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Deep Learning - Convolutional Neural Networks

Overview

Regular Neural Networks (Multi-Layer Perceptron)
Deep Learning (Convolutional Neural Networks)
Open Source Tools

Applications
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Tasks

Object Classification
Object Detection
Pixel-Wise Segmentation
Style Transfer
Generative Learning
Scene Understanding

)
(5) UNIVERSITATEA POLITEHNICA piv BUCUREST]

(IVOM]




o
(?) UNIVERSITATEA POLITEHNICA v BUCUREST]

Regular Neural Networks — MLP (Multilayer Perceptron)

A cartoon drawing of a biological neuron (left) and its mathematical model (right).
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Regular Neural Networks — MLP (Multilayer Perceptron)

A cartoon drawing of a biological neuron (left) and its mathematical model (right).
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Regular Neural Networks

Activation Functions

Binary Step Sigmoid TanH RelU
§ 70 1 tanh(z) T ’ S ! i
1 4
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Regular Neural Networks

Multilayer Perceptron
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Regular Neural Networks

Weights Initialization
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Regular Neural Networks

Forward Propagation

netpy = wy * 1y + wo * 19 + by * 1
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Regular Neural Networks

Forward Propagation

netpy = wy * 1y + wo * 19 + by * 1

nety =015 %0.05+0.2%0.1+0.35% 1= 0.3775

b1.25 b2 .60
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Regular Neural Networks

Forward Propagation

netpy = wy * 1y + wo * 19 + by * 1

nety =015 %0.05+0.2%0.1+0.35% 1= 0.3775

outy = —A — = 1 __ —().593269992

l+f' netpl 1_5_'.

b1.25 b2 .60
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Regular Neural Networks

Forward Propagation

netpy = wy * 1y + wo * 19 + by * 1

nety =015 %0.05+0.2%0.1+0.35% 1= 0.3775

outy = —A — = 1 __ —().593269992

l+f' netpl 1_5_'.

otit e = 0096534375

b1.25 b2 .60
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Regular Neural Networks

Forward Propagation

netpy = wy * 1y + wo * 19 + by * 1

nety =015 %0.05+0.2%0.1+0.35% 1= 0.3775

outyy = ! = = 0.593269992

1+(, nety] 1+,-

ottys = 0.09688437

net,) = ws * outyy + wg = outys + by = 1

net,; = (Ld = (L.093269992 + (1,45 = 0096584378 + 0.6 = 1 = 1. 105905967

outy; = e = e = U.70136507 1 b1.35 1 b2 .60

ot ;o = (. 7T72028465
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Regular Neural Networks

Total Error

Eioial = Z %I_ri"ru'_g,rc-# — f,h'ri",iuwi":I2
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Regular Neural Networks

Total Error

Eioial = Z %I_ri"ru'_g,rc-# — f,h'ri",iuwi":I2

a a
-El'm'u!' — %l.r#r"-r'_‘,l”'#u] - fJHf“]:" =+ %[fr”'ﬂi'i‘l”g - m#ul‘}_

b2 .60




)
(;) UNIVERSITATEA POLITEHNICA piv BUCUREST]

Regular Neural Networks

Total Error
Fioral = Z %I_ri"ru'_g,rc-# — f,h'ri",iuwi":I2
Eial = %I_r#rr:'_:;c-#{,] — fJHi“”]l,"g T %If#rr:‘_qri"ug — mn‘_”g:lg

L(0.01 — 0.75136507)* = 0.274811083

Eq= %I_r#ru'_q:-#”] — out ) = ;

E,, = 0.023560026

Eppr = Eop + E,p = 0.274811083 + 0.023560026 = 0.298371109
b1.35 b2 .60
1
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Regular Neural Networks

Backward Propagation
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Regular Neural Networks

Backward Propagation - Chain Rule

output
h1
w5
output wé
tpu E 1 = Y(target ;- out )?
Etotal =En1+Eq
b2
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Regular Neural Networks

