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The Tungsten Electrode [Hubel-Science-1957]

mp://braintcmr.harvard.egj/arc_:ves[gortfolio-items/html—and—wiesel

* Device capable to record signal from a single neuron


http://braintour.harvard.edu/archives/portfolio-items/hubel-and-wiesel

[Hubel and Wiesel 1959]

Electrical signal
from brain

Recording electrode ——»

Visual area \ st
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of brain

e Experiment with anaesthetised paralysed cat



[Hubel and Wiesel 1960]

i °* Edge sensitivity
e Jopographical mapping
e [ranslation invariance

https://knowingneurons.com/2014/10/29/hubel-and-wiesel-the-neural-basis-of-visual-perception/



[Hubel and Wiesel 1960]
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https://knowingneurons.com/2014/10/29/hubel-and-wiesel-the-neural-basis-of-visual-perception/



Hubel and Wiesel experiments in 1950s and 1960s
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 Nobel Prize in Physiology and Medicine in 1981
 Dr. Hubel: "There has been a myth that the brain cannot
understand itself. It is compared to a man trying to lift
himselt by his own bootstraps. We feel that is nonsense.
The brain can be studied just as the kidney can.”

https://knowingneurons.com/2014/10/29/hubel-and-wiesel-the-neural-basis-of-visual-perception/



1. Topographical map: nearby neurons process information from nearby visual fields
image

* Processing of visual information
INn cortex Is not fully connected.




1. Topographical map: nearby neurons process information from nearby visual fields
image

 \What is the weight dimensionality
reduction for N-pixel image and
(n=3)-dimensional spatial neighbourhood?




2. Translation invariance: the same edge Is detected at all positions
image

\' should do
7/ the same thing

pixeld
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2. Translation invariance: the same edge Is detected at all positions
image

\' should do
7/ the same thing

pixeld
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2. Translation invariance: the same edge Is detected at all positions
image
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Convolution forward pass y = conv(x, w)

kernel/filter

Wa1 | Woo filter response/

output map
T R B Y11 | Y12

Y21 | Y22
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Convolution forward pass y = conv(x, w)

Local linear classifier run in double-for-loop over rows and columns

L11 L12 | L13
Y11 | Y12 w11 | W12
— Cconv L21 | 422 | £23
Y21 | Y22

Y11 = W11T11 + W12T12 + W21T21 + W22L292

Y12 = W11T12 + W12T13 + W21T22 + W22T23
Y21 = W11T21 + W12T29 + W21TL31 + W22T32

Yoo = W11T22 + W12T23 + W21T32 + W22T33



Convolution forward pass y = conv(x, w)

)

Ya1 | Y22

Y12 = W11T12 + W12T13 + W21T22 + W22T23

Y21 = W11T21 + W12T29 + W21T31 + W22T32

Yoo = W11T22 + W12T23 + W21T32 + W22T33

15



Convolution forward pass y = conv(x, w)

J11 H - Cconyv (
Ya1 | Y22

Y11 = W11T11 + W12T12 + W21T21 + W22T22

Y21 = W11T21 + W12T29 + W21T31 + W22T32

Yoo = W11T22 + W12T23 + W21T32 + W22T33
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Convolution forward pass y = conv(x, w)

Y11 | Y1

2
W1 Y2

)

Y11 = W11T11 + W12T12 + W21T21 + W22T22

Y12 = W11T12 + W12T13 + W21T22 + W22T23

Yoo = W11T22 + W12T23 + W21T32 + W22T33
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Convolution forward pass y = conv(x, w)

Y11 | Y12 (

o1 - — COoNV

Y11 = W11T11 + W12T12 + W21T21 + W22T22

Y12 = W11T12 + W12T13 + W21T22 + W22T23

Y21 = W11T21 + W12T29 + W21T31 + W22T32
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Feature maps
Local linear classifier run in double-for-loop over rows and columns

'J Convolutional kernel 1

Image ‘ Feature map 1



Feature maps

Feature map 2

'J Convolutional kernel 1

S Convolutional kernel 2

Image Feature map 1



conv (

Convolution layer properties - output size

image kernel output
(5x5) (2Xx2) (? x ?)

