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What is an image?

A-theusane-werds- A Matrix I of dimensions (M,N)withI[i][j] = intensity (pixel (i, j))
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Beyond B/W

Colored Images:

e Multi-channel
e R,G,B(anexample)
e I - (3,M,N)

I[c]l[i][3]

Intensity at pixel(i,j) for
channel ¢
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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




Multi-channel CNN




Components of a CNN

As s Az A A
Az Az Azs oy
Az Az Ass Az
Asi Ay Ass Ay

Input-a

W1,1 W1,2
W2,’I W2,2
Kernel -w

Bias-B



Components of a CNN

11 12 13 14
Zis | Ziz | 4is
A | Aoz | Pas | Aos Wi | Wis
B, Zon | Zaz | “as
Asr | Pz | Pss | Aaa Wai | Was
Zyy | L2 | Zas
Agr | Az | Pas | Pus
Output -z

Input-A Kernel -w Bias-B z

(A ® W) + B



CNN Steps

Essentially element-wise (Hadamard) multiplications and summations
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CNN Steps
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Output Size

1,1 1,2 1,3 1,4
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Output Size

A Arz Ars Ars
Az Az Azs Aza
Az Asz Ass Asy
Asi A2 Ay Asa

1.1 1,2 1.3
Z2,1 z2,2 Z2,3
Z3,1 23,2 Z3,3

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

Same goes for Height.



Output Size

1,1 1,2 1,3 1,4
Az Az Azs Aza
Az Asz Ass Asy
Asi A2 Ay Asa

Z1,1 Z1,2 Z1 3
Z2,1 z2,2 22,3
Z3,1 23,2 Z3,3

Output Width =

[ (Win

1

- W _+ 2P) // (8)] +



Output Size

A A, As | Aua
Zii | Zia | 4is Output Width =
A2,1 A2,2 A2,3 A2,4 [(Win - Wk + 2P) // (S)] +
— Z2,1 z2,2 22,3 1
Ay A, Ass | Ass
Z 4 Z .
A A A A 31 o - P: Padding (here - 0)
o e 3 4 S: Stride (here - 1)




Padding

e Attaching zeros (usually) around inputs.
e Seenitbeforein HW1.

e Images can be padded to the left, right, top, and bottom.



Padding
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—
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A|.1 A'\ 2 A1 3 A1 4
A Ao Aoa Aoa
AS.‘\ A:& 2 A3 3 A3 4
AA 1 Ao 2 AA 3 AA 4
A1 1 A1 2 A1 3 A‘\ 4
Az Aoz Aza Asa
Az Asz Asa Asa
Al 1 Ad 2 Ao‘ Ao 4

1a 12
WZ 1 WZ.Z
W1 1 W1 2
—
WZ‘I sz

Z1 1
21 1 21 2 Zi.:s
c 22 Zy
2, Zo Za

Never Meet...



Padding

Increase output size
Preserve input size

More Kernel Interactions!
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Padding

1.1

Zy Z, Zis Zi4
Z2,1 Z,, 22,3 Z2,4
Zy Zs, Zys Zyy
Z, Zsz Zys Z4a




Padding

0
A1,1 A1 2 A1,3 A1 4
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A3,1 A3,2 A3,3 A3,4
A4,1 A4,2 A4,3

1.1

Z1,1 Z1,2 Z1,3 Z1,4
Z2,1 22,2 Z2,3 Z2,4
Z3,1 Z3,2 Z3,3 Z3,4
Z4,1 Z4,2 Z4,3 .




Padding

0 0
0 < A1,1 A1 2 A1,3 A1,4
N
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A3,1 A3,2 A3,3 A3,4
A4,1 A4,2 A4,3

1.1

Z1,1 Z1,2 Z1,3 Z1,4
Z2,1 22,2 Z2,3 Z2,4
Z3,1 Z3,2 Z3,3 Z3,4
Z4,1 Z4,2 Z4,3 .




Stride

Taking bigger steps!



