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Recap: Fully-connected network for MNIST

On MNIST, we can get about 2% error (or even better) using these kind of networks

hidden layer 1  hidden layer 2 hidden layer 3

input layer

~2% error

(image from: Michael Nielsen, Neural Networks and Deep Learning,

http://neuralnetworksanddeeplearning.com/chap6.html)
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http://neuralnetworksanddeeplearning.com/chap6.html

How about more complex images?

image credit: COCO dataset
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Generic object classification

;“‘M"/,‘ THE UNIVERSITY of EDINBURGH
& informatics

High resolution images

Large variations in appearance and

pose
Objects are not always centered
Objects are in different scales
Background and clutter

Occlusions
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Today’s lecture

Convolutional neural networks (CNNs)
® Convolution operation

® Convolutional layer

® Subsampling (pooling)

® CNN architectures
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Fully-connected network in high dimension

image credit:
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Lecun & Ranzato

For an input size of 200 X 200, a deep network

with one hidden layer (1000 hidden units) has
® # input units is 40,000

® # connections is 40,000,000

® # parameters is 40,000,000
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Fully-connected network in high dimension

For an input size of 200 X 200, a deep network

with one hidden layer (1000 hidden units) has
® # input units is 40,000

® # connections is 40,000,000

® # parameters is 40,000,000
Observations:

® Too many parameters to learn!

® Spatial (2-D) structure of input image is

ignored

image credit: Lecun & Ranzato ® No easy way of learning the same feature at
different coordinates
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Convolution operation

® Convolution is an operation on two functions of a real- valued argument

s(t) = / x(a)w(t —a)da

® Denoted with asterisk (x)

s(t) = (x x w)(2)

® Discrete convolution

a=oco

s(t) = Z x(a)w(t — a)da

a=—00

® Convolution in multiple dimensions

—-1n-1

s(i, j) = (@ w) (i, j) = Xk Wik, j-1
0 1=0

5
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Convolution operation

® Multiple dimensions

m—1n-1
s(i, j) = (z *w)(i,j) = X IWi—k,j-1
k=0 [=0
® Convolution is commutative
m—1n-1
s(, j) = (w = x) (i, j) = Xi—k,j—IWk,]
k=0 1=0
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Convolution operation

® Multiple dimensions

m—1n-1
s(i, j) = (z *w)(i,j) = X IWi—k,j-1
k=0 1=0
® Convolution is commutative
m—1n-1

s(, j) = (w = x) (i, j) = Z Xi—k,j—IWk,]
k=0

1

Il
=

® Convolutions in deep learning libraries are actually cross-correlation (®)

,_.

m—1n—

s(i, j) = (w® x)(i, j) Xivk, j+I Wk

k=0 1

I
o

® [f we “flip” (reflect horizontally and vertically) w (in cross-correlation) then we obtain

. (in.gconvolution)
mformahcs
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Convolution vs Cross-correlation

® [n machine learning the network learns the kernel appropriate to its orientation — so
if convolution is implemented with a flipped kernel, it will learn that it is a flipped
implementation

® So it is OK to use an efficient (flipped) implementation of convolution for
convolutional layers

® [n convolutional networks, we also use a bias term:

m—1n-1

s(i, ) =(wez)(i,j)+b= Z Xivk j+IWk1 + b
k=0 =0

@ informatics
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Example: convolution operation
® h = f(x ® w) where f is an activation function
——

z
® h is called feature map

X11 X122 X13 X114 X15 X16  X17
211 212 213 214 215 X21 X22 X3 X4 Xo5 X2 X227
221 222 223 224 225 X31 X32 X33 X34 X35 X36 X37 w11 Wiz Wi3
Z31 Z32 233 234 235 | = |Xa1 X42 X43 Xag4 X45 X46 Xq7 [®| W21 Wz Wos
241 242 243 244 245 X51 Xs52 Xs53 Xs4 Xs55 Xs56 X57 W31 W3z Ws3
Z51 252 253 254 255 X61 X62 Xo63 Xea Xe5 Xoo X7
w: Kernel

