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Hubel & Wiesel (1959)

https://www.youtube.com/watch?v=y 14kQ5wjiw




Estrutura Feedforward Tradicional

» Rede Totalmente Conectada (Fully Connected)

hidden layer 1 hidden layer 2 hidden layer 3




Como Lidar com Padrées em Areas Diferentes?
Que tal detectores em areas diferentes?

Comprimidos para 0s
mesmos parametros!
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10 Passo: Camada Convolucional

« CNN: rede neural com camadas convolucionais e outras camadas
« (Camada convolucional: filtros que fazem operacao de convolucao
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COnVOI UQéO Parametros a serem

aprendidos!

-1
1 Filtro 1

-1

Filtro 2

6 X 6 image

Cada filtro detecta
pequeno padrao(3 x 3)




Convolucao Filter 1

stride=1

0 Dot

product
—_—

6 X 6 Image




Convolucao

If stride=2

6 X 6 image




Convolucao “1INJ-1] Filtro 1

stride=1
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6 X 6 Image

Duas imagens 4 x 4
Formando matriz2 x4 x 4
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Convolucao vs Totalmente Conectada

convolucao

Fully-
connected




Filter 1
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6 X 6 image

Conexao com
apenas 9 entradas
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Menos parametros
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6 X 6 image

Pesos
compartilhados




Max Pooling
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Max Pooling

Nova imagem

1 menor
0 Conv (\ <f\
-1 1
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2 X 2 iImage

Cada filtro
e um canal

6 X 6 Image




Convolucao...

Main CNN idea for text:
Compute vectors for n-grams and group them afterwards

Example: “this takes too long” compute vectors for:
This takes, takes too, too long, this takes too, takes too long, this takes too long

1|01
0|10
1|01

Convolutional
3x3 filter

Convolved
Feature

Input matrix

http.//deeplearning. stanford. edu/wiki/index.php/Feature_extraction_using_convolution




Max Pooling

Main CNN idea for text:
Compute vectors for n-grams and group them afterwards

Feature Map

Max-Pooling

max pool
2x2 filters
and stride 2

https://shafeentejani.qgithub.io/assets/images/pooling.gif




Por Que Fazer Pooling?

» Subsampling ndo muda o objeto

—)

Subsampling

passaro
passaro

Subamostrar pixels para tornar imagem menor

‘ Menos parametros para caracterizar a imagem




CNN Completa
G
Lo (5

. - Pode se
- - repetir

Convolution || varias

vezes

Menor que a original

Numero de canais=Numero de Filtros W




Convolution

Rede’v‘ Fﬁe‘eb kWérd

Convolution

(o]
-
T
)
O =
A 7
C o
oF
O
v
= &
=
@ -
m‘
T
i)
@)
T




Z
Z
O
I
. -
>
U
Z
V
-
7
a'd




Achatamento
(Flattening)

A

\

V-1 1)

L ‘ _

i | i 3J Achatada

Rede Feedfoward
Totalmente Conectada |




CNN em Reconhecimento da Fala
t

Filtros se movem na
direcdo da frequéncia

Frequency

>

Spectrogram



CNN em Classificacao de Textos

sentence convolutional pooled
matrix feature map representation
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Source of image:
http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.703.6858&r
ep=repl&type=pdf




Solucao Tipica em Visao Computacional
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Para reconhecer coisas?




Solucao Tipica em Visao Computacional

1. Definir e selecionar caracteristicas:
2. SURF, HoG, SIFT, RIFT.
Acrescentar classificadores

Feature
Extraction:
SIFT, HoG...