Stride =1

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

1,1

Asi Az Ars Ara
Az Az Az Asa
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Asi Ay Ay Asa
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Stride

Start at the same place

B1,1

W1 2

W2,2

W1,1

W2,1
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Stride

Move two elements to the right

+ + + +
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Stride =2

Move two elements down.

1,1

Asi Az | As | Aa
Az Apo | Aoz | Ass
As Ase | Pss | Asa
Ay Ay | Pus | Paa

2,1

1.1




Stride =2

Move two elements to the right.

1,1

Asi Az | As | Aa
Az Apo | Aoz | Ass
Az Ase | Pss | Asa
Asi Ay | Pus | Paa

2,1

1.1




Interpreting Stride > 1

=N v >

-1

Old|b|Nd|e

NNAEED

SRR NN
=9

A ||

Input Image
5x5

Kernel

3x3

Bias
1x1

[Courtesy Aparajit (Apa)]



Interpreting Stride > 1

A W
0|2(-3|2(-3
2|-2]-2|-1]-2 1l [0 [
-3|-3[2(-2(1 b 3 111
-3|-2 3|1 1=11]10;
0(-1|0]|2|-3
Input Image Kernel
5x5 3x3

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

Stride 1 output

Bias
1x1

Stride 2 output

[Courtesy Aparajit (Apa)]



Interpreting Stride > 1

g =97
2 5 6
-7 1 9 |-10

Stride 1 output

A W
0|2|-3(2|-3
2(-2(-2]-1]-2 7 ||[©
-3(-3[2]-2]1 e 3 il 1l
3(-2(1]|-3|1 1 -1
0|-1|0(2 (-3
Input Image Kernel
5x5 3x3
N -9 I
D> |2 |5 |6
=/ 9 =10

Drop intermediates

Stride 2 output

[Courtesy Aparajit (Apa)]



Multi-channel CNN
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Multi-channel CNN

e Each kernel (or filter) has as many channels as the input does
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

C,, = Input channels

C = Kernel channels = C

kernel in

K = Number of Kernels = (%ut = Number of output channels



1 Filter with 3-channel input

WB,1,1 WB,1,2
ZB,1,1 ZB,1,2 ZB,1,3
WB,2,1 WB,2,2
® = ZB,Z 1 ZB 2,2 ZB 2,3
ZB,3,1 ZB,3,2 ZB,3,3
BB,1,1
1 channel input Kernel 1 almost-output

map



1 Filter with 3-channel input

WB,1,1 WB,1,2 I I I
ZB,1,1 ZB,1,2 ZB,1,3 ||
WB,2,1 WB,2,2
® = ZB,21 ZBZZ ZBZ3 ||
ZB,3,1 ZB,3,2 ZB,3,3 |
BB,1,1
2 channel input Kernel 2 almost-output

maps



1 Filter with 3-channel input

3 channel input Kernel 3 almost-output
maps



1 Filter with 3-channel input

Add Z Z Z
through 11 12 il

channels

® -— — Z2,1 Z2,2 22,3
23,1 Z3,2 23,3
BB,1,1
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



2 Filters with 3-channel input

W1 EERIA W1,B,1,2 —|
— _—
B1,B,’l,1

Wigor | Wigas |
[ |
[ I
—
Wogir | Wogio | L
] B,s11
Wogor | Wogoo | I

3 channel input

2 Kernels - 2 output maps
4 Dimensional



2 Filters with 3-channel input

3 channel input Kernels
(A) (W, B)

Z

= (A®W) + B

2 channel Output
(2)



Pooling

e Usually follows convolutions
e Introduces Jitter Invariance
e Reduces feature-map size

e Max, Mean, Min



Pooling

2x2 Max Pool
Stride=2

—




Pooling

2x2 Mean Pool
Stride=2

—




Pooling

e Usually follows convolutions
e Introduces Jitter Invariance
e Reduces feature-map size

e Max, Mean, Min

e What happens to the channels in pooling?



Pooling

e Usually follows convolutions
e Introduces Jitter Invariance
e Reduces feature-map size

e Max, Mean, Min

e Pooling preserves number of channels



Onto Backward...