X71 X72 X73 X74 X775 X760 X77

x: Input
(. THE UNIVERSITY of EDINBURGH
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Example: convolution operation

200

210

220

230

240

201

Z11

22

231

Z41
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Example: convolution operation

2 2
200 = Xij—g 2j—o XkIWki + b

210

220

230

240

Z11

221

231

Z41
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Example: convolution operation

Woo Wo1 Wo2

Wi0 W11 Wiz

W20 W21 W22

Xoo | Xo1 Xo02 Xo03 | X0o4 Xo5 Xo6

2 2
201 = Dijmg 2uj—g Xk, 1+IWkl + b

Zo0 wZ;]lw 02203204 X10-| X11 X12 X13 | X14 X15 X16
210 Z11 212 Z13 214 X20 | X21 X2 X3 | X24 X25 X26
220 Z21 222 Z23 Z24 E] X30 X31 X32 X33 X34 X35 X36
230 231 232 Z33 234 X40 X41 X42 X43 Xaq4 X45 X46
240 241 242 243 244 X50 X51 X52 X53 X54 X55 Xs56

X60 Xo1 Xe2 X63 Xe4 X5 Xo6

informatics
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Example: convolution operation

Woo Wo1 Wo2

Wi0 W11 Wiz

W20 W21 W22

204 = Yg_p Do XkariWii + b e

Xoo Xo1 Xo2 Xo03 | Xo4 Xo5 X06
200 201 202 Z03 w264w X10—X11—X12—X313-{ X14 X15 X16
210 %11 212 Z13 214 X20 X21 X2 X3 | X24 X25 X26
220 Z21 222 Z23 Z24 E] X30 X31 X32 X33 X34 X35 X36
230 231 232 Z33 234 X40 X41 X42 X43 Xaq4 X45 X46
240 241 242 243 244 X50 X51 X52 X53 X54 X55 Xs56

X60 Xe61 Xe2 X63 Xea X65 X66
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Example: convolution operation

Woo Wo1 Wo2

Wi0 W11 Wiz

W20 W21 W22

Xgo Xo1 Xo2 X Xo4 Xo5 Xo6

2 2
210 = Djmg =g X1+k Wkl + b

200 201 202 Z03 <04 X10 X11 X12 | X13 X14 X15 Xi16
210 21212213214 X20 X21 X2 | X23 X24 X35 X26
Z;o 221 Z22 223 Z24 E] X30 X31 X32 | X33 X34 X35 X36
230 231 232 Z33 234 X40 X41 X42 X43 Xaq4 X45 X46
240 241 242 243 244 X50 X51 X52 X53 X54 X55 Xs56

X60 Xo1 Xe2 X63 Xe4 X5 Xo6

informatics
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Example: convolution operation

Woo Wo1 Wo2
W10 Wi1 Wiz

W0 W21 W22

2 2
Z44 = Difsg 2uj—g X4tk ariWkl + b

Xoo Xo1 X§2 Xo3 Xoa Xos5 Xoe

200 201 202 203 204 X10 X11 X12\ X13 X14 X15 \X16
210 Z11 212 Z13 214 X20 X21 X22 X23 X24 X25 6
220 Z21 222 223 Z24 E] X30 X31 X32 X3§ X34 X35 X3
230 Z31 232 233 Z34 X40 X41 X42 X43 | X44 X45 X46
240 Z41 242 243 244 X50 Xs51 X52 X53 | X54 X55 Xs56

7 X60 Xe61 X2 X63 | Xe4 X65 X66
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Example: convolution operation
Number of ...

input units are 7 X 7
weights is 3 X 3+ 1 (9 for kernel + 1 for bias)
hidden units is 5 X 5

connectionsis5X5X3 X3

@ informatics
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Example: convolution operation
Number of ...

input units are 7 X 7
weights is 3 X 3+ 1 (9 for kernel + 1 for bias)
hidden units is 5 X 5

connectionsis5X5X3 X3

Properties

® Spatial correspondence between pixels and hidden units

® Translation invariance: extract same features irrespective of where an image patch is

Weights (kernel) are shared across all hidden units

(“2D matrix of hidden units”="“feature map”)

located in the input

@ informatics
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Question

If £ is 7x 7 and w is 3 X 3, then the feature map h is 5 X 5.

