O dc CIENCIAS DE LA COMPUTACION
88 C UNIVERSIDAD DE CHILE

Redes Neuronales Convolucionales

[convolutional neural networks)

” g 8 Jose M. Saavedra R.
| , g /8 ™ Profesor Asistente
3 -9 B g
) ! jmsaavedrar@miuandes.cl
= & an ‘i

e
" CI—ASE 202 Ed. Ingenieria - Oficina 315



Percepcion Visual

https://www.youtube.com/watch?v=I0Hayh06LJ4

T. Wiesel & D. Huebel y el experimento del "gato"
Visual Perception

Fuente: Deep Learning lllustrated
https://www.deeplearningillustrated.com/



Percepcion Visual

T. Wiesel & D. Huebel
Visual Perception

Una célula simple en la corteza visual primaria
de un gato responde con diferente intesidad
dependiendo de la orientacion de un borde.

Fuente: Deep Learning lllustrated
https://www.deeplearningillustrated.com/




Percepcion Visual y Redes Convolucionales

“simple “complex
cells” cells”

neuron
eves T —————ap—— 5
; layers

Fuente: Deep Learning lllustrated
https://www.deeplearningillustrated.com/

Jose M. Saavedra



Percepcion Visual y Redes Convolucionales

Visual Perception

Regiones de la corteza visual. La region V1, recibe
informacion de bajo nivel desde la retina y contiene
células simples capaces de detectar bordes
orientados.

A través de la recombinacion de informacion, via un
gran numero de capas de neuronas subsecuentes,
una mayor abstraccion es representada (mayor
semantica).

Fuente: Deep Learning lllustrated
https://www.deeplearningillustrated.com/

Jose M. Saavedra



Redes Convolucionales

large simple
features

smaller more
complex
features

— probability
outputs

AQui se muestra una simple arquitectura
de red convolucional (CNN) compuesta
por capas convolucionales (al inicio) y
capas densas (al final).

En el proceso (fordward) cada capa recibe
un tensor (generalmente de 3
dimensiones) y devuelve otro tensor con
la misma dimensionalidad.

e Untensor T esrepresentado por 3
dimensiones : Hx W x C

e Cuando procesamos en batch (SGD)
afadimos una cuarta dimension al
inicio asi, el tensor T queda
representado como Bx Hx W x C
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Convolutional Layer

WIJ{

X W——*

regular convolution
[correlation]

Filter size: k‘ X k‘

Here, we suppose a square filter, but
we can also use a non-square one.

T‘I‘

convolution layer

R T

- om o=oW

the input layer



Redes Convolucionales

Convolutional Layer

| wix+b %
xl_r—-[—\%h‘w-—-—a“‘ﬂ ! —

Number of learnable parameters Nin X kExk+1
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Convolutional Layer
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Redes Convolucionales

Pooling Layer

j\h___——___'—_.

pooling = It locally aggregates the
network's responses.

Parameters (Hyperparameters):
e Pooling Type : AVG, MAX
e Regions Size (kernel size) : Size of
the local region
e Stride: It will affect the output size.
A stride = 2 will produce an

output reduced to half (spatially).
e No learnable parameters
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Global Average Pooling (GAP)
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Fully-Connected Layer (Dense Layer)

Parameters :
e Sijze : Number of neurons nﬂut

Number of learnable parameters:

(nin + 1) X Nout
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Colocando todos lo componentes en accidon
AlexNet

ImageNet Classification with Deep Convolutional Neural Networks
[Alex Krizhevsky 2012]
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Para generar un modelo no-lineal y favorecer la convergencia, se agregan
funciones de activacion al final de cada capa (sigmoid, ReLU, leakyRelU,
Softplut, etC.). S— SN SR [ R