Solucao em Deep Learning:
Pipeline Baseado em Visao

« Extrair caracteristicas automaticamente baseado nos dados
» Combina a extracao com classificacao
» Papel do especialista: definir topologia e treinamento




Visao Computacional + Deep Learning +
Machine Learning

« Combinar caracteristicas prée-definidas com
caracteristicas aprendidas

» Melhores métodos para classificacao de multiplas classes

» Especialistas em CV+DL+ML necessarios para criar
melhores solucoes

CcVv
features
HoG, SIFT




CNN Multi-camadas

Convolutional + Non-Linear Layer
Sub-sampling Layer
Convolutional +Non-Linear Layer
Fully connected layers

Supervised

Inpuc layer

feature m APS

Q
Extracao de Caracteyisticas | ificg@ég

convolution layer | sub-sampling layer l convolution layer | sub-sampling layer l ful|y connected ML




Como Tudo Comecou? LeNet5

C3: f. maps 16@10x10

INPUT C1: feature maps 3 S4: f. maps 16@5x5
.3 6@28x28 — o
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Muitos casos facilmente
reconhecidos por

humanos
Taxa de erro humana

Os 82 erros
da LeNet5
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Erros na Rede de Ciresan et.al.
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Digito em cima: resposta
certa. Digitos de baixo: 2
melhores apostas da rede.

Resposta certa quase
sempre nas 2 melhores
apostas.

Tirando a media,
performance aumentou
para 25 erros.




Competicdo ILSVRC-2012 no
Dataset ImageNet

- 1.2 milhdes de imagens em - Alguns dos melhores
alta resolucao. metodos de visao

. Tarefa de classificacao: computacional (VC) foram
_ Encontre a classe corretanas ~ Us@dos: Oxiord, INRIA,

suas 5 melhores apostas. XRCE, Tokio
1000 classes.

- Tarefa de localizagao: — Sistemas de VC com tarefas

— Para cada aposta, desenhe complicadas de multiplos
uma caixa entorno do objeto. estagios
Sua caixa tem de ter pelo — Estagios iniciais envolvem
menos 50% de sobreposicao refinamento a mao de
com a caixa correta. parametros




Exemplos de Apostas

et Train is [Whe b plane, with v train magoazine ond o |
12 that pou zam plag po a* Rasdansnes intn and listan |

cheetah _ bullet train hand glass
cheetah bullet train scissors

leopard passenger car han+ glass

snow leopard subway train fr*ing pan

Egyptian cat electric locomotive st*thoscope




Taxas de Erros: ILSVRC-2012

classification

* University of Tokyo ° 26.1%

» Oxford University Computer Vision ° 26.9%
Group

* INRIA (French national research o 27.0%
institute in CS) + XRCE (Xerox
Research Center Europe)

 University of Amsterd
niversity of Amsterdam . 9959

* 16.4%

» University of Toronto (Alex Krizhevsky)

classification
&localization

53.6%
50.0%




Classificacoes na Imagenet 2012

* Krizhevsky et al. -- 16.4% error (top-5)

 Next best (non-convnet) — 26.2% error




Rede Neural CNN para ImageNet

- Alex Krizhevsky (NIPS 2012): rede muito profunda
baseada no trabalho de Yann Le Cun

— 7 camadas intermediarias sem contar camadas de max pooling
— Primeiras camadas convolucionais
— Ultimas 2 totalmente conectadas




Alguns Exemplos de
Classificacao: ILSVRC

Polaroid camera
pencil sharpener

switch

abacus

slug

hen|

typewriter keyboard
space bar
computer keyboard

#

zucchini
ground beetle

common newt

cock
cocker spaniel

partridge
English setter

combination lock

cha

accordion

%

R
mbered nautilus

water snake

P A ¢

tape pla e

planetarium

tiger
tiger cat
tabby

boxer

Saint Bernard

lampshade
throne
goblet
table lamp
hamper

callular telephone

slot
reflex camera
dial telephone

iPod

planetarium

dome

mosque

radio telescope
steel arch bridge




mite

container ship

motor scooter

mite

black widow
cockroach
tick

container ship

motor scooter

lifeboat
amphibian
fireboat

go-kart

moped
bumper car

i

drilling platform

mushroom

golfcart

herry

cheetah
snow leopard
Egyptian cat

- :
X Xk

Madagascar cat

__convertible|

grille

pickup

beach wagon
fire engine

agaric

mushroom

jelly fungus

gill fungus
dead-man’'s-fingers

dalmatian

squirrel monkey

grape
elderberry
ffordshire bullterrier

currant

spider monkey
titi

indri

howler monkey




Topologia da CNN de Krizhevsky

e 5 convolutional Iaye I's ImageNet Classification with Deep Convolutional
I k
« 3 fully connected layers + soft-max Neural Networks

