Machine Perception: CNNs in PyTorch
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Convolution

What is a convolution?
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Convolution

What is a convolution?
A mathematical operations on two functions (or "signals”) f and g that

produces a third function f Ldl

Lo
(f La)(t) = f(T)g(t —T)dT = Ti(g)

—00

® Linear: T (au + Bv) = aT (u) + BT (v)
* Shift-equivariant: (T e shift)(g) = (shift T ) (g)
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Convolution or Cross-Correlation?

Convolution: Cleo

(f La)(t) = f(Tg(t —T)dT

Cross-Correlation:

(f Lgt) = f(Dg(t +1)dT
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Convolution or Cross-Correlation?

Convolution:
KT 1
(F )i, jl = F[m,n] X[i —m,j —n]
m=—k n=—k
Cross-Correlation:
£ FT 1
(F X, j] = Flm, n] X[i + m,j +n]
m=—Kk n=—k
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Convolution or Cross-Correlation?

Cross-correlation:

X11| X12| X13
011 | O42 EinliGo
= = = Correlation | | X21 | X2 | X23
For | F
2 | e Xat|Xaz | Xaa| ? 1272

011 = F14X44 + F12X42 + F24Xp1 + F2oXoo
O42 = F11X12 + F42Xq3 + F21Xo2+ FooXo3
091 = F11X21 + F12Xo2 + F21X31 + F22X32

O2 = F11Xp2 + F12Xp3 + F21X32 + FopX33

DINFK Christian Metzner ~ 2025-03-06 5



Convolution or Cross-Correlation?

Convolution:
X11 | X12| X13
F‘H F12
Convolution | | X21 [ X220 | Xo3
For | F
Xa1|X32 | X33 ) ER

X11 [ X12| X413
F22 F21

Correlation § | X321 | X202 | X23
Fio F
Xa1| X3z | X33 ) il Ml
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Convolution

What is a convolution?
For one dimensional signals:

ke — Input signal f(r)

1.2f —— Impulse response A(r) |7
1o}t — Output signal g(r)

0.8F

ol | ﬂ\ A\ ﬂ\
04 j
0.2f

0.07 é 3 %

Image taken from Medical Imaging Systems: An Introductory Guide
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https://www.ncbi.nlm.nih.gov/books/NBK546153/

Convolution

What is a convolution?
For two dimensional signals:

(mEm
u % 0.0625 x 0.125 x 0.0625

wEa

x0.125 x025 x0.125
EEE)
% 0.0625 x 0.125 x 0.0625.

Kernel:

input image output image

Image source
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https://setosa.io/ev/image-kernels/

Convolution

What is a convolution?
For two dimensional signals:

(m+m+.
] X0 x-l o x0
oo
x-l x5 ox-l
=
X0 x-l x0
=

kernel

shapen V]

input image

output image

Image source
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https://setosa.io/ev/image-kernels/

Convolutional layers

Learning kernels that can extract useful "local features" from the image.

Image source
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https://arxiv.org/pdf/1311.2901.pdf

Convolutional layers

Need to define:
* Filter size
* Number of feature maps
* Padding
® Stride

Dilation factor
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Convolutional layers

N.B: Blue maps are inputs, and cyan maps are outputs.

No padding, no strides  Arbitrary padding, no strides  Half padding, no strides ~ Full padding, no strides

> = ) >
>

No padding, strides Padding, strides Padding, strides (odd) No padding, no stride, dilation

Image source
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https://github.com/vdumoulin/conv_arithmetic

Convolutional layers

Output image size equations:
® Input image size (Cin, Hin, Win)
* Qutput image size (Cout, Hout, Wout)

* Kernel size ky % ko, padding p1 X p», stride s1 X s,, dilation dy %< da
Hout = (Hin +2p1 — di(ks —1) = 1) - s7" + 1

Wout = (Win +2pp — da(kg — 1) — 1) - 55 ' + 1
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Example

LetHin =Win =7, ki =kg=3,p1 =p2=1,51=s2=2,dy =d2 = 1.
Then the output image size is:

1
Hou = Wou = (742> 1=1x(3—=1)=1)-+1=4

Input (7 x 7):

Output (4 x 4):

Visualization source
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https://ezyang.github.io/convolution-visualizer/

Receptive Field

The receptive field of a convolutional layer feature refers to the region in
the input space that has contributed to the feature.

Image source

DINFK Christian Metzner ~ 2025-03-06 15


https://medium.com/mlreview/a-guide-to-receptive-field-arithmetic-for-convolutional-neural-networks-e0f514068807

Receptive Field Example

Increase with depth, stride and dilation.

