598_WI2022_lecture07.pdf

Max pooling: Example

Single channel

1112 | 4

Max pooling with 2x2
5|16 | 7|8 kernel size and stride 2
312|110
112 |3 | 4

Source: J. Johnson


https://web.eecs.umich.edu/~justincj/slides/eecs498/WI2022/598_WI2022_lecture07.pdf

Max pooling: Example

Single channel

Max pooling with 2x2
kernel size and stride 2

11112 ] 4
5|6 |7 |8
312|110
1123 | 4

Source: J. Johnson


https://web.eecs.umich.edu/~justincj/slides/eecs498/WI2022/598_WI2022_lecture07.pdf

Max pooling layer

K feature maps,

K feature maps resolution 1/S
s e N I
F X F pooling Backward pass: upstream
window, stride S gradient is passed back only to

Usually: F =2o0r3,5 =2 the unit with max value



Convolutional networks: QOutline

« Basic convolutional layer

« Variants: 1x1 convolutions, depthwise convolutions
* Max pooling

* Receptive fields




Receptive fields

Convolution Pooling Convolution Pooling

1
1

=...0

« The receptive field of a unit is the region of an earlier input
feature map whose values contribute to the response of that unit



Receptive fields

3x3 convolutions, stride 1

Input Output

Receptive field size: 3



Receptive fields

3x3 convolutions, stride 1

Input Output

Receptive field size: 5



Receptive fields

3x3 convolutions, stride 1

Output

L]
------

L[]

——

—|—

Receptive field size: 7

Each successive convolution adds F - 1 to the receptive field size
With L layers the receptive field sizeis 1 + L * (F- 1)



Receptive fields

3x3 convolutions, stride 2

Input Output

Receptive field size: 3



Receptive fields

3x3 convolutions, stride 2

Input Output

L1
~~~~
-y
oy
o
-_y
L =m = R B
i
—l—_—




Receptive fields

3x3 convolutions, stride 2

Input Output

-y
—_—
L=
-:D
-t
——
ﬂ"—

Receptive field size: 7

With a stride of 2, receptive field size is given by 21 — 1, i.e., it grows
exponentially (though spatial resolution decreases exponentially)



Convolutional networks: QOutline

« Basic convolutional layer

« Variants: 1x1 convolutions, depthwise convolutions
* Max pooling

* Receptive fields

« Qutput layers




Classification head: Fully connected layers, softmax

Convolution Pooling Convolution Pooling

=...0

Stem/
backbone



Classification head: Fully connected layers, softmax

Convolution Pooling Convolution Pooling Fully Fully Output Predictions
Connected Connected

cat (0.04)

boat (0.94)
bird (0.02)
L "0
. A J
Y Y
Stem/ Prediction

backbone head