« 650K neurons , 60 MIn weights
Alex Krizhevsky Ilya Sutskever Geoffrey E. Hinton
University of Toronto University of Toronto University of Toronto

kriz@cs.utoronto.ca ilyalcs.utoronto.ca hintonf@cs.utoronto.ca
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Explosao

MENL =

CONMECT

2 10 BREAKTHROUGH
il TECHNOLOGIES 2013

I HOME =

Introduction The 10 Technologies Past Years

With massive amounts
of computational
power, machines can
now recognize objects
and translate speech
in real time. Artificial

getting smart.

Temporary Social
Media

Messages that quickly
sel-destruct could
enhance the privacy of
online communications
and make people freer
to be spontaneous.

: ]

Prenatal DNA
Sequencing

Reading the DNA of
fetuses will be the
next frontier of the
genomic revolution.
But do you really want
to know about the
genetic problems or
musical aptitude of
your unborn chid?

Skeptical about 3-D
printing? GE, the
world's largest
manufacturer, is on
the verge of using the
technology to make jet
parts.

S

Rodney Brooks's
newest creation is
easy to interact with,
but the complex
innovations behind the
robot show just how
hard it is to get along
with people.

Memory Implants

SmartWatches

Ultra-Efficiant Solar
Power

Big Data from
Cheap Phones

MIT Technology Review, April 23,2013

Supergrids




ILSVRC 2012: Top Rankers

http://www.image-net.org/challenges/LSVRC/2012 /results.html

IIIW Algorithm

0.153

0.262

0.270
0.271
0.300

Deep Conv. Neural Univ. of Krizhevsky et al
Network Toronto

Features + Fisher Vectors ISI Gunji et al
+ Linear classifier

Features + FV + SVM OXFORD_VGG Simonyan et al
SIFT + FV + PQ + SVM XRCE/INRIA Perronin et al

Color desc. + SVM Univ. of van de Sande et al
Amsterdam



Imagenet 2013: Top Rankers

http://www.image-net.org/challenges/LSVRC/2013/results.php

IIIW Algorithm

0.117 Deep Convolutional Neural Clarifi Zeiler
Network

0.129 Deep Convolutional Neural Nat.Univ Min LIN
Networks Singapore

0.135 Deep Convolutional Neural NYU Zeiler
Networks Fergus

4 0.135 Deep Convolutional Neural Andrew Howard
Networks

0.137 Deep Convolutional Neural Overfeat Pierre Sermanet et
Networks NYU al




CNN: Faces

Landmark -5, ViT
CNN b *

Transformer

1111




CNN: Carros Autonomos
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Sequence
ILearning

Visual
Features

Running

Running

Input

Running

Video

Monitoring

Running

Running

CNN

Running




CNN: Deteccao de Acoes




Groundtruth:
strawberry
strawberry (2)
strawberry (3)
strawberry (4)
strawberry (5)
strawberry (6)
strawberry (7)
strawberry (8)
strawberry (9)

strawberry (10)

apple
apple (2)
appla (3)

CNN: Deteccao

Groundtruth:

tv or monitor

tv or monitor (2)
tv or monitor (3)
person

remote control
remote control (2)

Sermanet, CVPR 2014



CNN: Descricao de Cenarios

ey son

metoh ik




CNN: Rotulamento Semantico

Indoor em RGBD

mm wall mm books mm chair = furniture = sofa
mm bed ceiling mm floor pict./deco mm table

Our results

mm object
mm window

mm TV
mm uknw

Figure 2: Some scene labelings using our Multiscale Convolutional Network trained on RGBD

Images.







