Recitation 9

CNN: Basics and Backprop



What is an image?

A visual representation




What is an image? : For a computer!

A-visual representation. A Matrix I of dimensions (M,N) with I[i] [j]

intensity(pixel (i, j))
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What is an image?

I - (3,M,N
(3,M,N) Width: 4 Units
(Pixels)

I[c]l[1][]]

Intensity at pixel(i,]j) for channel c

3 Colour Channels

Height: 4 Units
(Pixels)

Each image is made up of a set of
channels. Each channel comprises of
several pixels

3 for a colored image, 2 for B&W.

The number of channels you encounter could
even increase!



MLP
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Vector to Vector




CNN

Feature map to Feature map




MLP Vs. CNN
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Vector to Vector Feature map to Feature map




Building Blocks of a CNN

e Convolution Layer
e Pooling Layer

Hyperparameters

Filter/Kernel size
Stride

# of filters, # of layers
Pooling size & type
Padding Type



Convolution

wise (Hadamard) multiplications and summations

Essentially element

Kernel -w

Input-a




Convolution

Essentially element-wise (Hadamard) multiplications and summations

Kernel-w Bias-B




Convolution

Essentially element-wise (Hadamard) multiplications and summations
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Convolution

Essentially element-wise (Hadamard) multiplications and summations
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21,3 (A1,3 Wl,l) + (A1,4 Wl,z) + (A2,3 Wz,l) + (A2,4 Wz,z)




Convolution

Essentially element-wise (Hadamard) multiplications and summations




Convolution

Essentially element-wise (Hadamard) multiplications and summations




Convolution

Essentially element-wise (Hadamard) multiplications and summations




Convolution

Essentially element-wise (Hadamard) multiplications and summations




Convolution

Essentially element-wise (Hadamard) multiplications and summations




Convolution

Essentially element-wise (Hadamard) multiplications and summations




Output Size

1.1 1,2 13
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Output Size

2y Zio | Zis
2y Zyo | Zas
z z Z

3,1

3,2

Output Width =
[(W, - W _+ 2P) // (8)] +1

Same goes for Height.




Output Size

Zi1 | L2 | Zis Output Width =
(W, - W _+ 2P) // (S)] +
— 2, Zys Zy5 1
Zor | Foa | Zas P: Padding (here - 0)

S: Stride (here - 1)




Convolution Neural Networks
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Stride

Taking bigger steps!



Stride = 1

What we did before - The kernel “moves” one pixel (or element) at a time.




Stride = 2

Start at the same place




Stride = 2

Move two elements to the right
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Stride = 2

Move two elements down.




Stride = 2

Move two elements to the right.




Interpreting Stride > 1

Input Image Kernel Bias
9 | 9| 7 2 -9 I 3 =
2 | 5|6 =) | 2 | 5|6 | R
-7 | 9 |-10 -7 | 9 |-10

Stride 1 output Drop intermediates Stride 2 output




Padding



Padding




Padding

Increase output size
Preserve input size

More Kernel Interactions!



Padding




Padding




Padding




Multi-channel CNN

vvy




Multi-channel CNN

e [Kach kernel (or filter) has as many channels as the input does.

[kernel channels = Input channels]

e C(Channel c of the kernel convolves with channel ¢ (corresponding) of the input.

e The number of output channels from the convolution = number of filters

=

Kernel

Input

3 maps

Add all maps




1 Filter with 3-channel input

Add Z

through s

channels
) Z2,1 22,2 Z2,3
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3 channel input Kernel 3 almost-output 1 output map
maps




2 Filters with 3-channel input

3 channel input

2 Kernels 2 output maps




Pooling

e Usually follows convolutions

e Introduces Jitter Invariance

e Reduces memory footprint by reducing the feature-map size
e Max, Mean, Min

e Pooling preserves number of channels



Pooling

2x2 Max Pool
Stride=2




Pooling

2x2 Mean Pool
Stride=2




Kernel Size

Kernel Size: 5

Convolution

Kernel Size: 3

Convolutions




Backpropagation: Chain Rule Refresher

X=-2
=3
+ 3 4
y=>5
f=-12
>_
z=-4

All visual credits to: https://pavisj.medium.com/convolutions-and-backpropagations-46026a8f5d2c




Backpropagation: Chain Rule Refresher

X =-2
B s
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Backpropagation: Chain Rule Refresher

O

dq aq s ?