Bina { “il : B g 0 {U, 1} c

Logistic, 1

sigmokd, or ofz) = ——— alx)(1 — g(=x)) (0,1} ¢
I D — 1 soft step l+e

Hyperbal

L+ - T £
tangent i tanh(z) = — 1—g(z)* (-1,1) =
2 7 et =
(tankh)
Rectified e - JO ifx<0 0 ifz<0
(I—Ell-} D linear unit / ()i { x ifx=0 { 1 ifxr >0 [0, co) ol
q‘) 1 (ReLU)™ = max(0,z) = r1l.-0 undefined ifx =10

Gaussian 1 T
) - le Linear . P (1 +erf (ﬁ) Dix) + zd(x) (—0.17...,00) |C*
.1/ )

= | 1
_l"* T | — Softplus’™ (1 + & (0, 5a) o
— J— =] 1+e-®
. a=®'x> y= f(a)
\ | £ F E
. Il'n. lI|I Expnnen.llal {"‘"‘{I=3 - 1) 1:1 ? g " I.f.{: f 0 B e
. ., . ., linear unit . * e > 1 ife >0 (=, 00) oo I e
|—»\ funC|On de aCtIVaClon tELLI]:""l wilh parameter o 1 fr=0ande=1 otherwise
(Il’fj S

) d Scaled A{a(e’ 1) ifzx<0
eeeeeee x it =0 ae” ifxr<0
linear unit with parame ters A = 1.0507 ’\{ 1 ifz=0 (Sieice) ¢
(SELUY' andox = 1.67326
Leal
rectified N 0.01 ifz=<0

: 0.01z ifxr<0 :

uuuuuuuuu - { . 1 ifz >0 (=00, 00) c*
{Leaky 2 =il {uucleﬁnﬂl fr=0
RelU)'?
Paramet nc Vi {”m if & o< U r
rectified ifz >0 a fx<0 -
linear unit ',—'/ Iﬂ nE _be { 1 ifx>=0 (aa:e5) ¢
{PReLU} ’ i

https://github.com/jmsaavedrar/convnet2
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Normalizacion de Capas

Normalizar la salida de una capa es tan importante como normalizar la entrada. Recordemos
que normalizar la entrada de un modelo significa hacer que las diferentes caracteristicas
tengan el mismo rango de variacion. En una red neuronal, las salidas de una capa también
pueden mostrar variaciones que afectan el entrenamiento. Para manejar tales variaciones
se han propuesto estrategias que permiten normalizar las salidas de una capa de una red

neuronal.
En general, la idea es estimar la media p y la desviacion estandar o, y normalizar los

datos bajo la siguiente expresion:
-~ X—y |
Xx-="H (3.44)
iy

norm(X) =vX + 3 (3.45)
(3.46)

donde v y 3 son parametros aprendibles, y agregan flexibilidad a la normalizacion.

Cap 3.5.7

https://github.com/jmsaavedrar/convnet2
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Batch Norm

H, W

BatchNorm requiere 2 parametros (v y ) aprendibles por cada canal de la capa
subyacente. Ademads, es necesario mantener los estadisticos p y o para la fase de
prediccion.

https://github.com/jmsaavedrar/convnet2

Layer Norm

LayerNorm requiere 2 parametros (v y ) aprendibles por cada canal de la capa suby-
acente. A diferencia de BatchNorm, LayerNorm no necesita mantener los estadisticos
1y o, ya que estos dependen de la entrada.




Redes Convolucionales

32
Gd
12B

1 =

7 A - P : B | g
& = i E =4

cany max-pool canv max-pasl conv max-poal

13,321 12 3,641 (3,3, 21 . 3, 128 e e fo
Aot 1

Figure 3.21: Una simple arquitectura convolucional para MNIST.

. . Reconocimiento visual con DL (José M. Saavedra
https://github.com/jmsaavedrar/convnet2 IMICNto visy U veara)



Redes Convolucionales
Practica

https://github.com/jmsaavedrar/convnet?
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https:.//impresee.com/train-your-own-convolutional-network/
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Gradient Descent

Loss Function
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Vanishing Gradient Problem [backpropagation]

()¢ O) VL Z ,}/L+1 L+1
~ ) 7 _

T

product of derivatives

’} i =YY Y’

https://www.youtube.com/watch?v=e0dlpYa)9k0&Ilist=PLUh8MMo7TfsPLIOQtwXMb59IBDsPAYsHk
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Vanishing Gradient Problem

What is the effect of the sigmoid activation
function in deep networks?