If £ is7 %7 and w is 5 X 5, what will be the dimensions of h ?
(a) 3x3, (b) 5%5, (c) 7x7

2 MW: THE UNIVERSITY of EDINBURGH
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Question

200 201
210 211
220 221
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If £ is 7% 7 and w is 5 X 5, what will be the dimensions of h ?
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Question

If £ is 7% 7 and w is 5 X 5, what will be the dimensions of h ?

4 4
200 = Xjmg 2uj—o XkIWki + b

W00
Wio
W20
W3o
Wyo

Wo1
w11
w21
W31
Wy

W02
W12
W22
W32
Wy

W03
w13
w23
W33
Wq3

Wo4
Wiq
W4
W3q
Waq

(Zo0 ) 201 202
Z10 Z11 212
220 221 Z22
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Question

If £ is 7% 7 and w is 5 X 5, what will be the dimensions of h ?

4 4
201 = Xjeg 2uj—o Xk1+IWkl + b

W00
W10
W20
W3p
Wi

W02
w12
w22
W32
Wq2

W03
w13
w23
w33
W43

W04
Wiq
Wa4
W3q
Waq

X00
X10

X01
X11

200 (Z01) %02
Z10 Z11 Z12
220 221 Z22
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Question

If £ is 7% 7 and w is 5 X 5, what will be the dimensions of h ?

4 4
202 = Xjeg 2uj—o Xk241Wki + b

W00
W10
W20
W3p
Wi

W02
w12
w22
W32
Wq2

W03
w13
w23
w33
W43

W04
Wiq
Wa4
W3q
Waq

X00
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Z00 201 (Z02)

Z10 Z11 212 E]

220 221 Z22
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Question

If £ is 7% 7 and w is 5 X 5, what will be the dimensions of h ?

W00 W01 W02 W03 W04
Wio Wi1 Wiz Wiz Wig
W20 W21 Wiz Wp3 Woq
W30 W31 W32 W33 Wiy

W40 Wi Wap Wa3 Wyq

Xo00 1 Xo2 Xo3 Xo4 Xo5 Xo
X10 X1\ X12 X13 X14 Xi15 Xi6

4 4
220 = Dy Djeo Xo+ko+l Wkl + b

200 201 202 X20 X21[X22 X23 X24 X25 X26
210 Z11 212 E] X30 X31|X32 X33 X34 X35 X36
220 Z21 Zzz / X40 X41 | X42 X43 Xaq X45 X46
Xs50 Xs1|X52 Xs53 Xsq X35 Xsg

X60 Xo1 | X62 X63 Xea Xo5 Xo6
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Calculating the feature map size

Q. If z is ¢ X r and w is m X n dimensional, what is the output dimensionality?
A (g—-m+1)xX(r—n+1)

€ informatics
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Padding

Q. What can we do to get 7 X 7 feature map size?

Woo Wo1 Wo2
Wi Wi Wiz
W20 W21 W22

0 0 0 0 0 0 0
Xoo Xo1 Xo2 Xo03 Xo4 Xo05 Xo6
X10 X11 X12 X13 X14 X15 Xi6

200 201 202 203 204 205 Z06
210 211 212 Z13 214 215 Z16
220 221 222 Z23 %24 225 Z26
230 Z31 232 233 Z34 235 Z36 E]