21



Cconv

Convolution layer properties - output size

(T =

image kernel output
(5x5) (2Xx2) (? x ?)
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conv (

Convolution layer properties - output size

T

image
(5x5)

Was)

kernel
(2X2)

output
(? x ?)
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conv (

Convolution layer properties - output size

A

image
(5x5)

Was)

kernel
(2X2)

output
(? x ?)
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conv (

Convolution layer properties - output size

image kernel output
(5%9) (2x2) (4x4)
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conv (

Convolution layer properties - output size

M =N-K + 1

image kernel output
(NXN) (KxK) (MxM)
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conv (

Convolution layer properties - stride

stride = 1
kernel moves by 1 pixel
—>
 [1]) =
image kernel output

(5x5) (2x2) (4x4)

27



Cconv

Convolution layer properties - stride

stride = 3

kernel moves by 3 pixels

—>
(@) =C
image kernel output

(5x5) (2Xx2) (? x ?)
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conv (

Convolution layer properties - stride

kernel moves by 3 pixels

—>

i

image

(5x5)

stride = 3

Was)

kernel
(2X2)

output
(? x ?)
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conv (

Convolution layer properties - stride

kernel moves by 3 pixels

—>

i

image
(5x5)

stride = 3

Was)

kernel
(2X2)

bL

output
(? x ?)

30



conv (

Convolution layer properties - stride

kernel moves by 3 pixels

—>

T

image
(5x5)

stride = 3

Was)

kernel
(2X2)

T

output
(2X2)
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conv (

Convolution layer properties - stride

M = floor( (N-K) / stride + 1)

stride
—>
) =
image kernel
(NXN) (KxK)

eg.M=(5-2)/3+1=2

output
(MxM)
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conv (

Convolution layer properties - pad

pad = 1

Ololololololo ¢ added border of size 1
0 0

0 0 ) -

0 Ol —

O 0

O 0

0{0]0({0|0]|0|0

mage kernel output
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conv (

(N+2*pad)X(N+2*pad)

Convolution layer properties - pad

M = floor( (N+2*pad-K) / stride + 1)

O OO0 I000O

0

0]0

0

0

Slleolleolleollelele

image

t added border of size 1

)

kernel
(KxK)

output
(MxM)
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Convolution layer

Dilatation rate = 1

o

)

image
(5x5)

kernel
(2X2)

[ ]

output
(? x ?)
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conv (

Atrous convolution layer

Dilatation rate = 2

) -

image
(5x5)

kernel
(2X2)

[ ]

output
(? x ?)
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Show python code
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conv (

Multl-channel convolution

RGB image kernel
(5X5X3) (2x2x3)

output
(4x4x1)
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conv (

Multl-channel convolution

RGB image kernel
(5X5%3) (2x2x3)

output
(4x4x1)
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Multl-channel convolution

ol HaS ) = 1T

RGB image kernel output
(5X5X3) (2x2x3) (4x4x1)




Multl-channel convolution

ol H ) -

RGB image kernel output
(5X5X3) (2x2x3) (4x4x1)




conv (

Multl-channel convolution

RGB image kernel
(5X5%3) (2x2x3)

output
(4x4x1)
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N\

| W :
1 Convolutional layer

Y1
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W1

Convolutional layer
Y1

Yo
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W1 Convolutional layer
Yi
T
| W2
Yo
G
| W3
Y3
\a
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X —— W1 Convolutional layer
B | | | | | Yl

Yo

5x5x3

# initialise

import torch.nn as nn

# define 2D convolutional layer

first layer = nn.Conv2d(in channels=3, out channels=2, kernel size=2

stride=1, padding=1)
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X — W1 Convolutional layer

[ T T T T Vi
Y2
OXOX3
# initialise also number 4X4X2
import torch.nn as nn of kernels
# define 2D convolutional layer
first layer = nn.Conv2d(in channels=3, out channels=2, kernel size=2

stride=1, padding=1)
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X —— W1 Convolutional layer

B | | | | | 2)(2)(3 Y1

| | | W2
Yo
Ey5x3 PX2X3
T
Ax4AxX?

# initialise

import torch.nn as nn

# define 2D convolutional layer
first layer = nn.Conv2d(in channels=3, out channels=2, kernel size=2

stride=1, padding=1)
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3. Neurons are sensitive to edges and Its orientation

Inputs which maximized output of layer 1

[Zeiler and Fergus, ECCV, 2014]
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3. Neurons are sensitive to edges and Its orientation

Inputs which maximized output of layer 2

[Zeiler and Fergus, ECCV, 2014]
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3. Neurons are sensitive to edges and Its orientation

Inputs which maximized output of layer 3

[Zeiler and Fergus, ECCV, 2014]
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3. Neurons are sensitive to edges and Its orientation

Inputs which maximized output of layer 4

[Zeiler and Fergus, ECCV, 2014]




3. Neurons are sensitive to edges and Its orientation

Inputs which maximized output of layer 5

[Zeiler and Fergus, ECCV, 2014]




