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Uma introdug¢ao conceitual de aprendizado de maquina e uma
abordagem pratica em aplicagoes de redes neurais profundas QA
com foco em aplica¢des cientificas e tecnologicas. ' 1949 - 2019
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f.br/pt-br/livros/cesar-lattes-arrastado-pela-historia


https://portal.cbpf.br/pt-br/livros/cesar-lattes-arrastado-pela-historia

Ministry of

i History

SC|ence’_ Technology, : : Founded in 1949 (70 years in 2019)

Innovations and Communications Contributed to the creation of groups of
- 8 a _7 iy b excellence and Research Institutes

r mission

A histéria do CBPF esta permeada de iniciativas, que estdo na base s and develop its
da criacao de instituicoes que formam hoje a espinha dorsal reparing human
da Ciéncia no Brasil al development.
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@ Mission of Research Institutes

CBPF

e Research

Push forward the frontiers of knowledge

 Innovation

Develop new, cutting-edge technologies

 Education

Train scientists and engineers of tomorrow .

e Qutreach

Promote Science in Society

1*u~1uu~
2= Fermilab AUGER

ORSERVATORY




@ Mission of Research Institutes

CBPF

A Rio, un graffiti pour la science

il CNRS
* Research LE JOURNAL

Push forward the frontiers of knowledge

 Innovation

Develop new, cutting-edge technologies

#grafitedaciencia
* Education

Train scientists and engineers of tomorrow

e Qutreach

Promote Science in Society

2= Fermilab AUGER

ORSERVATORY



CBPF — R&D Areas

Experimental, Theoretical and Applied Physics

* High Energy and Astroparticle Physics
 Condensed Matter & Materials

* Nanoscience and Nanotechnology

* Biophysics & Biomaterials

 Statistical Mechanics and Complex Systems
* Quantum information

 Cosmology and Gravitation

e Signal Processing and Computing for Science
 Scientific and Technological Instrumentation




International Collaboration - Cherenkov Telescope Array

cherenkov
C a telescope
array

Exploring the Universe at
the Highest Energies




Laboratorios

i
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. LABNANO/SisNANO

s

Laboratodrio de Superficies e
Nanoestruturas

Laboratdrio de Aplicacao de Lasers



Laboratorios

LABNANO/SisNANO
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Formacao Cientifica

Coordenac¢ao de Formacgao

Cientifica
Pés-graduacao

s ———
i

Mestrado em
Instrumentagao
Cientifica

Doutorado e Mestrado
em Fisica

Programa de Desenvolvime |
= Publico alvo: fisicos e engenhe

= Formagao de recursos humanc 2019

desenvolvimento tecnoldgico @ Campo Grande
"

O Programa de Pés-Graduag¢ao do CBPF completou,

em 2012, seu 502 aniversario, um marco da histéria (‘; 71° REUNIAO \CEPF = programa de excetancia

;. . CAPES (Coordenacdo de Aperfeicoamento
da Fisica no Brasil ANUAL DA SBPC_ de Pessoal de Nivel Superior)




CBPF/@)" CBPF in Numbers

e Headquarters of the National High Energy Physics Network (RENAFAE) Esy
Nt
e Headquarters of National Science and Technology aindndfn
Institute for Complex Systems and Quantum Information ?.u%:n'ﬁnct-sc

e Headquarters of Rio de Janeiro Nanotechnology Network
(LABNANO/CBPF is the main facility)
Strategic Lab under SisNANO network

ol ? @Y%, CBPF is the technical and operational segment of the Rio
LHC v % de Janeiro NREN (Advanced Research and Educ.

Open Network = eRi FAPERJ

Environment ke A ngm_qm rasacsaconos crones rmose ampors | NETWOTK )- support for 160 research, academic and

(Tierls-Tier2s)  Science DMZ ®oc’ ~  governmental Institutions.



