CNN: Basics and Backprop

Instructors:

e Syed
e Miya

e Denis 17th Feb 2024



What is an image?

A visual representation




What is an image? : For a computer!

A-visualrepresentation. A Matrix I of dimensions (M,N)with I[1] [j]
intensity (pixel(i,7]))
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What is an image?

I - (3MN) Width: 4 Units
(Pi;(els)

I[c][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, 1 for B&W.

The number of channels you encounter could
even increase!



A CNN is a specialized neural network which employs convolutional and pooling
layers to extract features and hierarchical patterns automatically from the input. It's

widely used in tasks like image recognition and object detection due to its ability to
learn and recognize complex visual patterns.
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Vector to Vector

MLP Vs. CNN

Feature map to Feature map



Building Blocks of a CNN

Main Building blocks

e Convolution Layer
e Pooling Layer

Others(can also be found in MLP)

e Activation Layer
e Normalization Layer(LayerNorm, etc)
Batch Normalization (BatchNorm)



Building Blocks of a CNN

Hyperparameters
Conv layer:
e Filter/kernel size
o Stride
o # offilters,
e Padding

Pooling layer:

o Pooling type & size(pool size)
e Stride

# of layers



Convolutional Layer(Conv layer)

Convolutional layers are the core components of CNNs. They apply convolution
operations using learnable filters (kernels) to the input data. These filters slide
across the input to detect patterns, edges, and features.



Kernel/Filter size

The size of the convolutional kernels (filters) determines the spatial extent over
which the convolution operation is applied. Common kernel sizes are 3x3, 5xb, or
7X7.



Stride

The stride specifies the step size at which the convolutional kernel/filter is moved
across the input data. A larger stride reduces the spatial dimensions of the output
feature maps.

Taking bigger steps!



Padding in Convolutional Neural Networks (CNNSs) is a technique used to control
the spatial dimensions of the output feature maps produced by convolutional
layers. It involves adding extra rows and columns of zeros (or other values) around
the input data before applying the convolution operation



Gonvolution

Essentially element-wise (Hadamard) multiplications and summations(Dot product)

Input -2 Kernel -w
0 0 0o o PEEEENE
0 0 0o o PEENENE
0 0 0 o FEEEENE 110 |1
0 0 0 o FEENENE
0 0 0 o FEENENE * -2 %
0 0 0 0 FEEEENE -1 10 (1
0 0 0o o PEENENE
0 0 0 o FEEEENE

Here the stride is 1



Convolution

Essentially element-wise (Hadamard) multiplications and summations

Stride =1
Input - A Kernel -w Bias-B
A1’1 A1’2 A1’3 A1’4
A2’1 Az,z A2’3 A2’4 W“ W1v2
A | AL | AL | AL * Wor | Wap + . pm— %11
Ay | A, | Ay | AL
Z1,1— (A1,1*W1,1) + (A1,2*W1,2) + (A2,1*W2,1) +(A2,2*W

2,2)

-

B



Convolution

Essentially element-wise (Hadamard) multiplications and summations

Stride =1

A1,1 A1,2 A1 3 A1,4
A2,1 A2,2 A2,3 A2,4 W1,1 W1 2
caE——
* + caE— Z1,1 Z1 2
A A A A W. W,

3.1 3,2 3.3 3.4 2,1 2,2

N
I

(Al,2*wl,l) + (A1,3*W1,2) + (A2,2*W2,1) + (A2,3*W + B

2,2)



Convolution

Essentially element-wise (Hadamard) multiplications and summations

Stride =1
Al A1,2 A1,3 Aa
A2,1 Az,z A2,3 A2,4 Wi, | W,
o= Z z z
S +B = EEE
3,1 3,2 3,3 3.4 W,, | W,
A4,1 A4,2 A4,3 A4,4