A BN

Receptive field examples

In depth explanation: article here

DINFK Christian Metzner ~ 2025-03-06 16


https://www.baeldung.com/cs/cnn-receptive-field-size
https://medium.com/mlreview/a-guide-to-receptive-field-arithmetic-for-convolutional-neural-networks-e0f514068807

Backpropagation through convolution and correlation

Can we backpropagate through convolutional layers?
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Backpropagation through convolution and correlation

Can we backpropagate through convolutional layers? Yes!
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Backpropagation through convolution and correlation

Can we backpropagate through convolutional layers? Yes!

Since there is a high similarity between convolution and correlation, we
will derive the backpropagation equations for correlation operation in
this tutorial.
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Backpropagation through convolution and correlation

Can we backpropagate through convolutional layers? Yes!

Since there is a high similarity between convolution and correlation, we
will derive the backpropagation equations for correlation operation in
this tutorial.

Note that the derivation is NOT the same for convolution operation! See
lecture notes for the derivation for convolution operation.
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Backpropagation wrt F for correlation operation

0E  0E 00
OF11 0044 OFy4 T
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Backpropagation wrt F for correlation operation

0E  0E 00i; 0E 00p
OF1 0041 OF * 0042 OF41 T

X1 | Xiz | X43
Oy | 042 Fu | Fi2

X1 | Xz | Xz

Xa1  Xapp Xz
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Backpropagation wrt F for correlation operation

0E 0E 004y OE 002

0E 00

+ ...

= +
OF11 001y OFq4 ¥ 0012 OF1y 00y OFq4

X1 Xz X3
21 | Xz Xz

Xa1 | Xz | Xa3

DINFK

Fu | Fi2
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Backpropagation wrt F for correlation operation

0E  0E 0041 O0E 0052 OE 00 OE 00
OF11 0041 OFy4 ¥ 0012 OF1 ¥ 0021 OF14 * 002 OF14

X1 Xz X3
Oy | 042 Fu | Fi2

X1 | Xz | Xz
021 022 F?" FZZ

Xa1 | Xz | a3
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Backpropagation wrt F for correlation operation

OE _ OF 00 | OE 001 | O 005 | OF 0
dF11 001 0F11 0012 0Fy 0021 OFy 0022 0F1

OE AE 01, JE 3042 JdE 80 JE 02
dF; 001 0Fs 0013 0F3 0031 dF13 005 dF15

OE AE 901, AE 302 dE 00 OE 022
OFy 001 0Fz1 0012 0Fsy 0021 OFn 0022 0F

E dE J0, JE 304, JdE 904 OE 904
OF 0011 0Fs 9012 0Fay = 0021 0F 0022 0Fa
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Backpropagation wrt F for correlation operation
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Backpropagation wrt F for correlation operation

X X X
dFy  dFyz " & b 404 | d0yz

Xo1 | X2 Xz3
dFz1  dFz d0y, | d0gp

Xa1  Xapp Xz

0E _0E
0F 00
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Backpropagation wrt X for correlation operation

O11 = F44Xq1 + Fq2Xq2 + F29Xpq + F2pXp
O12 = F14X42 + F12X43 + F21Xpo+ F22Xo3
O21 = F11X21 + F12Xo2 + F21X31 + F22X32

Og2 = F11Xa2 + F12Xo3 + F21X32 + F22X33

0E OE 0044 0E 0042 OE 00y OE 00y
0X11 004 0Xq1 0012 0X11 | 001 0X11 00z %41
6_E=0_EF 0E 0 O0E 0 0E
0Xq1 004y * 0012 * 0051 ¥ 005,

0

DINFK Christian Metzner ~ 2025-03-06 25



Backpropagation wrt X for correlation operation
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Backpropagation wrt X for correlation operation

DINFK
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Backpropagation equations for correlation operation

We just derived the backpropagation equations for the correlation

operation:
JE OE
oF ~ 30
JE OE
X ~ a0

See lecture notes for the derivation for convolution operation!
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Building blocks of a CNN

* Convolutional Layers
* Pooling Layers

* Dense Layers
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Pooling Layer

Single depth slice
% 1(1(2|4
AR s E\I
* No parameters (no learning here) SIEIEIET [ |
1|2
* Dimension reduction —
224x224x64
L4 i i 112x112x64
Regularisation oo
® Location information lost |
* Max-pool (right), Avg-pool | I
224 downsampling 112
12
224
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Dense Layer

* Aggregate information
* Mapping convolutional features to desired output

* High number of parameters

CNN Dense
layers layeris

Lower level 5 Higher level

corners etc.)
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VGG16

224 x224x3 224 x224x64

7Tx7xb12
1x1x4096 1x1x1000

=) convolution+ReLU
) max pooling
fully nected+ReLU
softmax

Original paper
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https://arxiv.org/pdf/1409.1556.pdf



https://arxiv.org/abs/1512.03385