Convolution backward pass

w11 w12

w21 w22
L11 L12 | L£13 \
21 | £22 | £23 —’ .
L31 X392 X33 Y11 Y12 D
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w11 w12
w21 w22
L11 L12 | L£13
L1 L9292 | L23
L31 | £32 | £33

op op
Ow11 Owi2

op op N
Owa1 Owa2

Convolution backward pass
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(911)21

8’(1)22

Op
Ow1q
w1l | W12
w21 | W22
L11 | L12 | L£13
L21 | L£22 | L23
31 | £32 | £33

Convolution backward pass

Yyi1 | Y12
Ya1 | Y22

op op
0Y11 0Y12

op Op
0Y21 0Y22

upstream
gradient
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(911)21

8’(1)22

Convolution backward pass

Op _ Op 0Oy11 Op 0yi2 Op 0y21 Op 0ya22
Ow1 1 8y11 Ow11 8912 Ow11 8921 Jw11 ayzz Ow11
Wi | W12
Wwa1 | W22
Y1 | Y12
T11 | T12 | T13 \ Y21 | Y22 b
L21 | 422 | 423 —> '. '
op op
31 132 £33 0Y11 0Y12 upstream
Op Op gradient
0Y21 0Y22
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(911)21

8’(1)22

Convolution backward pass

Op _ Op | OY11 | Op 0Yy12 | Op 0y Op 0Yyao
Ow1 1 8y11 ow11 8912 Ow11 8921 Ow11 ayzz Ow11
9 /
Y11 _ .
Ow1q '
Wi | W12
Wwa1 | W22
Y1 | Y12
T11 | T12 | T13 \ Y21 | Y22 b
L21 | 422 | 423 —> '. '
5, O
t31 | 432 | 433 8y21?1 ﬁyll?z upstream
Op Op gradient
0Y21 0Y22
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(911)21

8’(1)22

Convolution backward pass

Op _ Op Oir  Op Oyro
Ow1q O0y11 0wy 0y12 Owiq

N\

0Y11 @(w119311 + W12T12 + W21T21 + wzﬂzz)

Op 0Y22
O0Y22 Qw11

Op 0yo21
O0y21 Qw11

0w 1 ow11
w11 | W12
w21 | W22
Y11 | Y12
£L21 | &22 | 423 —> .
a1 | 3o | X op op
> > 53 0Y11 0Y12 upstream
Op Op gradient
8y21 33/22
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L11 L12 | L£13
L1 L9292 | L23
L31 | £32 | £33

\

Convolution backward pass

@

Qoo WD —————(0)

Op Op
0Y11 0Y12
Op Op
0Y21 0Y22

upstream
gradient
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o o Convolution backward pass
Owa1 Owaso
L = L r11 o r12 op r21 o L9292
— I I I
Ow11 5’911 aym 8921 8922
0,
P _ 9
821]12
w11 | W12
Wwa1 | W22
Y11 | Y12
L21 | £22 | L23 —> '. |
€T €T €T Op op
o1 02 ik 0y11 0yi12 upstream
Op Op gradient
8y21 33/22
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Convolution backward pass
Op Op Op Op

Op

L11 L12 21

0Y12 0Y21

Jw1 1 B 0Y11

L22
0Y22

X X Xr Op Op
iL 52 53 8y11 8y12 UpStream
Op Op gradient

0y21 Oy22
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Op

Owi2

s Convolution backward pass

8w22

Op Op e Op e Op e Op N
— 11 12 21 29
Ow1q 3911 8912 3921 5’922
Op o, ., O 0P
— 12 13 22 23
Ow12 5’911 8y12 3921 5’922

@

upstream
gradient




O9p | _9Op_ :
o % Convolution backward pass

8’(1)21

Op Op Op Op Op

— 11 | L19 | L21 | 222
Ow11 3911 8912 3921 5’922
Op Op Op op Op

— T12 T13 L9292 T23
Ow12 5’911 8ylz 3921 ayzz
Op Op Op Op Op

— T21 T29 T31 T32
8@021 5"11 3‘12 3‘21 5"22

w11
w21
L11 L192 -
—_—
L21 | 422 @

upstream
gradient




Convolution backward pass

Op Op Op Op Op
— 11 | L19 | L21 | 222
ow11 0Y11 0Y12 0Y21 0Y22
Op Op Op Op Op
= T12 13 T22 - T23
Ow12 8y11 8y12 8y21 3922
Op Op - Op - Op - Op
— L9271 L9292 L31 L32
Owa1 3911 8y12 8y21 3922
Op Op - Op - Op - Op
— L9292 L23 L32 L33
Owao 03/11 0Y12 0Y21 0Y22
w11 | W12
Wwa1 | W22
Y11 | Y12
T11 T19 13 \ Y21 Yoa2 P
L21 | £22 | L23 —> '. |
s, s,
T3l | 32 | 33 ayi ayi upstream
Op Op gradient
0Y21 0Y22