Z = (A1,3*W1,1) + (A1,4*W1,2) + (A2,3*W2,1) + (A2,4*W2,2) + B



Essentially element-wise (Hadamard) multiplications and summations

4,1

4,2

4,3

A Ag | As | A
Ay Aoz | Pos | Ao
As Az | Ass | Asy
A A A A

4.4

Stride =1
W1 A W‘I 2
W2,1 W2,2

1,3




Essentially element-wise (Hadamard) multiplications and summations

41

Ay Az | As | A
Ay Az | Pos | A
As Asy | Pas | Asa
A A A A

Stride =1
W1,1 W1,2
W2,1 W2,2

1,3




Essentially element-wise (Hadamard) multiplications and summations

41

Ay Az | As | A
Ay Az | Pas | A
As Asy | Pas | Asa
A A A A

Stride =1
W1,1 W1,2
W2,1 W2,2

1,3

2,3




Essentially element-wise (Hadamard) multiplications and summations

41

Ay Az | As | A
Ay Az | Pas | A
As4 Asy | Pas | Asg
A A A A

Stride =1

1.1

2,1

2y Zio | Zis
2y 2o | Zas
4




Essentially element-wise (Hadamard) multiplications and summations

A1,1 A1 2 A1,3 A1,4
A2,1 A2,2 A2,3 A2,4
A3,1 A3,2 A3,3 A3,4
A4,1 A4,2 A4,3 A4,4

Stride =1
W1,1 W1,2
W2,1 W2,2

Z1 ol Z1 2 Z1 3
Z2,1 Z2,2 Z2,3
Z3,1 Z3,2




Essentially element-wise (Hadamard) multiplications and summations

A1,1 A1 2 A1,3 A1,4
A2,1 A2,2 A2,3 A2,4
A3,1 A3,2 A3,3 A3,4
A4,1 A4,2 A4,3 A4,4

Stride =1
W1 1 W1 2
W2,1 W2,2

Z1 ol Z1 2 Z1 3
Z2,1 Z2,2 Z2,3
Z3,1 Z3,2 Z3,3







Arq Az | As | As
Az A | Pog | Ao
Az Ase | Pss | Asa
Ass Ay | Pug | Aua

1.1 1,2 1.3
Z2,1 Z2,2 22,3
Z3,1 Z3,2 Z3,3

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

Same goes for Height.



11 12 13 14
Ziy | Zia | Zis Output Width =
Ror | Aoz | Paa | Aaa [(W, - W _+ 2P) // (8)] +
— 2y 2z Zy3 1
At | Asp | Ags | Agy
A | A | AL | A Zor | %z | % P: Padding (here - 0)

4.4 S: Stride (here - 1)




Gonvolution Neural Networks

(e]e]ele)

Convolution
Layer

Kernels

—‘ )

Activation
Function

J9A®T [RUOIIN[OAUO() WOIJ S[duuLyd nding



Stride =1

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

1.1

A1,1 A1 2 A1,3 A1,4
A2,1 A2,2 A2,3 A2,4
A3,1 A3,2 A3,3 A3,4
A4,1 A4,2 A4,3 A4,4

2,1

1.1 1,2 13
Z2,1 Z2,2 Z2,3
Z3,1 Z3,2 Z3,3




Stride =2

Start at the same place

Ay Ay A1,3 Aa
A A A A W w
2,1 27 23 2.4 11 1,2 —— z,,
A3,1 As,z A3,3 A3,4 W2,1 W2,2
A4,1 A4,2 A4,3 A4,4

Z1,1= (A1,1*W1,1) + (A1,2*W1,2) + (A2,1*W2,1) + (Az,z*wz,z) + B



Stride =2

Move two elements to the right

(A1,3*W1,1) + (A1,4*W1,2) + (A2,3*W2,1) + (A2

As s Az Ars Arg

As Az Azs Azs Wi | Wiz
*

Az Az Ass Ass Wai | W,

Asi A2 Ass Asa

+ B

4

*W, 2) + B



Stride =2

Move two elements down.

1.1

A1,1 A1 2 A1,3 A1,4
A2,1 A2,2 A2,3 A2,4
A3,1 A3,2 A3,3 A3,4
A4,1 A4,2 A4,3 A4,4

2,1




Stride =2

Move two elements to the right.