Backward Propagation - Chain Rule

output
h1
w5
e wb E .1 = Y(target o - out,; )?
Ewta =Ec1+Eq
b2
1
OF otal _ OEotar . doutyy . Onetg
chog dout,) ety chug b1 35 b2 &0
1 1
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Regular Neural Networks

Backward Propagation - Chain Rule Epat = L(targety) — outy)? + L(target,y — outy)?

output e .
l.lll:l‘:li il'i:rr;r,zl =2 %“”‘rlﬂi.#ﬂ] - ””i'la]:'g_] #—1+0
w5 - _ _ _
H = —(target, — out,y) = —(0.01 — 0.75136507) = 0.74136507
output w6é
",?; E .1 = (target ;1 - out, )?
Ewta =Eo1*Eq
b2
1
OEotar  OFEjgpa . douty . dnetg
o ot o1 (et hus
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Regular Neural Networks

Backward Propagation - Chain Rule

output
h1
w5
output w6é
" Eor = YA(target o1 - out,; )’
Ewta =Eo1*Eq
b2
1
OEotar  OFEjgpa . douty . dnetg
ey doutgy net o

Einral = %[a‘.ﬁ.:r'gf-#.m — mﬂ‘.,ﬂ}z + : [i".ﬁ.r'_{.rf-?‘.”g — ﬂm‘.‘,g}g

| Sl e

']'E L J— \ . a_
':J-r::.:ttn,,r =2 %[“” gety, — flfit”]}j 1, —14+0

-_].Enﬂ. — , . o —_ s - o
Touton = —(target ; — out,y) = —(0.01 — 0.75136507) = 0.74136507

_ 1
¥t it‘._,,] = {fe—nefal

doute] _
dnet, ﬂ”t'”“

(1 — out,;) = 0.75136507(1 — 0.75136507) = 0.186815602
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Regular Neural Networks

Backward Propagation - Chain Rule Byt = Mtarget, — out 4)? +

Etotar _ 9 4
oty

| ] e

Wintat — _(target, — outy) = —(0.01 — 0.75136507) = 0.74136507

oty

E .1 = Ya(target ;4 - out 4 )? out,y = I_H——Inaﬁ

Ewta =Ec1+*Eo2

dnet

net,y = ws * outyy + wg * outys + by % 1

dnctor — 1 s outyy * wi ™ 4040 = outy; = 0.593269992

S

vt 1 « dnet g

output
h1
w5
output wb
h2
b2
1
'i?Emm{ — d Emm{
s ot 51

net o

(IVOM]

[?‘.fa.rgf-t”g — fﬂit”g}z

| Sl e

(target,y — outy )2~ * =140

doutal — ot (1 — out,;) = 0.75136507(1 — 0.751365307) = 0.186815602
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Regular Neural Networks

Backward Propagation - Chain Rule

output
h1
w5
output w6é
" Eor = YA(target o1 - out,; )’
Ewta =Eo1*Eq
b2
1
OEotar  OFEjgpa . douty . dnetg
ey doutgy net o

|

Einral = %[a‘.ﬁ.:r'gf-#.m — mﬂ‘.,ﬂ}z + : [i".ﬁ.r'_{.rf-?‘.”g — f.}f!t”?}

2

| Sl e

']'E L J— \ . a_
':J-r::.:ttn,,r =2 %[“” gety, — flfit”]}j 1, —14+0

-_].Enﬂ. — , . o —_ s - o
Touton = —(target ; — out,y) = —(0.01 — 0.75136507) = 0.74136507

_ 1
¥t it‘._,,] = {fe—nefal

doutal — ot (1 — out,;) = 0.75136507(1 — 0.751365307) = 0.186815602

dnet
net,y = ws * outyy + wg * outys + by % 1

dnctor — 1 s outyy * wi ™ 4040 = outy; = 0.593269992

S

OEwetat — (), T4136507 = 0.186815602 » 0.593269992 = 0.082167041
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Regular Neural Networks

Backward Propagation - Gradient Descent To decrease the error, we update the weights by subtracting

this value from the current weight (optionally multiplied by

““;Fl'“t some learning rate, eta)

- wi = wy —n x 2Betat — 0.4 — 0.5 %0.082167041 = 0.35891648
e wb E .1 = Y(target o - out,; )?