240 241 242 243 244 245 Z46

X20 X21 X22 X23 X4 X25 X26
X30 X31 X32 X33 X34 X35 X3¢
X40 X41 X42 X43 Xa4 X45 X46

250 Z51 Z52 Z53 Z54 255 Z56 X50 X51 Xs52 X53 X54 Xs55 Xs6

Z60 Z61 Z62 263 Z64 265 Z66 X60 Xo1 Xe2 X63 Xea X65 Xo6

S O O O O o o o o
S O O O O o o o O

. THE UNIVERSITY of EDINBURGH

informatics

15/40



Padding

Q. What can we do to get 7 X 7 feature map size?

Woo Wo1 Wo2
Wi Wi Wiz
W20 W21 W22

0 0 0 0 0 0 0
Xoo Xo1 Xo2 Xo03 Xo4 Xo05 Xo6
X10 X11 X12 X13 X14 X15 Xi6

200 201 202 203 204 205 Z06
210 211 212 Z13 214 215 Z16
220 221 222 Z23 %24 225 Z26
230 Z31 232 233 Z34 235 Z36 E]

240 241 242 243 244 245 Z46

X20 X21 X22 X23 X4 X25 X26
X30 X31 X32 X33 X34 X35 X3¢
X40 X41 X42 X43 Xa4 X45 X46

250 Z51 Z52 Z53 Z54 255 Z56 X50 X51 Xs52 X53 X54 Xs55 Xs6

Z60 Z61 Z62 263 Z64 265 Z66 X60 Xo1 Xe2 X63 Xea X65 Xo6

g O O O O o o O
g O O O O o o o

. THE UNIVERSITY of EDINBURGH

- informatics

15/40



Padding

Q. What can we do to get 7 X 7 feature map size?

Woo Wo1  Wo2
Wi Wi Wiz

W20 W21 W22

g
g
o
(=]
(=]
(=]
(=]

Xo0 Xo1 | Xo2 Xo03 Xo4 Xo05 Xo6
X10 X11 | X12 X13 X14 X15 Xi6

,/"'\‘47 R
\IZOO/E 201 202 203 204 <05 <206

Z10 Z11 Zi12 Z13 Z14 Z15 Zi6

220 221 %22 Z23 Z24 225 226
Z30 231 Z32 233 Z34 Z35 Z36 E]

240 241 242 243 244 245 Z46

X20 X21 X22 X23 X4 X25 X26
X30 X31 X32 X33 X34 X35 X3¢
X40 X41 X42 X43 Xa4 X45 X46

250 Z51 Z52 Z53 Z54 255 Z56 X50 X51 Xs52 X53 X54 Xs55 Xs6

Z60 Z61 Z62 263 Z64 265 Z66 X60 Xo1 Xe2 X63 Xea X65 Xo6

S O O O O oo o g
S O O O O o o o O

(e
[w]
[w]
[w]
[e]
(e
o
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Stride s = 2

200 201 202
210 211 %12

220 221 222
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Stride s = 2
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200 = Yo_g Do XkiWki + b

Woo

Wio

W20

w11

W21

W12

W22

,,”'7'\ «— N
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Stride s = 2

Woo Wo1 Wo2

W10 W11 Wiz

W20 W21 W22

201=Zi=0212=0xk,5+1wk1+b Xo0 Xo1 | Xo2 Xo03 Xo4 | X05 Xo6

| X10 X1 X12 X13 X14 | X15 X6

TN
200 (Z01) Z02 X20 X21 | X22 X23 Xo4 | X25 X26
Z10 Z11 212 [=] X30 X31 X32 X33 X3q4 X35 X36
290 221 Z22 X40 X41 X42 X43 Xg4 X45 X406

X50 X51 X52 X53 Xs54 X55 Xs6

X60 X1 Xe2 X63 Xea X5 Xo6

informatics
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Stride s = 2

Woo Wo1 Wo2
W10 Wi Wiz

W20 W21 W22

zOZ:Zi:O Zfzoxk,25+lwkl+b Xoo Xo1 Xo2 Xo03 | Xo4 Xo5 Xo6

X1

11 X12 X13-| X14 X15 X16

X20 X21 X22 X23 | X24 X25 X26

/

PR
)
/

Zo0 201 (Z02
Z10 Z11 212 [=] X30 X31 X32 X33 X3g X35 X3¢
220 221 Z22 X40 X41 X42 X43 Xaq4 X45 X46

X50 X51 Xs52 X53 Xs54 X55 X56

X60 Xo1 Xe2 Xe3 Xea X65 Xo6

informatics
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Stride s = 2

2 2
210 = Xjeg Dijmp XstkIWki +b

200 201 Z02
ya Ne——_
(%10) 211 212

220 221 222
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Take-home exercise