1.1

Ars Az Ass Ara
Az Asz Az Az
Az Az Ass Ass
As A2 Ass Asa

2,1




Interpreting Stride > 1

9 | 9| 7
2 5 6
-7 | 9 |-10

Stride 1 output

A w
0|2(-3[2(-3
2|-2|-2(-1]-2 110 |-2
3(-3[2(-2(1 b 3 1(1] +
3|-2|1(-3|1 U@
o|-1{of2(-3
Input Image Kernel
5x5 3x3
9 -9 7
> |2 | 5|6
-7 9 |-10

Drop intermediates

Will learn more in HW2

Think about how it is related to
Upsampling( and Downsampling.

Stride 2 output




AM ALZ AI,J A!,l
Az Az Asa A
A Asz Asa A
A, A A A,
A, A, A, A
Az Az

Az Az Asa Asa
AA,I AA.? Ao‘s A‘A

WM W1 2

WN WZ‘Z
Wi.! W1.z
WZ.! WZ.Z

ZI.! Z| 12 Z1 3
Z % Zs
Zss Zs2 Zs




Padding

Increase output size
Preserve input size

More Kernel Interactions!



Padding =1
W1,1 W1,2
W2,1 W2,2

Z Zio | Lis | Zia
Z, Zys | Loz | Zoa
Zy Zy, | Lz | Zag
Z, Zio | iz | Zag




Padding

Padding =1




Padding




Multi-channel CNIN

Input channels CNN/Conv Output channels
layer

vvy B




Multi-channel GNIN

e Each kernel (or filter) has as many channels as the input does.
[kernel channels = Input channels]

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

e The number of output channels from the convolution = number of filters(kernels) applied to the input.

=

Kernel

Add all maps

3 maps

Input



1 Filter with 3-channel input

3 channel input

Kernel/filter

e
|

3 almost-output
maps

Add
through
channels

—)

Z1 A Z1 2 Z1 3
Z2,1 Z2.2 22,3
Z3,1 23.2 Z3,3
1 output map




2 Filters with 3-channel input

3 channel input

2 Kernels 2 output maps



Pooling Layer

A pooling layer in a Convolutional Neural Network (CNN) is a fundamental
component used to downsample the spatial dimensions of the feature maps

produced by convolutional layers. Pooling layers are responsible for reducing the
size of the feature maps while retaining the most important information.

e Max-pooling and average-pooling are common pooling operations.
e Introduces Jitter Invariance

e Reduces memory footprint by reducing the feature-map size



2x2 Max Pool
Stride=2

—




2x2 Mean/average Pool

Stride=2

—




Backpropagation in GNN
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Loss gradient from
the next layer



Loss gradient from
the next layer



. This is used to
X update Filter F
oL using learning rate a




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



















% “Eye Glasses”

“Vision Result” «.




[13 Eyes’7

% “Eye Glasses”

Convolution

OC

003

F21

P

22

Filter F

On | O
O | O
Output O




Convolution

Yy O

Xll X12 X13
X21 X22 X23
X31 X32 X33

Input X

F 11 F 12
F 21 F 22
Filter F

On | O
O | O
Output O




\ A=,

1 | X2 | X3
X X
21 22 23 )(111: 1 X12F12 Xl 3
31 | Xap | Xa3 Oll 012
Input X
® X21F21 X22F22 X23 e) e)
21 22
Fyy | Foo o o
F F X3 1 X3 2 X33 Utp -
21 22

Filter F



oL | oL
a0, | a0,
oL | a
a0, | a0,




Loss gradient

: OL from previous
a0 layer
oL | oL
a0, a0,
oL | oL
a0, a0,




Loss gradient

- oL from previous
a0 layer

oL | aL

a0, a0,

oL | oL

a0, a0,




Loss gradient
- oL from previous

layer
oL | o oL | o
o | % 0, | %,
-
oL | aL oL | oL
oF, oF, a0, a0,




Loss gradient

- oL from previous
a0 layer
oL | oL oL | oL
oF, oF, a0, a0,
-
oL | oL oL | aL
aF, oF, a0, a0,