Ewta =Eni+Eq
b2
1
OEotar  OFEjgpa . douty . dnetg
oy dout gy (et hus

E ol

tetel = (174136507 = (L 186815602 = 0.593269992 = 0.082167041
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Regular Neural Networks

Backward Propagation - Gradient Descent

output
h1
w5
output w6é
",f'; E o1 = Y2(target o4 - out,, )?
Ewta =Eni+Eq
b2
1
OEotar  OFEjgpa . douty . dnetg
o ot o1 (et hus

To decrease the error, we update the weights by subtracting

this value from the current weight (optionally multiplied by
some learning rate, eta)

wi = wy — 1 Lotetal — () 4 — 0.5 0.082167041 = 0.35891648

s

wi = 0.408666186

wd = (.511301270

wy = 0.561370121

The updates are performed after we have the new weights
leading into the hidden layer neurons (we use the original

weights, not the updated ones, when we compute the
derivatives for the other neurons).

(IVOM]
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Regular Neural Networks

Backward Propagation - Gradient Descent

b1.25 b2 .60
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Regular Neural Networks

Backward Propagation - Gradient Descent

b1 b2

b1.25 b2 .60
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Regular Neural Networks

Backward Propagation - Gradient Descent

O iotar _ FEiotal oty drety

alain oty drnety] ol

b1.25 b2 .60
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Regular Neural Networks

Backward Propagation - Gradient Descent 0ol — JBal  gnetol

b1

douty]  dnety) douty)

dnet g ot dnetg)
Eo1

net,; = ws % outyy + wg % outys + by % 1

duetol — g0 = ().40

Sty

E. f"':”' = GEa1 o dnetal — () 138498562 = (.40 = 0.055399425
Aoty dnet o Aoty
oty

+ 5 n 5 - - - -

Eotal =Eo1 +Eo2 ‘j}Efnf-tf = dEa 4 dBa () 155399425 + —0.019049119 = 0.036350306

douty Doty doaty
b2 .
1 O otal . OFg] o Eg |
Aoty — dowty oty | ctit g = 14e "eihl
9 0 o - - - . r
OFtotat _ Ftotar 5 doutis , dmety) ;J:::_‘:fil' = outyy(1 — outyy) = 0.59326999(1 — 0.59326999) = 0.241300709
dw;  douty) dnety) ohiy

netyy = wy * 4‘.-1 + g * f.-g T I[-'I * 1

Mroar — ().036350306 * 0.241300700 % 0.05 = 0.000438568 2ol — 7, — (.05

da

i
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dBe1 — O doutel _ () 74136507 + 0.186815602 = 0.138498562
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Regular Neural Networks

Backward Propagation - Gradient Descent Now we can update the weights

b=y — s Letal — (15 — 0.5 0.000438568 = 0.149780716

ty g

b1 b2

IEiotar _ FEiotal * douty * drety)
dw;  douty) dnety) ohiy

Peotat — ().036350306 * 0.241300709 * 0.05 = 0.000438568

(IVOM]
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Regular Neural Networks

Backward Propagation - Gradient Descent Now we can update the weights

wi

= wy — i % LEtetal — ()15 — 0.5 % 0.000438568 = 0.149780716

T

wy = (L19956143
wy = (.24975114

wi = (.20950229

Finally, we’ve updated all of our weights!

b1 b2
= ! When we fed forward inputs originally, the error on the
network was 0.298371109.
IEpotar _ IEtotar 4 doutn) . dnety) After this first round of backpropagation, the total error is
duw - douty  dnetyy o du now down to 0.291027924.