— =1 — =1 z :

Ox dy ox
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dq ) 5 Oy

Using chain rule:
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Backpropagation: Chain Rule Refresher
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Backpropagation: Chain Rule in Convolutional Layer
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Backpropagation: Chain Rule in Convolutional Layer

VL Z ;
a— & a— are local gradients

ox 0Oy

6_[_ Is the loss from the previous layer which
0z has to be backpropagated to other layers




Backpropagation: Chain Rule in Convolutional Layer

On | Op
Oy | Op
Output O

= Convolution

\

X11 X12 X13
X21 X22 X23
X31 X32 X33

Input X
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Filter F




*This slide contains an animation, so it might not show up in the pdf file

Backpropagation: Chain Rule in Convolutional Layer

X
Xll X12 X13
X X X
S e X1F 1 | XoFp X3
X31 X32 X33
Input X
XoiFp | Xooby, X3
(39
Fli F12
X X X
31 32 33
F21 I:22 N
Filter F
Opp = XyFqq + XppFpp + X50F + X0k, 0 90

== arelocal gradients

% OF

a_L is the loss from the previous layer which
0z has to be backpropagated to other layers




Backpropagation: Finding Gradients for X and F

This is used to
aL
update Filter F .
using learning rate « d0

...................................

Since X is the output of the
previous layer,
dL/0X becomes the loss gradient
for the previous layer




Backpropagation: Finding dL/dF

Step 1: Finding the local gradient - 90/0F

Opp = XyFqq v Xpob, + X B + X50F,

Finding derivatives with respectto F , E, , Fzz and Fzz

Wy o Wy e Wy o Ma g
aF s OF B aF | OF T g
11 12 21 22

Similarly, we can find the local gradients for O,, , O, and O,,



Backpropagation: Finding dL/dF

Step 2: Using the Chain rule

aL = a—L * 6_0

oF a0  oF “
C;radient to g Local
update Filter F Loss Gradient Gradients

from previous

layer
For every element of F
oL _ ~x oL 90,
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Backpropagation: Finding dL/dF

Step 2: Using the Chain rule

OL = (i * 6_0
oF a0  oF “
Gradient to 3 Local
update Filter F Loss Gradient Gradients
from previous
layer
For every element of F

oL - aL a0,

i —

oOF ~ 430 " GF,

%*Xu

a0

i17:
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a0

11

a_L*X21
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Backpropagation: Finding dL/dF

dL/dF is nothing but the convolution between Input X and Loss Gradient from
the next layer dL/00

ﬂ % Xll X12 X13 ﬂ a_L
al_;l aFl_Z C 1 a011 a012
= Convolution X X X
% % 21 22 23 a_L a_L
)
alél 652 X31 X32 X33 a021 a022
where
Xy | X | Xg3 oL aL
a0, a0, Loss gradient
Xa | Xz | X5 | =InputX = 9~ from previous
oL oL 90 Jayer
Xo | Xap | Xg3 a021 a022




Backpropagation: Finding dL/d0 | |~ .

Step 1: Finding the local gradient - d0/9X

0= Xybyy + X,E, + XuE + X, B

111

Differentiating with respectto X |, X, , X,; and X,

00, 90, 0 20,
6X11 e 6X12 = 6X21 )
Similarly, we can find local gradients for 0,,, 0,, and O,




Backpropagation: Finding dL/0d0

Step 2: Using the Chain rule

For every element of X,

oL o, ol a0

k
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_aL

X11 X12 X13
Ou | On Fu | Fpo
= Convolution X | Xy | Xpg
On | O For | Fop
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Output O Filter F
Input X
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-a—L- * F22 + % * F21
90, 20,
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Backpropagation: dL/dX as a ‘Full Convolution’

Step 1: Rotate the Filter F by 180 degrees - flipping it first vertically and then horizontally

11

12 Fo F2
Fi, Fy )
F F By B

21 22




*This slide contains an animation, so it might not show up in the pdf file

Backpropagation: dL/dX as a ‘Full Convolution’

Step 2: Full convolution between flipped filter F and d/d0
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Backpropagation: Conclusion

Backpropagation in a Convolutional Layer of a CNN

Finding the gradients:

% = Convolution (lnpu’r X, Loss gradien’r% )

a0

oL L Full ( 180°rotated Loss 0L )
0X Convolution Filter F ' Gradient 90