For every element of F

ol _ fa
oF  ~a0, aF

s .<. ___________
() L oL Loss gradient
: from previous
C )0 90 layer

oL | oL oL | oL

oF, oF, a0, a0,

-
oL | oL oL | aL
aFZl 652 a021 a022




For every element of F

oL | oL
of, | 95
oL | oL
oF oF

oL | oL
a011 a012
= Convolution
oL | oL
) a0 a0,

21




For every element of F

= Convolution

A
aL | oL
? 00, | 00,
. aL | oL
7| 00, | 00,




For every element of F

A
. I'd
Hint:
Oy = XyFg + XpoFpp + X50F, + XpoF, oL oL aL
o | o, > a0
a0 a0 00 a0 = Convolution
— = 11 —* - 12 — - 21_11=X22"' oL oL ° oL
0F 0F, 0F,, 0F,, 6[;1 652 ) a0




For every element of F

A
. I'd
Hint:
Oy = XyFg + XpoFpp + X50F, + XpoF, oL oL aL
o | o, a0
a0 a0 00 a0 = Convolution
—11=X11 —11=X12 —11=X21 —11=X22"' ﬂ % %
0F 0F, 0F,, 0F,, 6[;1 652 ) a0




For every element of F

A
. I'd
Hint:
Oy = XyFyy + XpoF, + X0y + X50F, ™ oL oL Xn | X | X5 oL
o | o, a0
%= % =X % =X % = X e L aL = Convolution X21 xzz X23 i
0F » 0F, o 0F,, % 0F,, - aF aF ) a0,
. % X31 x32 X33




= Convolution

oL | oL
a011. a012
oL | oL
a0, a0,

21







oL | oL
0, | a0,
oL | oL
a0 a0,

21




gL 00 oL

oX X 90

aL

oL |l oL
a)<21 aXZZ a)<23
oL | oL oL
X oX oX

31

33

oL | oL
a0, | a0,
oL | oL
a0 a0,

21




For every element of X.

oL 4, dL a0

0X, 1500, OX

o | o
i 1 | a0 a0
oL oL oL w | %%
a L — ao* a L ale aXzz aX23 - oL aL
aX aX a 0 aL aL aL 00, a0,
6X3 1 6X32 6X33




For every element of X.

oL 4, dL a0

— o k
/

oL | o

' ' a0 a0
aL aL aL _ Full 1 12

a L _ a 0 i a L 37(21 5(22 a_)(23 ~ Convolution oL aL
aX aX a 0 aL aL aL 00, a0,

X,  oX, dX,




For every element of X.

oL 4, dL a0

— == e W c—

X, |~ a0, oX

/

7 N\
I 1 1f | ’a—L %
B e (8 | i ’? a0, | a0,
a L _ ao* a L 67(21 5(22 5(23 ~ Convolution ° ! aL aL
oX 0X a0 oL AL L | 4
a)<31 aX32 aX33




Hint: Oy = XyFyy + XpoF, + X0y + X50F, ™
6011:F 6011_F OOH_F a0, .

X, 0K, 0Ky 0K,

gL 00 oL

)y

For every element of X,

oL 4, dL

S —— -_— _*

X, |< 80,

a0
0X

/

oX X 90

r N\
aL
X, oL [ a
aL | aL ‘ aL 7 _ Full ? 90, a0,
X, = oxX, X, ~ Convolution ° ! oL oL
oL | oL | aL a0, | a0,
X oX X,

31




Hint: Oy = XyFyy + XpoF, + X0y + X50F, ™

o, oo, a0, 2

— 2 =F, —2=E —=F
a)(11 " a)(12 Y aXZl - a)(22

)y

two important things to consider!