What is the feature map size when x is ¢ X r and w is m X n dimensional,
for padding p and stride s?

€ informatics
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Receptive field

® Biology: The receptive field of an individual sensory neuron is the particular region

of the sensory space,

® Convolutional networks

at.

. THE UNIVERSITY of EDINBURGH
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: The region in the input space that a hidden unit is looking

X00
X10
X20
X30

X40

X50

X60

Xo1
X11
X21
X31
X41
X51

Xo61

X02
X12
X22
X32
X42
X52

X62

Xo03
X13
X23
X33
X43
X53

X63

Xo4
X14
X24
X34
X44
X54

X64

Xo05
X15
X25
X35
X45
X55

X65

X06
X16
X26
X36
X46
X56

X66

18/40



Receptive field

® Biology: The receptive field of an individual sensory neuron is the particular region
of the sensory space,

® Convolutional networks: The region in the input space that a hidden unit is looking

at.
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Receptive field

h? = f(w® ® f(w' ® x))

Assume that w! and w? are 3 X 3 kernels and x is 7 X 7.

Q. What size is the receptive field of a hidden unit in second convolutional layer?

(2) 72 1)
hoo hor hoa

(2) @)\ p@)
hio f\hll ) ha

@ 3@ @
h20 h21 h22

h»‘ L”I \I\l\H(\IV\u/II)V\l&lll((ﬂ!
nformatics

iy
iy
iy
iy
iy

A.3,56,7?

Ky
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iy
iy
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Receptive field

h? = f(w® ® f(w' ® x))
Assume that w! and w? are 3 x 3 kernels and x is 7 X 7.
Q. What size is the receptive field of a hidden unit in second convolutional layer?

A.3,5,6,7?
@) ) @ @) ) Xoo Xo1 Xo2 Xo3 Xo4 Xo5 Xoe
oo hor oy’ hoy hoy X10 X11 X12 X13 X4 X15 Xi6
(2) 2(2) 5(2) (1) ) —D)—3(D— 1 (1)
hoo h01 hoz h1o h11 h12 h13 h14 X20 X21 X22 X23 X24 X25 X26
2) /72N 1(2 1
LI WGP () -
@ 3@ @ (1) | (1) (1) (1) | 5 (1)
hyy hyy by hyy' | B3 hsy' hsy  hyy X40 Xq1 X4z X43 X44 X45 X46
hi(l)) hii) hi;) hfé) hz(vl;) X50 X51 X52 X53 Xs54 X55 Xs6
] X60 Xe1 Xe2 Xe63 Xea Xo5 X6
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Receptive field

h? = f(w® ® f(w' ® x))

Assume that w! and w? are 3 X 3 kernels and x is 7 X 7.

Q. What size is the receptive field of a hidden unit in second convolutional layer?
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Receptive field

h? = f(w® ® f(w' ® x))
Assume that w! and w? are 3 x 3 kernels and x is 7 X 7.
Q. What size is the receptive field of a hidden unit in second convolutional layer?