0.8 -

0.2 -

https://www.youtube.com/watch?v=e0dlpYa)9k0&Ilist=PLUh8MMo7TfsPLIOQtwXMb59IBDsPAYsHk

0La5 1

¢ depth

0. 2589 = 0. 000000954
0.25%0 = 8.673617379% — 19

vanishing gradient
problem on deep networks
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Vanishing Gradient Problem

RelLU function derivative of RelLU

T T

0 10}
sb - ReLU(x) = max(x,0 {  os}
6l | o6l derivative exadtly zero here
4| y 0.4 |
2 L . 0.2}
0 0.0
=10 -5 0 5 10 =10 -5 0 5

https://www.youtube.com/watch?v=e0dIpYa)9k0&Ilist=PLUh8MMo7TfsPLIOQtwXMb59IBDsPAYsHk
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DEEPER NETWORKS

Input : Image input VGG
AlexNet Conv | : Convolutional layer Conv 3x3 filters, stride = 1
-1 o N s | B § ~ Pool : Max-pooling layer MaxPooling of 3x3, stride = 2
SR EBIEBIEIIB|" |8 |
= FC : Fully-connected layer Hidden units use RelLU
E E E © T E E - - -
m  o® o o B D @ . The net is organized by blocks,
d @ ® © o E} ® Softmax | : Softmax layer where each block is related to a
o ¢ N N . certain resolution
VGGNet
=lle lellzilelellz|lelellz|leilellz|lellelz]z = = |5
EIRRBIERIEIERERBIEBIEIEIREIEIREIREIE 3
|
r r r r r r r
o] 2] o o 2t} o k]
s 3 r s ® 3 o
= r w B th =~

Karen Simonyan, Andrew Zisserman. “Very Deep Convolutional
Networks for Large-Scale Image Recognition™. ICLR-2015
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VGG

ConvNet Configuration
A A-LRN B C E
11 weight | 11 weight | 13 weight | 16 weight | 16 weight [ 19 weight
layers layers layers layers layers layers
INPUT ¥ input (224 x 224 RGB imag
Conv 1-1 conv3-b4 | conv3-64 | conv3-64 | conv3-64 | conv3-64 J convi-bd
Conv 1-2 LRN conv3-64 | conv3-64 | conv3-64 | conv3-64
| Pooling | MaXDoo]

CONv3-128 | conva-128 | conv3-128 | conva-128 | conva-128 || conv3-128
| Conv2-1 conv3-128 | conv3-128 § conv3-128 J conv3-128
| Conva-2 maxpool

comv3-256 | conv3d-250 | conmv3-256 | conv3-256 | conv3-256 J conv3-256

conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 § conv3-25f _

Conv 3-1 convl-256 ) conv3-256 Tva-200 VGG 16
Conv 3 2 conv3-256
%"’_5; maxpool
oo E conv3-512 | conv3-512 | comv3-512 | conv3-512 | conv3-512 § conv3-512
Conval | 2 conv3-512 | conv3-512 | conv3-512 | convi-512 J convi-512 § convi-512
Convd? | = convl-512 § conmv3-512 § convi-512
Conv 43 convi-H12
Pooling maxpoo|
Cow51 | COMVI-512 | convi-512 | convi-312 | conva-512 | convi-512 [ conva-5l
Tore 52 conv3-5312 | conv3-512 | conv3-312 | conv3-512 | conv3-512 § conv3-512
Cony 5.3 convl-512 | conv3-512 § convi-5ld
Pooll convi-512
maxpool
Dense FC-4096
FC-i0%
Dense FC-1000
OUTPUT + soft-max
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VGG

" ConvNet conhg. (1able 1) smallest‘image side | top-1 val. error (%) | top-5 val. error (%6)
train (5) | test (())
A 256 20.6 10.4
A-LRN 256 256 29.7 10.5
B 256 256 287 9.9
256 256 28.1 9.4
C — 304 84 281 0.3
D K B4 .8 .