ANOMALIA - DIAGNOSTICO

Input Image Reconstructed Image Anomaly Map
- -
| | Fo.25
- 0.20
| | Fo.15
- 0.10

- 0.05
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YOUR STRENGTH I

)
3

I UNDER-EYE
.~ WRINKLES®

https://www.youtub
e.com/watch?v=kfR
GxkIIF5M







Como se Treina uma CNN?




Lembrando Gradiente Descendente
(Backpropagation)

811 N w"“ ’ 6‘21 v w22' ’ 822 * w:."l ’ 823




Transformando Rede Totalmente
Conectada em CNN
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Transformando Rede Totalmente
Conectada em CNN

811w22

81 1w21

= e
—

5,10,




Operacao de Convolucao




Definicao do Erro para Ajuste de Cada
Conexao: Forward




Definicao do Erro para Ajuste de Cada
Conexao: Forward

Input Size : 3x3, Filter Size : 2x2, Output Size : 2x2

h,=W, X +W_X X, +W,_X

11 1 12 !2 21 21

h!2 = wllxlz szlj x * WZZX.Z.?

h - wuxzt IIXZ.Z z: 31 wzzsz

h =W X TW X W X W X

22 nm 22




Relembrando: Regra Delta Generalizada
ou Error-Back Propagation

APW;Z,O( 5j . Opi

ApVVji‘ = r|6] . Opi



Definicao do Erro para Ajuste de Cada Conexao:Backward

511 oW =X dh +X 0h +X 0h, +X dh,,
512 IW =X dh +X 3h +X dh +X dh_ &h, represents g 4
ij
521 IW, =X 8h +X 8h +X dh +X dh P—
522 IW,=X,0h, +X,0h, +X h,+X dh, o
Final derivatives after performing back propagation
Xll XIZ Xl3
alll allZ
X21 X22 X23
a121 a122
X31 X32 X33




Definicao do Erro para Unidades da Camada
Anterior




Definicao do Erro para Unidades da Camada
Anterior




Definicao do Erro para Unidades da Camada

In the standard MLPF, we can define an error of neuron j as:

YR ¢
()’ = =3
)

where -/ is just:
!/ f—1 !
E; w', ay, e h,

and for clarity, «/ al=1), where ~ is an activation function such as sigmoid, hyperbolic tangent or

relu (https: / /enwikipedia.org / wiki / Rectifier_(neural _networks)).

But here, we do not have MLP but CNN and matrix multiplications are replaced by convolutions as

we discussed before. So instead of -, we do havea -+ .

A D B £ | - I+1 __ {41 -l

~r.u u > (T( r u) + ,)r 17 Z Z: ll’u ' n(‘r'—u.y—h) -+
« '

B+l

r.y

Above equation is just a convolution operation during feedforward phase illustrated in the above

picture titled ‘Feedforward in CINN is identical with convolution operation’

Now we can get to the point and answer the question Hello, when computing the gradients CINN,
the weights need to be rotated, Why 2

(https:/ /plus.google.com /111541909707081118542 / posts / PSbZBN pg842)

We start from statement:

‘-)J 1

J " IC” "z v
(s.l._u Ol Z Z -1t ol
r.y .l’ !/ ®

’ o -y

We know that - _ is in relation to -’ which is indirectly showed in the above picture titled

L

‘Backpropagation also results with convolution’. So sums are the result of chain rule. Let’s move on:



Definicao do Erro para Unidades da Camada

Anterior

g ol {41 ! {41
-1+ ASTS oz, y LB ,)
o = 303 A G = S S ol
! {4 - o ’ 4 el
l’ Py l’ ’ r.y ‘-' !I' I .7y " .y