A.3,5,6,7?
ORI Xoo Xo1 Xo2 Xo3 Xo4 Xo5 Xoe
g },19{ oy },1,03 s X10 [X11 X12 [ X13 [ X124 X15 | X16
(2) (2) (2) (1) ‘ (1) ‘ (1) ‘ {1\\\ (1)
hoo hql hoz hio “\hil//“ hyy t\h13 ) his X20 | X21 X22 | X23 | X24 X25 | X26
(2) /12N L(2 Dy L) e (1)
th) fhgl) ) hgz) hgo) ha hgz) h§3>/ has X30 | X31 X32 | X33 | X34 X35 | X36
N’ N N
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Feature maps

® Constrain each hidden unit h;; to extract the same feature by sharing weights

across the receptive fields

® |ocal receptive fields with shared weights result in a feature map which is a map
showing where the feature corresponding to the shared weight matrix (kernel) occurs
in the image

® Feature map encodes translation invariance: extract the same features irrespective
of where an image is located in the input

€ informatics
20/40



Multiple output feature maps

hooo oot ... hooa Xo0 Xo1 -.- Xo6
Wooo Woo1  Wo02
hoo hot1 ... how X10 X11 ... X16

E] . . . Woi0 Woi1 Woi2

Wo20 Wo21 Wo22

hoso hos1 ... hoss X60 X1 -.- X66
h100 h101 h104 Xoo Xo1 --- Xo6

Wi00 Wio1 Wi102
hiwo hir oo, hia X10 X11 ... X16

E] . . . Wilo Wiir Wiz

Wi120 Wi21 Wi22

hiso hisr ... hiu X60 X61 --- Xo6

hij: i-th feature-map, j-th row, k-th column

. THE UNIVERSITY of EDINBURGH
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Multiple output feature maps

® #input unitsis7 X7

® i feature maps is Fout

® # hidden units is Fout X (5 X 5)

® i of parameters is Fout X (3 X3+ 1)

® # of connections is Foyt X (5 X5 X 3 X 3)

& informatics
& 22/40



Multiple input feature maps (or input channels)

X000 X001 --- X006
Wooo Woo1 Woo02
Xo10 Xo11 --- Xo16
Wo10 Woi1 Woi12
hoo hor ... hos Wo20 Wo21 Wo22
X060 Xo61 --- X066
X100 X101 --- X106
w w w
hao har ... haa 100 101 102
X110 X111 --- X116
W10 W11 Wiz
W20 Wi21 Wi22
X160 X161 --- X166
=\ L”I \I\V\H(\IV\.»H\)V\l&ul(m!
y- informatics
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Multiple input feature maps (or input channels)

® i input channels is F,

® #input unitsis Fi, X7 X7

® # hidden units is 5 X 5

® # parameters is Fi, X 3 X 3 + 1 for bias

® # connections is Fip X5X5X3X3

® Typically we do not tie weights across feature maps

® [ocal receptive fields across multiple input images

€ informatics
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Multiple input and output feature maps

® i input channels is Fi,

® i feature maps is Fout

® #input unitsis Fi, X7 X7

® # hidden units is Foys X5 X5

® i parameters is Fi, X Fout X 3 X 3 + Fo for bias

® # connections is Fi, X Fout X5 X5X3X3

€ informatics
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Pooling (subsampling)

B THE UNIVERSITY o EDINBURGH
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Pooling (subsampling)

—

® Similar to convolution, slides over input pixels but no learnable parameters
® Has local receptive field too

® Typical strides > 1
nformatics
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Pooling
® Pooling or subsampling takes a feature map and reduces it in size — e.g. by
transforming a set of 2x2 regions to a single unit
® Reduces computation time and memory use

® Pooling functions
0 Max-pooling — takes the maximum value of the units in the region
0 Ly-pooling — take the L, norm of the units in the region:

1/p

W=l >’

ieregion
0 Average- / Sum-pooling — takes the average / sum value of the pool
® [nformation reduction — pooling removes precise location information for a feature
° Apply poolmg to each feature map separately

@ mformahcs
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CNN architectures

3 MW»‘ THE UNIVERSITY of EDINBURGH
@ informatics

Designing more effective and efficient
architectures is an active area of re-
search

® Handcrafting architectures with

heuristics and principles

® Automatic neural architecture

search
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Example: LeNet5 (LeCun et al, 1997)

C3: 1. maps 16@10x10
INPUT C1: feature maps S4:f. maps 16@5x5
32a2 g S2:f. maps
B@14x14