Académicos
34 Prefeitura
31 Metro

2 Supervia

Total: 167

= 400 Km de
Fibras Opticas

(,ooglc earth ’
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http://www.cbpf.br/
http://www.cbpf.br/

CBPF & Industry

NMR for Petrophysics;

Quantitative Imaging techniques for characterization
of high-resolution images in geological reservoirs;

Rock plugs with controlled porosity

Nanotechnology for O&G industry PETROBRAS

New materials and techniques
for medical implants

Magnetic Resonance at the micro and nanoscale
Material Science, Nanotechnology and Magnetics Devices

Cherenkov Telescope Array

Surface Science \‘ vallourec V VALE




Group of Surfaces and Nanostructures

Biocompatible Coatings

* Instrument for Crystalline and biocompatible
nanometer coatings of Calcium-Phosphates
produced at room temperatures.

* Pre-clinical studies in dogs and rabbits indicated
high adhesion and proliferation of bone tissue
around titanium implants

* Improves clinical behaviour and push up values to
medical metallic implants, saving loading time and
solving rejections

Commercial titanium
screw with nanosized
hydroxyapatite
coating (100 nm)

Metal implant surface
with micrometric
roughness for
mechanical bonding
and homogeneous
coating

Preclinical tests

with strong
adhesion and bone
growth (in blue) to
screw coated

LAB"AHO HAPnano (black)
CBPF/MCTI




Image/Signal: Emerging techniques

Exploring multimodal imaging protocols in association with powerful imaging processing techniques

o Xrays quantitative imaging
o Dual Energy / Multispectral yCT / Synchrotron based techniques

o Signal and image processing
o Advanced approaches for enhancement and segmentation
o Machine learning / Deep Learning

o Complexity and statistical physics
o Porous media characterization through information theory and fractal geometry

Segmentad Prodikcted Classes
Original image BRC = 20 4T%

Characterization of Borehole Profile Clmcfeds RG  Kowss Cumtoion LM =t0.57%

Clustering and facies G )
classification
texture segmentation

uoinleaijisse|d
saloe4

o 90° 180* 270 360°

>< Image viewed inside out




Instrumentos avancados & tecnologias de medidas

Optica aplicada computacao cientifica m

Y

Lamina Petrografica

A

@ python

0
¢ oOpenCV

NVIDIA.

GPVU Computing

Desenvolvimento do Sistema
Computacional




Laboratorio de Redes e Sistemas (LARS)

36x RTX 2080Ti
6x Quadro K6000
6x 1080Ti

13x 1050Ti

SciMiﬁing

6.RTX2080T1

32 CPU cores, 128 GB RAM (expansivel até 1TB),

26112 CUDA cores, 84 Teraflops, 66GB VRAM,

4xWaterCoolers - completo siléncio,

1632 Tmus unid. de texturas e 528 ROps unid. para renderizagao
4TB HD/backup Enterprise e 500 GB SSD/0S, 2 fontes 1600W




Laboratdrio de Redes e Sistemas (LARS) Programacao Paralela

GPGPU - General
Purpose GPU

(processador da placa de video)

As GPU foram originalmente usadas para renderizacdo de imagens em jogos 3D.

Essa capacidade de processamento esta sendo aproveitada de forma mais ampla para
acelerar o processamento computacional em areas como pesquisa cientifica,

processamento de sinais/imagens, algebra linear, estatistica, reconstrucado 3D, modelagem
financeira, exploracao de petroleo e gas....




Laboratdrio de Redes e Sistemas (LARS) Programacao Paralela

CBPF

SciMiﬁi’ng The Difference between a CPU and GPU

6.RTX2080

GPU - Unidade de
Processamento Grafico

(processador da placa de video) ENEEEEEE EEEEEEEE
EFERROA0 NENEDNERN
SEENENED EEEEEEEE

A GPU é responsavel pelos calculos SEESEEEE sEEEEEEE
EHERNENEE DETEOEEE

de processamento de vetores, S

AEEEE BEEEREEE
V) [ G 4 N OO

texturas, projecoes das imagens em EEEENENS SEENENEE

SRiSHEHEE CENEEEEs

um sistema de video do computador. et —

Libera a CPU para fazer outras tarefas GPU
(de outra complexidade).