For every element of X,

oL

4, dL

a0

gL 90 oL o | ol

O /
>
A
\
aL F
‘ oX 5 aL aL

aL - Full ? a011 a0,
R | 09X, Convolution ® ! aL aL

aL a0, a0,

oxX GX*OO oL | oL

oX oX

31 32

X,




For every element of X,

M
oL oL a0,
_ = p— S —
two important things to consider! 0X. - aok oX.
1 = 1
- eyeglasses analogy 7
- spatial dimension
A
4 \
oL oL oL F
aXu aXlZ aX13 aL aL
aL oL aL | _  Full ? 00, | 00,
5(21 5(22 5(23 ~ Convolution ° ! Al 3l
oL oL o 0, | %,
a)<31 a)<32 a)<33




For every element of X,

M
oL oL d0
— o k
two important things to consider! 0X. - aok oX.
1 = 1
- eyeglasses analogy ]
A
\
oL oL oL F
aXu aXlZ axw aL aL
aL oL aL | _  Full ? 00, | 00,
67(21 5(22 5(23 ~ Convolution ° ! Al 3l
oL oL o 0, | %,
a)<31 aXBZ a)<33




For every element of X,

M
oL oL a0
" v k
two important things to consider! B
- eyeglasses analogy /
A
A\
aL | oL F
X, K, X, C ol | oL
aL aL aL _ Full ﬂ a0,, a0,
67(21 5(22 5(23 ~ Convolution ! = ai
oL oL o 0, | %,
X, X, = oX,




For every element of X,

oL 4, dL

a0

_ % k
two important things to consider! 0X. - aok oX.
1 = 1
- eyeglasses analogy ]
A
r N\
l
aL oL AL :
aXu aXlZ axxs aL aL
| Fa2 Fa1 0N N
aL oL oL | _ Pl ’ a0, | 90,
aX, X, X, |  Convolution P T | o
% % a_L F12 Fll %21 %22
a)<31 aXBZ a)<33




two important things to consider!

- spatial dimension

oL oL oL
X, | X, 0X,
oL oL oL
X, X, oX,
oL oL oL
X, = oX, ox,

Full

~ Convolution

oL | aL

F2 Fa1 aou 6012
; oL | oL

12 Fy d0,, aozz




two important things to consider!

spatial dimension

Zero padding with (row
length -1) and (column
length -1)

oL oL oL
aXl 1 aXl 2 | aXl 3
oL oL oL
aXZ 1 a)<Z 2 axl:l
oL | oL oL
X oX oX

31

32

33

Full

= Convolution

oL | oL |
a011 6012 :
aL | oL i
a0, 6022 !

oL | aL
F2 Fa1 aou 6012
; oL | oL
12 Fy d0,, a0,




two important things to consider!

spatial dimension

Zero padding with (row
length -1) and (column
length -1)

oL | oL | oL
X, | X, 0X,
oL | oL | oL
ax, = ox, ox,
oL | oL | oL
X, = oX, ox,

Full

= Convolution

oL | oL |
a011 a012 :
aL | oL i
a0, 6022 !

oL | aL
F2 Fa1 aou ,3012
; oL | oL
12 Fy d0,, a0,




two important things to consider!

spatial dimension

Zero padding with (row

length -1) and (column !

length -1)

oLy oL oL
: _a)ﬁl _I aXlZ | aXU
oL oL oL
aXZ 1 aXZ 2 6X23
oL | oL oL
X oX oX

31

32

33

Fa F21 i
oL |
fu | Fu] g, |
aL | oL i
a0, a0, !
. aL aL
F oL
_ Full * “ a0, a0,
~ Convolution oL oL
Fp, Fy %21 %22




i F2 Fa1 i
two important things to consider! | F, | Fy |
| oL | oL |
Zero padding with (row | 00, | a0, !
. . . length -1) and (column ! |
- spatial dimension length -1 | ;
g |
TR T :
|
aXu I _a_xz_! axw v F oL
ﬂ a_L % _ Full 22 21 ao
6X21 aX,, 6X23 Convolution - . ! aL
% % B_L 12 11 } a0
aX31 6X32 aX33 \/\/\/