First term is replaced by definition of error, while second has become large because we put it here

expression on :'!!. However, we do not have to fear of this big monster — all components of sums

equal 0, except thcsc ones that are indexed: - o and v’ h. So:
41 2% 2 a7t ay o) 1.”;_:’,) oS RS P
Z‘;%’:Or,'u, : - = Z;%;()",.”,u'” , (:,.,,)
If . »’ o and vy ' 6 then it is obvious that ,, .’  and b 4 v S0 we can reformulate

above equation to:
lll g1 ord . s+1 0+ 1 ™
E E O yw, o' (z, ) = E' E' Oy yw. = o, o(z,,)
: r v
OK, our last equation is just ...

Ill 1 ~ gl A1 o,
ZZ’ “_'f _— ,/ﬂ( .:,) o * u —A:.—uﬂ’('r' .'/)

Where is the rotation of weights? Actually RO7T 1800w ') = w'' ]}

w*

So the answer on question Hello, when computing _the gradients CNN, the weights need to be
rotated, Why 7 (https://plus.google.com/111541909707081118542 / posts / PSbZBN pg84Z) is simple:
the rotation of the weights just results from derivation of delta error in Convolution Neural
Network.

OK, we are really close to the end. One more ingredient of backpropagation algorithm is update of
weights ; —1-—



Definicao do Erro para Unidades da Camada
Anterior

[
o hl' +0, .u)

(h: ZZ :'u
ZZ " 'In(.’t a.y h) . ‘s

paraphrasing backpropagation algorithm.
(MpMWMgmmmmmmmmgmMgmmm) for

CNN:

1. Input x: set the corresponding activation ;' for the input lar

2. Feedforward: for each 1 = 2,3, ...,.L compute =, = /' )+, andal =z )
3. Output error 5/: Compute the vector 4" = ¥ ' o o'(:F)

4. Backpropagate the error: For each 1=L-1,L-2,...,2 compute &, , = 4" « ROTIS0(w] )} )o'(=] )

5. Output: The gradient of the cost function is given by ;7 = 4, * ol ROT150/ )

The end =




V

A simple function f which takes x and y as inputs and outputs z

We can easily compute the local gradients — differentiating z with respect to
x andy as 0z/0x and 0z/dy




0z
0x ”
f T
0z oL
dy 0z
y
g_)z( & g—; are local gradients

ﬂ s the loss from the previous layer which
0z has to be backpropagated to other layers

/1



6_2 & a_z are local gradients

ox 0y

a_l_ s the loss from the previous layer which
0z has to be backpropagated to other layers

72



below:

Now, lets assume the function fis a convolution between Input X and a
Filter F. Input X is a 3x3 matrix and Filter F is a 2x2 matrix, as shown

F

21

F

22

Filter F




O11 | Op
Oy1 | Oy
Output O

= Convolution

Xll X12 X13
X21 X22 X23
X31 X32 X33

Input X

Fi1 | Foo
Fo | Fy
Filter F




1 | 12 | %43
X X
el e KiFag | XpoFpp | X4
31 | Xa2 | Xa3
Input X
" Xaobar | Xy | %o
Fia | Foo
Foy | Fo 31 32 33
Filter F

Oy = XpyFyy + XpoFp + X505, + X0k,



00 = a0

S~ arelocal gradients

X ¢ oF

a_L Is the loss from the previous layer which
0z has to be backpropagated to other layers

76



So let’s find the gradients for X and F — dL/9X and
oL/oF

Finding oL/oF

This has two steps as we have done earlier.

e Find the local gradient d0/0F

e Find JdL/0F using chain rule
Step 1: Finding the local gradient — 00/ 0F:

This means we have to differentiate Output Matrix O with Filter F. From our
convolution operation, we know the values. So let us start differentiating
the first element of O- O' with respect to the elements of F — F'' | F'2, 2!
and F#