P&D: Proc. de Imagens & Inteligéncia Artificial

* Processamento de sinais e imagens
* Inteligéncia artificial
* Instrumentacgao cientifica / tecnoldgica

 Simulagoes

Marcio Marcelo Clécio Elisangela Jorge Maury

Coordenacgao de
Desenvolvimento
Tecnoldgico

MCTIC
PCI
PETROBRAS




XII ESCOLA DO CBPF

22 de JU|h0 a 02 de agosto de 2019

Ementa - Roteiro

AULA 1: Apresentacoes iniciais, Redes Neurais Artificiais, Aprendizado de
maquina, Algoritmos/Termos; Redes Perceptron de Varias
Camadas.

AULA 2: Rede Neural Convolucional: Resnet e Inception.

AULA 3: Autoencoders e aprendizagem nao supervisionada.
- Redes Geradoras Adversariais (GAN).

AULA 4: Redes Neurais Convolucionais Baseadas em Regiao (R-CNN).
AULA 5: Redes Neurais Bayesianas

Pré-requisitos:
Exemplos / Demonstracgoes Recomenda-se o dominio da linguagem de programacao Python
Porém é possivel o uso de C ou MATLAB.



You will need:

— Python (anaconda3)
— Keras

— Tensorflow

— matplotlib

— humpy

XII ESCOLA DO CBPF

'22 de jU|h0 a 02 de agosto de PAONES

We will have several examples in Google
Colabs or in Python notebooks. The
examples and datasets required can be
downloaded in

clearnightsrthebest.com

For the examples you will also need:

— astropy (Aulas Clécio)

Google Colab (on-line)




o - * Cobb, A. D., Roberts, S. J., Gal, Y., "Loss-Calibrated Approximate
BI bl o) g raf| ad Inference in Bayesian Neural Networks", 2018 arXiv:1805.03901

* Goodfellow, I., et al., "Deep Learning", 2016. MIT press.
http://www.deeplearningbook.org.

i SN  © Hezaveh, Y. D, et al. "Fast automated analysis of strong
ol DEEP LEARNING &= gravitational lenses with convolutional neural networks." Nature
Y et B 548.7669 (2017): 555.

* Krizhevsky, A., Sutskever, I. and Hinton, G. E. ImageNet Classi{ication
with Deep Convolutional Neural Networks. NIPS 2012: Neura
Information Processing Systems, Lake Tahoe, Nevada.

* LeCun, Y., Bengio, Y. and Hinton, G., "Deep learning." Nature
521.7553 (2015): 436.
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* Schawinski, K., et al., "Generative

adversarial networks recover features in
CHt astrophysical images of galaxies beyond
the deconvolution limit", Monthly

. - Notices of the Royal Astronomical
Fast automated analysis of strong gravitational Society: Letters, Volume 467, Issue 1,

lenses with convolutional neural networks p.L110-L114.

Yashar D. Hezaveh'?*, Laurence Perreault Levasseur'?* & Philip J. Marshall’-

International journal of science

II [ [
) d . * Wu, J., "Introduction to convolutional
Quantifying image distortions caused by strong gravitational deep learning, convolutional neural networks (Methods) have been " H
lensing—the formation of multiple images of distant sources shown to excel at many image recognition and classification tasks®. n e u ra I n EtWO rkS ° N at I 0 n a I Key La b fO r

due to the deflection of their light by the gravity of intervening  This makes them a particularly promising tool for the analysis of gravi-

e
structures—and estimating the corresponding matter distribution  tational lenses. Recently, these networks have been used to search for N Ove I SOftwa re Te C h n O I Ogy, N a nj I ng
of these structures (the ‘gravitational lens’) has primarily been  gravitational lenses in large volumes of telescope data” * and to simulate U H 't c h H 20 1 7
performed using maximum likelihood modelling of observations.  weakly lensed galaxy images'’. Here we show that these networks can n Ive rs I y- I n a .

This procedure is typically time- and resource-consuming, also be used for data analysis and parameter estimation.

requiring sophisticated lensing codes, several data preparation We train four networks, Inception-v4'', AlexNet'?, OverFeat" and
steps, and finding the maximum likelihood model parameters in  a network of our own design, to analyse strongly lensed systems, by




Alguns termos importantes Big Data

 E o termo de TIC que trata sobre a manipulacdo de grandes quantidades de dados que
precisam ser processados, transferidos e/ou armazenados.