i F2 Fa1 i
. . . i L I
two important things to consider! | 3—0 Fo | Fy |
| oL | oL i
Zero padding with (row : 00, | 0, !
. . . length -1) and (column ! |
- spatial dimension length -1 | ;
] |
oL oL 1oL ;
|
X, | 9%, § X1 aL
T Fa Fa 90
oL 9L oL | _  Fun
6X21 aX,, 6X23 Convolution - . ! aL
% % B_L 12 11 } a0
aX31 6X32 aX33 \/\/\/




two important things to consider! Fo | Fu

Zero padding with (row Fo | Fu | 30
length -1) and (column

- spatial dimension R
l
aL oL AL .
X,  ax, oxX, i F m
= [ 2
I dL : aL oL | _  Ful ’ # a0
I X, | 90X, 09X, ~ Convolution ) =
by ] . oL
aL | oL oL i 1 0
Xy | 9%, | X \/\/\/




two important things to consider! | Fo | Fu
Zero padding with (row | Fp | Fy
. . . length -1) and (column ! |
- spatial dimension length -1 | ;
I
oL AL L :
aXll | aXlZ | aXU F F %
ﬂ | a_L : % _ Full 22 21 ao
ax21 1 _a)izz _I (3)(23 Convolution ! oL
oL | oL | aL il <
aX31 axaz aX33 \/\/\/




: : : | L i
two important things to consider! | 3—0 Fo | Fu |
1 11 :
i aL
Zero padding with (row ! a0, Fpo | Fy |
. . . length -1) and (column ! \
- spatial dimension length -1 | ;
I
oL | oL | oL :
aXll | aXlZ | aXU F F %
aL oL o ~ - 22 21 90
ax, = aX, : EXE_ ~ Convolution ! oL
aL | aL | oL i «
X, | oX, oX, \/\/\/




two important things to consider!

spatial dimension

Zero padding with (row Fz

length -1) and (column
length -1) F

oL aL oL
X, | X, | X,
aL oL | oL
X, | oX, 09X,
oLy oL oL
I oX,  ox, @ oX,

oL | oL |

a011 a012 :

e | 2L |

21 1

a0, :

12 Fll i
. aL aL

F oL

_ Rl ol M e | N
~ Convolution oL oL
Fp, Fy %21 %22




two important things to consider!

spatial dimension

Zero padding with (row
length -1) and (column
length -1)

aL aL oL
aXll aXlZ | aXU
aL oL aL
a)<21 aXZZ aXZs
oL 1oL | oL
ax. ! ax X

33

| oL | oL i
| a0, | a0, |
i Fa Fa1 i
i F 12 F 11 i
. aL aL
F oL
_ Full * “ a0, a0,
= . )
Convolution ; i oL aL
12 1 i a0,, ?022




' i i aL | aL
two important things to consider! 5. | %,
aL
Zero padding with (row a0, Fz | Fa

length -1) and (column

- spatial dimension ength 1) i i
12 11
|
oL AL L :
aXu axxz axw P aL
_ , & aL
oL oL AL | _  Ful “ “ a0,
ax,, X, X, ~ Convolution ] 5l
— - F F iy
aL | oL v | ¥ n 0
| =
aX31 aXaz | _X_3 | \/\/\/




gL 00 oL

oX X 90

aL

oL oL oL
aXZ 1 aXZ 2 a)(23
oL | oL oL

aXB 1 aXB 2 aX33

Full

= Convolution

oL | oL
F2 F21 aou 6012
oL | oL
F 12 E 11 a0 a0

21




= Convolution

_ Full
~ Convolution

aL
oX

31

aL
oX

33

X 11 X 12 X 13 % %
a011 a012

Xa | Xy | X al aL
Xo | X2 | X3 D 6022

!

oL | aL

F2 Fa1 aou 6012

; oL | oL
2 | Fu 30, | a0,




oL | oL
a011 a012
aL aL

= Convolution X

aL

X,

aL

X,

3

3

Full

aL

X,

= Convolution

o,

oL | oL
a0, | a0,
oL | a
a0, | a0,




= Convolution

_ Full
~ Convolution

oL

X

31

aL
oX

33

oL
00



What about strides >17?

oL | oL
a011 a012
oL | oL

a0,, 6022




What about strides >17?
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What about strides >17?
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