Local Gradients — @
KaFg + Xpobpp + Xp0Fy + X0k,

Finding derivatives with respectto F, , F, , F, and F

I1 2 7127

20, 30, 30, 20,

- X, —2=-x,6 —2-=x - X
aF,, ' 9F, 2 oF, ¥ 9F, =

Similarly, we can find the local gradients for O,, , O and O




~~==*® Convolution Filter F

"o Input Matrix X




https://medium.com/@pavisj/convolutions-and-backpropagations-46026a8f5d2c




Operacao de Convolucao

Figure 6: The Convolution Operation. Source (9]




Operation Filter Convolved
Image
0 0 0
Identity |:O 1 Ol
0O 0 0
1 0 -1
[ 0o 0 0 ]
1 0 1
Efeito de Diferentes o
. ~ Edge detection [ 1 4 1 ‘
Filtros de Convolucao 0 10
-1 -1 -1
-1 8 -1
1 1 1
0 1 0
Sharpen 1 5 1
0 -1 0
Box blur 1 - -t
(normalized) 5 ! A 1 : }
1 1 1
_ 1 21
Gaussian blur L [ 2 4 2 ]
(approximation) 16 1 2 1




Efeito da Funcao RELU

Input Feature Map Rectified Feature Map

-r"\.

|
I.H Uy

‘-\' : . Hrv\

e} \
white :‘positi\‘fe values Only non-negative valy '




Efeito do Max Pooling

Pooling

Rectified Feature Map




CNN para Reconhecimento de Objetos

RELU RELU ELU RELU RELU RELU
CONV lCONVl CONV lCONVl CONV lCONVl
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Transformacdoes em uma Rede CNN




Da Pesquisa para Tecnologia
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Buzz

Baidu map voice search

» July 2012 - Started DL lak
* Nov 2012- Big impt
OCR:
- Speech - reduce Errol
- OCR - reduce Error rate by

o 2013 laur BaiduVisual Search

> Voice sea
- Photo Wo
> Visual se¢ =&=




Buzz

Scientists See Promise in Deep-Learning Programs

Microsoft On Deep Learning for Speech goto 3:00-5:10




Google Scoops Up Neural Networks Startup
DNNresearch To Boost Its Voice And Image
Search Tech

Why Google invest in Deep Learning




Buzz

Courant’'s LeCun to Lead
Facebook’s New Artificial
Intelligence Group

December 9, 2013

Facebook has named New York University Professor Yann LeCun the director of a new
laboratory devoted to research in artificial intelligence and deep learning.

"As one of the most respected thinkers in this field, Yann has done groundbreaking rese
deep learning and computer vision,” said Mike Schroepfer, Facebook’s chief technology
"We're thrilled to welcome him to Facebook.”

Facebook is building the team across three locations: Facebook’s headquarters in Menle
Calif., New York City, and London.

Machine learning is a branch of artificial intelligence that involves computers "learning” t
extract knowledge from massive data sets and rendering informed analyses and judgame
often predicting outcomes.

LeCun, a professor at NYU's Courant Institute of Mathematical Sciences, is a picneer in {
growing field. In the 1980s, LeCun proposed one of the early versions of the back-propa
algorithm, the most popular methed for training artificial neural networks. In the late 19
and early 1990s at AT&T Bell Laboratories, he developed the conveluticnal network mod
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Facebook Taps ‘Deep Learning’ Giant for New
Al Lab
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Yann LeCun. Photo: Josh Valcarcel/WIRED

Facebook is building a research lab dedicated to the new breed of artificial intelligence, after hiring one




O Resultado? 27/03/19

Turing Award Won by 3
Pioneers in Artificial Intelligence

From left, Yann LeCun, Geoffrey Hinton and Yoshua Bengio. The researchers worked on key developments
for neural networks, which are reshaping how computer systems are built.

From left, Facebook, via Associated Press: Aaron Vincent Elkaim I he New York Time




Mini-projeto: Repetir o
Experimento do MNIST com CNNs

http://neuralnetworksanddeeplearning.com/chap6.html




