CS-F441: SELECTED TOPICS FROM COMPUTER
SCIENCE (DEEP LEARNING FOR NLP & CV)

Lecture-KT-11: Convolutional Neural Networks (CNN)

Dr. Kamlesh Tiwari,
Assistant Professor,
Department of Computer Science and Information Systems,
BITS Pilani, Rajasthan-333031 INDIA

Nov 08, 2019 (Campus @ BITS-Pilani July-Dec 2019)



Motivation

Suppose you have a noisy sensor to have a measurement J

How could you estimate the actual reading
@ Average of some readings
@ in local neighbourhood
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Motivation
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Motivation

Suppose you have a noisy sensor to have a measurement |

How could you estimate the actual reading
@ Average of some readings
@ in local neighbourhood
© What about weighted average?
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S6 = TeWo + TsW-1 + T4W_2 + T3W_3 + T2W_g + T1W—_5 + ToW—¢

Here things are in one dimension only.
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Image is a 2D signal

m—1n—1
Sij={I*K),; = Z ZIiJra,jerKa,b

a=0 b=0

= & - = DA
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Image is a 2D signal

Input
Kernel
a b c d
w X
e f g h
y z
i j k l
Output
aw+bx+ey+fz || bw+cx+y+gz || cw+dx+gy+hz
m—1n—1
Siy=*K),;=> Y Tiya;sKap
a=0 b=0 ew-+Hx+iy+jz || fwtgx+jy+kz || gw+hx+ky+Lz
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Image is a 2D signal

Input
Kernel
a b c d
w X
e f g h
y z
i j k l
Output
aw+bx+ey+fz || bw+cx+y+gz || cw+dx+gy+hz
m—1n—1
Siy=*K),;=> Y Tiya;sKap
a=0 b=0 ew-+Hx+iy+jz || fwtgx+jy+kz || gw+hx+ky+Lz
General formula
L%
Sij = (I*K)z] =

Z Ticaj—vKm o240
a=l-g)o=[-3)
o = = = fqc
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Image is a 2D signal

blurs the image

= & - = DA
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Image is a 2D signal

0 -1

-10

sharpens the iage
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Image is a 2D signal

1 1 1
* 1 1 1 =
1 1 1
0 -1 0
* -1 5 -1 =
0 -1 0
sharpen the image
1 1 1
* 1 -8 1 =
1 1 1

detects the edges
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Filter in 3D

@ It would refer to volume. Assume the filter extends to the depth
@ Output is 2D

OUTPUT

INPUT
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Filter in 3D

@ It would refer to volume. Assume the filter extends to the depth
@ Output is 2D

OUTPUT

INPUT

@ Apply multiple filters to get multiple feature maps
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Filters, Padding and Stride
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Classification Pipeline

Raw pizels

—— car, bus, monument, flower

— car, bus, monument, flower

@ Where is learning?
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Classification Pipeline

Raw pizels

—— car, bus, monument, flower

— car, bus, monument, flower

@ Where is learning? (hand craft features, then learn weights for
classification). One can see feature as a convolution.
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Automate feature kernel discovery

Instead of handcrafted kernels, learn filters

car, bus, monument, flower
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Automate feature kernel discovery

Instead of handcrafted kernels, learn filters

e 'y —
‘ o 4&
1.'&' £ :ﬂ —_— | car, bus, monument, flower

(Why not multiple?) learn multiple layers of kernels/filters

Classifier

5 | ' | I| _ ”i — car, bus, monument, flower

Treating these kernels as parameters and learning them. J
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CNN has sparse connectivity with respect to NN

10 classes(digits)

= & - = DA
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CNN has sparse connectivity with respect to NN

hiy bz
10 classes(digits)
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CNN has sparse connectivity with respect to NN

hiy bz
10 classes(digits) D D D. .o D
16
o000
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Interactions are preserved, even

goobootrd ST with reduced model parameters,
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Weight sharing in CNN

One place you are extracting edge other place something else? So we
do not want the kernel to be different for different portions of the image.

@ Weight sharing in CNN makes the job of learning weights easier
@ Multiple kernels help get different feature at the same level
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Pooling (max, min, average)

l 1 4 2 1
5 8 3 4 maxpool R
' - 7 | 6 | 4 | 5 2x2 filters (stride 2),

1 3 1 2

Input 1 filter

3 4 maxpool

N

>
4 | 5 |2x2 filters (stride 1)
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Pooling (max, min, average)

58 3
* =

76 4

103 1

Input 1 filter

Training CNN? backpropagation!

maxpool 8 4
>
2x2 filters (stride 2) | 7 | 5
1 4 2
3 maxpool 8 8 | 4
>
4 2x2 filters (stride 1) | 8
1 3 1
=] F = = £ DA
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Case-Study: LeNet-5 for handwritten character
recognition '

Convolution Layer 2

Input Convolution Layer 1

Pooling Layer 2

Pooling Layer C LU20)FC 2(84 b utput(10)

Param

32 Param Param
28 Z 4g120= 10164 = 850
S=1F =35,
K =6,P=0, K =6,P=0, S=1F=5 S=1F=2,
=LF =5,
Param = Param = K =16,P =0,K = 16,P =0

1Yann Lecun and Leon Bottou and Yoshua Bengio and Patrick Haffner, Gradient-based learning applled to document
recognition, pp 2278-2324, IEEE-1998 =] F =
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Thank You!

Thank you very much for your attention?!

Queries ?

2Credit: Prof. Mitesh Khapra lecture at IWAML2019 and NPTEL
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