Convolution backward pass

Op
0 | P | L292
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Convolution backward pass

Op op 9, 9, op

— T12 r13 T22 23
0w 2 5’911 8y12 3921 6’yzz
op op op op op

— T21 T22 r31 L32
Owaq 5’911 8?/12 8y21 5’922
Op Op Op Op Op

— r29 r23 T32 33
Owao 33/11 83/12 6921 5’y22
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Convolution backward pass
Op Op Op Op

0Y12 0Y21

Op
022

T11 - |

T12 |

L21

L9292

Jw1 1 B 0Y11

P p P P P

= o1 T2 r31 39
Owaq 5’911 8?/12 8y21 5’922
op op op op op

— r29 r23 T32 33
Owaoo 33/11 83/12 6921 5’y22

op
Qw1 — conv (
op -

8w21 8w22




Convolution backward pass

op op op op op
— 11 | L19 | L21 | 222
Ow1q 8911 8912 3921 5’922
op op op op op
— r12 r13 292 T23
()'U () () () ()l
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Convolution backward pass

Op  Op e op e op e op N
Ow1q Y11 o Y12 o Y21 o Y22 -
Op  Op e op e op e op N
Ow12 Y11 o Y12 ol Y21 = Y22 *

op _ Op ., Op - Op - Op

21 L9292 L31 L32
Owo1  Oyqq 0 9, O
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Convolution backward pass wrt weights

 Backpropagation in convolutional layer wrt weights Is:
‘convolution of input feature map with upstream gradient”

P Op Op 11 | 12 | I13 aap 8819
VJP (_p) — awll awlz : CONV LEQl 'CBZZ ZC23 Y11 Y12
conv_w ay Hp Ap ) op Op
OWoq O Woo L31 | £32 | £33 0Y21 OYa2
w11 | W12
w21 | W22
Y11 | Y12
r11 | T12 | 13 Y21 | Y2 £
L21 | L£22 | 423 —> .
31 | T3o | & Op Op
& 5 53 0Y11 0Y12 upstream
Op Op gradient
8y21 53/22




Convolution backward pass wrt input feature map

e Backpropagation in convolutional layer Is:

‘convolution of padded upstream gradient with mirrored weights”

3 op op op 0 0 0 0
: P 0x11 02 0x13 Ip Jp
VJpconv_x(a_y) — 8?1729 8?1319 8:013}? :COIIV( 0 8511?1 8511?2 0 W22 | W21
~21 122 23
op Ip Ip y 0y21 O0y22 U bl W2 Wit
0Z31 OT32 0Z33 () O O O
w11 | W12
w21 | W22
Y11 | Y12
11 | 12 | 13 Y21 | Y22 P
r31 | zg | I op op
; = = 0y11 Oy12 upstream
Ip Op gradient
0Y21 0Y22

/2



Convolution backward pass wrt input feature map

Very important property of convolutional layer is:

Backpropagation is also convolution !!!

o WD)

Op Op
0Y11 0Y12 upstream
Op Op gradient
0Y21 0Y22




Sigmoid

1

O'(LU) — l14+e—*

tanh
tanh(x)

RelLU
max O :I:

Activation functions

b
-
/

Leaky Rel U
max(0.1z, x)

Maxout

J
- -1 10

max(wi T + by, wa T + by)

ELU

T x>0
ae® —1) <0

10
/‘)
-2
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Max-pooling

max (

N [—
O W
— 10O
N | QPN
N\D
X
N\D
1
]

image output
(5%5) (? x ?)




Max-pooling

max (

L,
0|1 |4

3 2X2 )

3

— 1 OIN|—

image output
(5x5) (? x ?)




Max-pooling

)

— 1O

o] [0
N

max (

—A 1 OIN|—
o
N | QO
N\D
X
N\D
1

image output
(5x5) (? x ?)




Max-pooling

max (

— 1 OIN|—
WIWO|IW

image output
(5x5) (? x ?)




Learning of a simple convolutional network
iInput 3D tensor: channels x height x width

I
I .

[ T T 1

I

3X5HX5 3x4x4
feature feature
map map
conv

layer



Learning of a simple convolutional network
iInput 3D tensor: channels x height x width

! —@D—
3X5HX5 3x4x4 3x4x4
feature feature feature
map map map
convl activ.

ayer function
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[ T T 1

I

3x5x5

feature
map

conv
layer

Learning of a simple convolutional network
iInput 3D tensor: channels x height x width

I
I .