* O conceito de “grande” é sempre relativo. Um conjunto de dados que é considerado
grande hoje quase certamente sera considerado pequeno amanha.

* Big data representa a condicao no qual existem mais dados dos que as técnicas
tradicionais podem processar.

* Alguns projetos definem que o “Big data” nao é uma funcao da quantidade de dados, mas
da sua complexidade. Consequentemente, é o grau de relacionamento no conjunto de
dados que define o que é Big Data.

e QOutra definicao - Big-Data e os 3Vs: Volume, Velocidade e Variedade;
+V (4Vs): Veracidade, (confiang¢a e incerteza).

C B P F_i/;( TDG{'IGI:-Lnology https://www.technologyreview.com/s/519851/the-
~> Review big-data-conundrum-how-to-define-it/




Alguns termos importantes Big Data

* E o termo de TIC que trata sobre a manipula¢do de grandes quantidades de dados que

ALL-NEW

| onsiderado
amgzon:-:;-; ' |

Say 1t. Scan it.
It's 1n vour cart.

.........................

cCoisas

Technology hftPS://www.technologyrewew.c.om./s/S19851/the-
Review big-data-conundrum-how-to-define-it/



Alguns termos importantes

Data Science

 Estatistica é a ciéncia capaz de fazer inferéncias e tomar decisoes
onde existe alguma incerteza. E uma ferramenta cada vez mais |
relevante devido a ampla quantidade e disponibilidade de dados
e dos recursos computacionais atuais.

* A necessidade de processar e gerenciar grandes quantidades de
dados tornou-se uma caracteristica fundamental das ferramentas

estatisticas modernas e é comumente chamada de Ciencia de
Dados.




Alguns termos importantes

|ht€|igéncia  Qualidade Mental

* Aprender a partir de alguma experiéncia

anterior
? * Resolver problemas
Ql - |nte|igéncia e Se adaptar a situacoes novas
Inteligéncias Multiplas (R. Sternberg — psicélogo)
Analitica:
Sternberg, R. J. (1985). Beyond 1Q: A Habilidade para pensar de forma abstrata e resolver problemas
triarchic theory of human intelligence. ' Criativa/Sintética:
New York: Cambridge University Press. Habilidade se adaptar a alguma nova situacao ou gerar novas ideias
Pratica:

Habilidade contextual ou de adapta¢ao as condi¢cdes do ambiente

Emocional:

C BPF /4 — Habilidade de perceber, entender, gerenciar e usar emog¢oes em suas
‘ . - |
interagGes com os outros



Alguns termos importantes

Inteligéncia

e
Ql - Inteligéncia
Inteligéncias Multiplas (R. Sternberg — psicélogo)

Analitica:

Habilidade para pensar de forma abstrata e resolver problemas
Criativa/Sintética:
Fluida:

Habilidade abstracao - capacidade de raciocinio

Habilidade contextual ou de adaptacao as condicoes do ambiente
Cristalizada:

Habilidade em acumular conhecimento, habilidades verbais |
Habilidade de perceber, entender, gerenciar € usar emo¢oes em suas

interag6es com os outros

ANOS




Alguns termos importantes
IA — Inteligéncia Artificial

* Inteligéncia Artificial (IA) é o
termo frequentemente usado
para descrever maquinas ou
computadores que imitam
funcoes cognitivas de seres
humanos, que estao associados a
mente humana, como
“aprendizado” ou a capacidade
de “resolver problemas”.

They already do, say scientists.
80 what (if anything) is special
about the human mind?

1996

Artificial Intelligence
A Modern Approach

Third Edition

http://aima.cs.berkeley.edu/

2009


http://aima.cs.berkeley.edu/

A convergéncia entre Big Data e IA

* Em vez de depender de dados representativos, os “Cientistas de Dados”
tém atuados cada vez mais a partir dos dados reais. E devido a essa
caracteristica que muitas instituicoes passaram de uma abordagem
baseada em hipoteses para uma abordagem/decisao baseada em “dados
reais”.