[250;512] | 364 25.6 B.1
256 256 27.3 9.0
E 384 384 26.9 8.7
- 1256;512] 384 25.5 8.0

The input is randomly cropped to 224x224

AlexNet (16.4%)
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Simply stacking layers?

CIFAR-10
train error (%) test error (%)

§ hﬂ\ﬂll j\\_ﬂ N S56-layer
kv\ 56-layer

20-layer

20-layer

9 2 i

] ) 3 4 A h (1] ‘I -l
ier. { led)

2 3
iter. { led)

* Plain nets: stacking 3x3 conv layers...
* 56-layer net has higher training error and test error than 20-layer net

Kaiming He, Xiangyu Zhang, Shaoqing Ren, Jian Sun. “Deep Residual Learning for
Image Recognition”. 2015
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Residual Networks (ResNet)

If X" provides enough information, H should learn the

identity mapping. That is, the extra layer adds no
Hy_y information and simply copy the input to the output.
However, once the network starts becoming very deep, the
r o T'—]. .. i - - !
Hr— 1 (X ) optimizer experiments difficulties to learn such a solution.
ResNet: A shortcut is the solution
o
r—+1 T xr
X't = H.(x") '
F
::fgi::n'?hL;a;:w:ﬁ: Bayesian and Optimization Perspective H-p(]‘{ ) — F( X ) + x
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Residual Networks (ResNet)

Network “Design” plain net
e Keep it simple

* Our basic design (VGG-style)
* all 3x3 conv (almost)

» spatial size /2 => # filters X2 (~same complexity per layer)
 Simple design; just deep!

e Other remarks:
* no hidden fc

* nodropout

| '-'.-.;u. s 2 |

5 °

pm———

L J) || |=
“« wlelele el

el (&
gl I

:| 1B | el fe)

ResNet



Redes Convolucionales
Residual Networks (ResNet)

Network “Design”
* Keep it simple

* Qur basic design (VGG-style)

* all 3x3 conv (aimost)
* spatial size /2 => # filters x2 (~same complexity per layer
* Simple design; just deep!

* Other remarks:
* no hidden fc
* no dropout

image

¥

%7 conv, 64, /2

mage

Y

v

pool, /2

¥

7x7 conwv, 64, /2

v
—

3x3 conv, b4

Y———_ |

. A

3x3 conv, 64

h 4

3x3 conv, b4

v

3x3 conv, 64

]

\

3x3 conv, 64

¥

3x3 conv, 64

|

J

\ 4

Ix3 conv, 64

\ 4

3x3 conv, 64 _J

3x3 conv, b4

\ 4

3x3 conv, 64

3Ix3 conv, 64

Vad Nowd Neud

v

3x3 conv, 128, /2

¥

3x3 conv, 128

v

residual
block

block

keeps
resolution
constant
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Residual Networks (ResNet)

Residual Block

ull

weight layer

f(x) l relu

weight layer

F(x) + x {i-):elu

X
identity

image

Y

7x7 conv, 64, /2 |

v

pool, /2

¥

3x3 conv, b4

\ 4

Ax3 conv, b4

v

3x3 conv, b4

\ 4

Ix3 conv, 64

\ 4

3x3 conv, b4

4

Ix3 conv, 64

\ 4

3x3 conv, 128, /2

¥

3x3 conv, 128

\ 4

image

Y

Tx7 conv, 64, /2

v
pool /2

residual
block

3x3 conv, 64

\ 4

Ix3 conv, 64

P

3x3 conv, b4

\ 4

Ix3 conv, 64

ix3 conv, 64

A 4

ix3 conv, 64

P—

-

N
L’

~~ Dblock
_
N
w
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Residual Networks (ResNet)