Fullcmrllecﬁan | Gaussian connections

Convolutions: Subsampling Corvolutions  Subsampling Full connection

. THE UNIVERSITY of EDINBURGH
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MNIST Results (1997)

®

Linear
[deslant] Linear
Painvise

K-NN Luclidean
[deslant] K-NN Euclidean
40 PCA + quadratic

1000 RBF + linear
116x16] Tangent Distance
SVM poly 4

RS-SVM paly 5

[dist] V-SVM paly 9

28428-300-10
[dist] 26x28 300 10
[deslant] 20x20-300-10
28478-1000-10

[cist] 28x28-1000-10

—120--{>
-84

-
-

8 100-10

{dist] 28x28-300-100-10

8-500-150-10

{dist] 28x28-500-150-10

[16x16] LeNet 1
LeNet-4

LeNet—4 / Local
LeNet—4 / K-NN
LeNet-s5

[dis] LeNet-5

[dist] Boosted LeNet-1

THE UNIVERSITY of EDINBURGH
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ImageNet Classification (“AlexNet”) 2012

%: - v
2048 2048 dense
48
' anss [ Model Top-1 | Top-5 |
s T s ey oo Sparse coding [2] | 471% | 28.2%
max i Mex pooling 0% 3048 SIFT + FVs [24] | 45.7% | 25.7%
L P pocling CNN 375% | 17.0%
Dual GPU architecture Error rates in the ILSVRC-2012

® Outperformed the hand-crafted features in object classification
® 5 convolutional layers with ReLU + 3 fully connected layers

® 3 max pooling layers

Krizhevsky, Sutskever and Hinton, “ImageNet Classification with Deep Convolutional Neural Networks”, NIPS’12.
http://papers.nips.cc/paper/

5 nAB24mimagenet-classification-with-deep-convolutional-neural-networks.pdf
y- informatics
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http://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf
http://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf

ImageNet Classification (“VGGNet”) 2014

® Deeper than AlexNet, 13 conv. + 3 fc layers

® 3 X 3 conv. kernels — very small

® Conv. stride 1 - no loss of resolution

® RelU non-linearity

® Vanishing/exploding gradients problem: train shallower

networks and gradually add new layers

Simonyan and Zisserman, “Very Deep Convolutional Networks for

Large-Scale Visual Recognition”, ICLR 2015.

THE UNIVERSITY of EDINBURGH

- informatics
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https://arxiv.org/abs/1409.1556
https://arxiv.org/abs/1409.1556

ImageNet Classification (‘GoogLeNet”) 2014

Filter
concatenation

1x1 convolutions 3x3 max pooling

e

| 1x1 convolutions

Previous layer

® objects vary in scale so we should use multiple kernel sizes (1, 3, 5) in parallel
® outputs of the parallel layers are concatenated

® the number of feature maps are reduced with Fj;,, X F;;,;/2 X 1 X 1 conv. to lower

computational load

Szegedy et al., “Going deeper with convolutions”, CVPR 2015. Image credits

‘/‘ LI(I \|\1\m\|vu/|l)v\lxuk(m
nformatics
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https://www.cv-foundation.org/openaccess/content_cvpr_2015/papers/Szegedy_Going_Deeper_With_2015_CVPR_paper.pdf
https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202

ImageNet Classification (‘GoogLeNet”) 2014

® 22 layer deep (27 including pooling layers)

® Use two “auxiliary classifiers” to middle layers to alleviate the
vanishing gradient problem
® Optimizes a weighted sum of “auxiliary errors” (¢p = 0.3 and
ay = 0.3)
E = ayEy + 1E1 + E5

Szegedy et al., “Going deeper with convolutions”, CVPR 2015. Image credits

SRTx. THE UNIVERSITY o EDINBURGH
&y informatics
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https://www.cv-foundation.org/openaccess/content_cvpr_2015/papers/Szegedy_Going_Deeper_With_2015_CVPR_paper.pdf
https://towardsdatascience.com/a-simple-guide-to-the-versions-of-the-inception-network-7fc52b863202

Simply stacking more layers?