Repeating this process 10,000 times, for example, the error
plummets to 0.000035085.
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Convolutional Neural Networks

CNNs vs. MLP

3D Volumes of neurons

* Neurons in each layer are disposed as a stack of D feature

maps of size HxW
e 3D volume of DxHXW neurons

Local connectivity

e Each neuronin layer “n” is connected to a small patch of

the previous layer: receptive field.

Weight sharing

e In each feature map (depth slice), all neurons are connected
to their respective receptive fields by the same set of weights.

(IVOM]
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Convolutional Neural Networks

CNNs vs. MLP

\

tput layer

hidden layer 1 hidden layer 2

3D Volumes of neurons
* Neurons in each layer are disposed as a stack of D feature
maps of size HxW
e 3D volume of DxHXW neurons

y;
&

%
A
10
4
XD
*

W
%
X
N
%
®

n
)
®

input layer
* Local connectivity

e Each neuronin layer “n” is connected to a small patch of

the previous layer: receptive field. /
*  Weight sharing

e In each feature map (depth slice), all neurons are connected
to their respective receptive fields by the same set of weights.

—t
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Convolutional Neural Networks

CNN Common Layer Types:
* Input Layers

e Gather the and data, and eventually preprocess it.
Convolutional Layers

e Performs convolutions between input feature maps and
learnable kernels. The transfer function from MLP.
* Non-linearity Layers

e Similar to the activation function of the MLP.
For medium-large CNNs use RelLU!
* Fully-connected Layers
* Each neuron in this layer is connected to all the neurons
in the previous layer. MLP legacy layer.
* Pooling Layers
* Down-sampling of the feature maps of the previous
layers along to provide translation invariance.
*  Qutput Layers
e Computes the PDF over the space of possible classes.

e Compute the error of the network.
(IVOM]
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Convolutional Neural Networks

Convolutional Layer (Similar to the transfer function in MLP)

Padded Input Map: 7x7
Kernel Size: 3x3

Output: 5x5
o|ojofjofO0O|O0|O
O|4|7|5|1]|-1]0
O| 5|12 |5(2]4]0 1110
oOo|o0o|1(6(3|5]|O0 2 [-1] 3
O|-1|{5|(0(2|2]|0O0 0O |-1]2
0O|2|2 (11|30
o|ojofofO0O|O0|O
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Convolutional Neural Networks

Convolutional Layer

Padded Input Map: 7x7
Kernel Size: 3x3

Output: 5x5
0| 0610 [07T6-]0 |
04 |7 |5]|1]-1]07
0[5|2|5|2]|4]0 1|10
0 [0 T3%16]| 3750 2 -1 3
o125 o]z 2 to+——0 1|2
o(22|1]1]3]0
ololo|o|O|O]|oO
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Convolutional Neural Networks

Convolutional Layer

Padded Input Map: 7x7
Kernel Size: 3x3

Output: 5x5
0|0[0 6,0 [0T6-
0|l4|7|5|1|-1]0
0[5|2|5|2]4]0 1|1]0
00| TT6]l3][5T6- 2 -1 3
ol-1|5]0]2]2 T\ 0|-1]2
o(2]2|1|1]3]0
ojo|o0o|oO|O|]O]|O
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Convolutional Neural Networks

Convolutional Layer

Padded Input Map: 7x7
Kernel Size: 3x3

Output: 5x5
0| 0|0 [O0O1+0] 0 ][0
O(4|7|5|1]|-1|0
O| 512|524/ |0 11110
00| 1]|®T3L5 \0\\ 2 |-1] 3
oO|-1(5]02]2]|0 O(-1] 2
o|212|1113 /|60
Oo(0|0|0O0O|0O0O|O0|O
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Convolutional Neural Networks

Convolutional Layer

Padded Input Map: 7x7
Kernel Size: 3x3

Output: 5x5
o000 [6B+0 O
oO|4 |7 |51 (|-1|0
O|5(2|5(2|4]|0 1110
0O|0|1]|-6|3+5]0 \ 2 | -1 3
O|-1|{5|0(2|2]|0O0 0 |-1]2
0|22 |1(1]3]0
o|ojo0ofjO0OfO0O|O0O0]|O
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Convolutional Neural Networks