ImageNet experiments

ImageNet plain nets ImageNet ResNets

OO

5[} (NN O

gm__, 34-layer ; e e R S 18-layer

3“.......m..................................m........................................................-...m.........m....... 3[}................................".........m.........m..r......“ EEpirTIiIIIEEEEEELIRAdEEREEEE IR adERS e b AR RE R

: solid: test s TP :
plain-18 S o “ Reﬁﬂet-lﬁ\ Arwiaia sy, ey
- laln-:'.'r-’l gdasned: train 18-'3?"&[‘ - ResNet-34 34-|aver
i i i i j. i i i

EI}(} 10 20 30 40 50 'u(} 10 20 30 40 50
iter. (1ed) iter. (led)

* Deep ResNets can be trained without difficulties
* Deeper ResNets have lower training error, and also lower test error



Redes Convolucionales

Residual Networks (ResNet)
ImageNet experiments

* A practical design of going deeper

relu

similar

a”_axa ! Cﬂlﬂplﬁ}‘:it'ﬁj P bOttIenECk
| (for ResNet-50/101/152)
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Residual Networks (ResNet)

A implementation of a ResNet block

https://github.com/jmsaavedrar/convnet2/blob/mast
er/models/resnet.py

https://github.com/jmsaavedrar/convnet2/blob/master/models/resnet.py
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Residual Networks (ResNet)

layer name | output size 18-layer 34-layer 50-layer 101-layer 152-layer
convl 112x112 7x7, 64, stride 2
3 %3 max pool, stride 2
[ 1x1,64 ] [ 1x1,64 ] 1x1,64
X | SRk [ g”“;'ﬂ ]xZ [ ;“i’ﬁ ]:-(3 3x3,64 |x3 3x3,64 | x3 3x3,64 | x3
e i | 1x1,256 | | 1x1,256 | | 1x1,256
. . ' ] Ei-%L 1%, 128 [ 1%1,128
conv3x | 28x28 gxg :ig X2 ;"‘; :§§ x4 | | 3x3,128 | x4 3x3, 128 | x4 3x3, 128 | x8
S S et | 1x1,512 | | 1x1,512 | | 1x1,512
. 1 - . 1x1,256 | 1x1,256 | 1x1,256 |
conv4d _x 14x14 gig ;gg X2 g:g ;gg x 6 3x3,256 | %6 3%3. 256 | ¥23 3x3,256 | x36
. : : : ’ : | 1x1,1024 | 1x1,1024 | 1x1, 1024
. : : il 12 1x1,512 1x1,512
convy_x 1x7 g:ggg e gxggg %3 Jx3 512 | %S . 512 =3 g 3
) et | 1x1,2048 | 11,2048 1x1,2048
1x1 average pool, 1000-d fc, softmax
FLOPs 1.8x10° 3.6x10? 3.8x10° 7.6x10° 11.3x10°

Kaiming He, Xiangyu Zhang, Shaoqing Ren, Jian Sun. “Deep Residual Learning for
Image Recognition”. 2015
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Residual Networks (ResNet)

ImageNet experiments 28.2

25.8

I 152 layers ‘
- _

\

\

16.4

\

3.57

B “Em

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

ImageNet Classification top-5 error (%)



de un Modelo ResNet
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Analisis de un Modelo ResNet [atributo = color]
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Analisis de un Modelo ResNet [atributo = color]
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Analisis de un Modelo ResNet [
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Analisis de un Modelo ResNet [atributo = textura]
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Analisis de un Modelo ResNet [atributo = textura]

Practica

e Evaluar el comportamiento del b

recuperacion d

e Evaluar el comportamiento del b

recuperacion d

e imagenes basac

e imagenes basac

oque-2 de un modelo ResNet-50 en el contexto de

a en color.
oque-4 de un modelo ResNet-50 en el contexto de

a en textura.

https://github.com/jmsaavedrar/visual_attributes




Top-1 accuracy [%6]
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Clase 3
e Modelos Atencionales
e [Tranformers

e Vision-Transformers