3x4x4

feature
map

actl
funct

10N

I .

3x4x4 3x2x2
feature feature
map map
maxp
layer



Learning of a simple convolutional network
iInput 3D tensor: channels x height x width

I
I .
I . N

— D —»W > "

Conv(z, v2]
3x5x5 3x4x4 3x4x4 3x2%2 fﬁ 4x1x1
“

feature feature feature feature @ﬁﬁ e feature
map map map map map

[ T T 1

I

[ [ [ ]

Y

convl act V naxp layer: conv?2
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[ T T 1

I

3x5x5

feature
map

conv
layer

Learning of a simple convolutional network

iInput 3D tensor: channels x height x width

I
I .

3x4x4

feature
map

actl
funct

10N

I .

o C—
3x4x4 3x2x2
feature feature
map map
maxp
layer

N
Gonv (2, V1

™

Y

Y

layer: convZ

[

Ax1xT

feature
map
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lllll
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[ T T 1

I

B3X3X5x5

Batch
Of
Images

conv
layer

[

Learning with mini-batches
input 4D tensor: batch_size x channels x height x width

[T

I __Illlllll \
—b—’:: _bgﬁ F Qe ml I{L
\
Conv(z, vaD
Bx3x4x4 Bx3x4x4 Bx3x2x2£m Bx4x1x
o
Conv(z, vaD
Batch Batch Batch F Batch
Of Of Of N Of
feature " feature feature feature
dCllV. max
aps o P P Maps |ayer: conve Maps

layer
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Convolutional net

 Convolutional network (ConvNet) is concatenation of convolutional layers,
activation function and optionally max-pooling functions.

 Backprop in convolutional layer is convolution of feature maps or kernels or
feature-maps with the upstream gradient.

 Feed-forward and backprop are convolutions => efficient implementation on GPU
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LeCun’s letter recognition 1998 (over 13k citations !!!)

C3:f. maps 16@10x10
INPUT C1: feature maps S4: f. maps 16@5x5

6@28x28
32x32 S2: f. maps C5: layer F6 layer OUTPUT
120

6@14x14 r
'T‘ .. \

FuII conAectlon | Gaussmn connections
Convolutions Subsampling Convolutlons Subsampllng Full connection

LeCun et al, Gradient based learning applied to document recognition, IEEE, 1998
http://yann.lecun.com/exdb/publis/pdf/lecun-01a.pdf
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http://yann.lecun.com/exdb/publis/pdf/lecun-01a.pdf

AlexNet on ImageNet 2012 (over 27k citations !!!)

5 3\]\:\\‘\ 3_‘~- ,:: 3~\.~‘ Teel
______________ 3‘ : 2 ’ 3 [ - il T
5 J ,
. | : 192 192 128 2048 204 \Jense
; 55 27 128 R ) SN
N AN 13 \ 13
g‘ 3\ ’ e ’,”' ‘\\:\:\\\: _ 3\\ “~4.
224 || | ||| & | 3 NS 3| |
- N 13 1 ' dense | [dense
27 EN 3] ) |13 13 ?
3| .\ 1000
192 192 128 Max
: 2048 2048
224\ Max. 128 Max pooling
pooling pooling

Alex Krizhevsky et al, Imagenet classification with deep convolutional neural
networks, NIPS, 2012
https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-
neural-networks.pdf
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https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf
https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf

IMAGENET

Classification results
http://image-net.org/challenges/LSVRC/2017/index

Steel drum

Output:
Scale

T-shirt

Drumstick
Mud turtle

Steel drum

1

Error = 100,000

100,000
Images

v

Output:
Scale
T-shirt
Giant panda
Drumstick

Mud turtle

z 1[incorrect on image i}
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Classification Error

0.3

0.25

0.2

0.15

0.1

0.05

2010

2011

b‘“ ":r i TR "-Y“L
IN]l &
e IN |

Classification results

AlexNet
3 layers
VGGnet
19 layers
GooglLeNet
22 layers
ResNet
152 layers
16.7% 1 23.3% |,
0036
2012 2013 2014 2015 2016 2017
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mean Average Precision (mAP)

70%

60%

50%

40%

30%

20%

10%

0%

2006

Pascal VOC object detection challenge

Before the successful application of ConvNets

2007

2008

2009

2010 2011
year

2012

After

——

2013

2014

A

2015

< 2 years
1.8x mAP



Test competencies

 ConvNet/Layer feed-forward pass
e ConvNet/Layer backpropagation

Next lecture

e gradient learning (what makes it tough)
e other layers:
e deconvolution layer
e activation function, maxpool,
e batch normalization,
e drop out,
e |0ss layers
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