Convolutional Layer

Padded Input Map: 7x7
Kernel Size: 3x3

Output: 5x5
o o|o|o|0oTelo
ola4|7|5]2|2]o0
o|s5|2|52]4]o0 1110
0[0|1]|-6|3T5l0 2 |13
ol-1|s5|o0l2]2]o0 0o(-1]2
ol2|2|1]1]3]o0
olo|lo|o|lo|o]o
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Convolutional Neural Networks

Convolutional Layer

Padded Input Map: 7x7
Kernel Size: 3x3

16

24

11

12

Output: 5x5

ojlolo|o|o|lo]|oO
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Convolutional Neural Networks

Convolutional Layer

Padded Input Map: 7x7

Kernel Size: 3x3

1 (160
-1
0|-1]| 2

Output: 5x5
o|ojofjofO0O|O0|O
O|4|7|5|1]|-1]0
O|5|2 (|52 |4]|0
O|0|1|-6|3L5TO0
O|-1|{5(0f(2|2]|0
O|2|12 11|30
O|0|O0O|O0OfO0O}tBTTO

16 [ 24 | 11 | 12 | -1
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Convolutional Neural Networks

Non-linearity Layer (The same as the activation function in MLP)
Apply a non-linear function (activation function) to each element of the input feature maps.
e RelLU (Rectified Linear Unit) as activation function.

* Sigmoid
e TanH
4 1)
4 Input Map Output Map ) ReLU [f(x) = max(0,x)
15| 5 |25 Il |
P I R?LU | :
S T2l o Non-linearity |
— 1
212 1-2 U
1|3 | 4 ]
- J \_ i )

(IVOM]
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Convolutional Neural Networks

Non-linearity Layer
Apply a non-linear function (activation function) to each element of the input feature maps.
e RelLU (Rectified Linear Unit) as activation function.

* Sigmoid
e TanH
4 Input Map Output Map ) ReLU [f(x) = max(0,x)
15| 5 |25 RelU 15| 5 |25 I |
8 | 5| -4 ? _ 8| o]l o0 :
Z 1110 Non-linearity o o IR )
2121 -2 : ol 210 U
13| 4 11 3] 4 J
- Y, z -
- L

(IVOM]
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Convolutional Neural Networks

Pooling Layer

Block-wise down-sampling along the width/height dimensions of each input feature maps.
e Max-Pooling
e Average-Pooling

Input Map Output Map

81| 2
2 | 2

Ho

(IVOM]

Max-pooling (2x2)

O|lFRr| O |+

0
2
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Convolutional Neural Networks

Pooling Layer

Block-wise down-sampling along the width/height dimensions of each input feature maps.
e Max-Pooling
e Average-Pooling

Input Map Output Map
418 |12 :
Max-pooling (2x2) g | 2
610 2 2 —
12 2
0|0

(IVOM]
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Convolutional Neural Networks

Pooling Layer

Block-wise down-sampling along the width/height dimensions of each input feature maps.
e Max-Pooling
* Average-Pooling

224x224x64
112x112x64

pool

——

- 112
224 downsampling !

112
224

(IVOM]
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Convolutional Neural Networks

Networks Visualization

CIFAR-10
=EET - AREDS -
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https://github.com/dmlc/mxnet/blob/master/example/image-classification/train_mnist.py
https://github.com/dmlc/mxnet/blob/master/example/image-classification/train_mnist.py
https://github.com/dmlc/mxnet/blob/master/example/image-classification/train_mnist.py
https://github.com/dmlc/mxnet/blob/master/example/image-classification/train_mnist.py
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https://github.com/dmlc/mxnet/blob/master/example/image-classification/train_mnist.py
https://github.com/dmlc/mxnet/blob/master/example/image-classification/train_mnist.py
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