CIFAR-10
train error (%) test error (%)
20y 20
56-layer
56-layer
10] 10]
20-layer
20-layer
) 1 5 % 1 H [

2 3 4
iter. (led)

Though it can be trained (with the help of Batch Norm),

56-layer net has higher training error and test error than 20-layer net!

He et al, “Deep Residual Learning for Image Recognition”, CVPR-2016.

2 MW: THE UNIVERSITY of EDINBURGH
@ informatics
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http://arxiv.org/abs/1512.03385

Deep Residual Learning (“ResNets”)

He et al, “Deep Residual Learning for Image Recognition”, CVPR-2016.

QB THE UNIVERSITY o EDINBURGH
@ informatics
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http://arxiv.org/abs/1512.03385

Deep Residual Learning (“ResNets”)

***** . nileet.al.Deep Residual Learning for Image Recognition”, CVPR-2016.
=y informatics
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http://arxiv.org/abs/1512.03385

Deep Residual Learning (“ResNets”)

&% wHeetaluDeep Residual Learning for Image Recognition”, CVPR-2016.
‘e informatics
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http://arxiv.org/abs/1512.03385

Deep Residual Learning (“ResNets”)

Figure 2. Residual learning: a building block.

; weight layer

: relu

Fo) x
i weight layer identity
Fa)+x €

g relu

B

T ]

(- -
A

A solution by construction:
® original layers: copied from a learned shallower model
® extra layers: set as identity

® at least the same training error

i nhleetal.Deep Residual Learning for Image Recognition”, CVPR-2016.

y- informatics
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http://arxiv.org/abs/1512.03385

Deep Residual Learning (“ResNets”)

16.4
\
11.7
22 Iayers 19 Iayers
67

ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)

He et al, “Deep Residual Learning for Image Recognition”, CVPR-2016.
THE UNIVERSITY of EDINBURGH
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http://arxiv.org/abs/1512.03385

Densely Connected CNNs (“DenseNets”)

Input

+f

® Connect all layers with each other: each layer obtains additional inputs from all

Prediction

Dense Block 3

=

Dense Block 2

="

Dense Block 1

="

‘horse”

Q Q (o]
& & o
3 3 3
< < <
o o o
=3 =3 =
<3 o 5}
3 3 3

preceding layers and passes on its own feature-maps to all subsequent layers
® Requires L(L + 1)/2 connections in a L-layer network
® |nstead uses dense connections within “dense blocks”
® Requires fewer parameters per layer than traditional CNNs, as there is no need to

re-learn redundant feature-map

& wHuanget.al, “Densely Connected Convolutional Networks”, CVPR-2017.
informatics
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https://arxiv.org/abs/1608.06993

Hierarchical Representations

Pixel — edge — texton — motif — part — object

Low-Level
Feature

Mid-Level
Feature

High-Level|
p— p—b|

Feature
A\

Trainable
Classifier

Zeiler & Fergus, “Visualizing and Understanding Convolutional Networks”, ECCV’14.

https://cs.nyu.edu/~fergus/papers/zeilerECCV2014.pdf

olide,credits: Lecun & Ranzato
- informatics
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https://cs.nyu.edu/~fergus/papers/zeilerECCV2014.pdf

Summary

CNNs include local receptive fields, weight sharing,
and pooling leading to:
® Modelling the spatial structure

® Translation invariance
® Local feature detection

Not covered
® Dilated, depthwise separable, 1D, 3D convolutions

® Training CNNs

Reading: Goodfellow et al. Deep Learning (ch 9)
https://forms.cloud.

microsoft/e/WdeYNv4ASc

€ informatics
& 40/ 40


http://www.deeplearningbook.org/contents/convnets.html
https://forms.cloud.microsoft/e/WdeYNv4A5c
https://forms.cloud.microsoft/e/WdeYNv4A5c