* O processamento de grande quantidades de dados auxiliam na tomada de
decisao das instituicoes. A analise de grandes quantidades de dados (Big
Data) incentiva a descoberta de padroes por meio de algoritmos iterativos.
Como resultado, as instituicoes podem rapidamente, experimentar mais e
aprender mais.

_—

https://sloanreview.mit.edu/article/how-big-data-is-
empowering-ai-and-machine-learning-at-scale/

|



A convergéncia entre Big Data e IA

* Em vez de
tém atuady
caracterist
baseada e
reais”.

Deep learning

O processc

Performance

decisao da
Data) ince
Como resu

aprender Amount of data

https://sloanreview.mit.edu/article/how-big-data-is-
empowering-ai-and-machine-learning-at-scale/




Alguns termos importantes Aprendizado de Maquina

* Machine learning (ML): estudo cientifico de algoritmos e
modelos estatisticos por meio de sistemas computacionais = =T
para executar uma tarefa especifica de maneira eficaz, sem [ttt :
usar instrucoes explicitas, confiando em padroes e "

inferéncias. E uma area da IA.

* Algoritmos de ML constroem um modelo matematico
baseado em um conjunto amostra, conhecido como
"dados de treinamento”, para fazer previsoes ou permitir
decisoes sem ser explicitamente programado para

executar a tarefa. https://www.springer.com
/gp/book/9780387310732

CBPF/(®




ML: Supervised & Unsupervised

MACHINE LEARNING

SUPERVISED LEARNING UNSUPERVISED LEARNING

CLASSIFICATION m CLUSTERING
Support Vector Linear Regression K-Means ;
Naive Bayes Decision Tree Hierarchical J
Neural Networks Neural Networks Neural NetworksJ

|
CBPF/@)



ML: Workflow Supervised

Classified data

Nice Simultations

Preprocessing

Real Data

Validation

Training
Architecture definition
Data augmentation

) Batch size
Trained Model Epochs

Evaluate the Model Test

r/;; o) )

=Y No Does it g

- make Yes Run trained Unclassified Real [ .w.
need to go T model Data
home and

rethink my life




ML: Support Vector Machines - SVM

SVMs are based on the idea of finding a hyperplane that best divides a dataset
into two classes.

Y i
o & e 0 °©
- s ® ® | — . (\\' .
L ] A,
o - T ¢ v @ ‘ ‘
2 A S AR,
- P o ‘ < o
© 4] =
X — — -
The goal is to choose a hyperplane
with the greatest possible margin | o
between the hyperplane and any . o % o
point within the training set, giving a ®_ o °J o
greater chance of new data being .° L y b &
2

classified correctly.




ML: Support Vector Machines - SVM

SVMs are based on the idea of finding a hyperplane that best divides a dataset
into two classes.
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ML: Support Vector Machines — SVM (MARFE)
SVM — MARFE Classification

Bobinas internas do campo
magnético (permitem realizar
ainducgdo de correntesno
plasma)

Bobina externas do
campo magneético.

Bobina em forma de D
do campo magnético do
torus.

Camara de vacuo
(em parede dupla)

Nucleo de ferrodo
transformador.

N

I G BE




ML: Support Vector Machines — SVM (MARFE)
SVM - MAREFE Classification

JET

JET I MARFE
mage

files ® Feature Extraction Database

@ Modules E ﬂ
Centroids :
Y u :

Background
» Open Image— Average
Subtraction

Image ‘ Object R HU
Binarization| = | Properties Moments

Code
Initialization

Image Main-Loop

Image processing chain

\ 4 v
Performance SRR LT
Anal MARFE
.- nalyzer Region

Time

Analysis




ML: Support Vector Machines — SVM (MARFE)

vc - SVM Module

MMMMMMMM

* LibSVM (in C++)

MARFE Limit

SVM decision

Kernel type: polynomial

Evaluation test for different degree: 6, 8, 10 and 12.

(11018 SVM models were evaluated)

1713 Regions

710 frames F

JET Test DB

2523
Regions

JET Train DB

JET Complete DB
4236 Regions

4

—

SVM

(Max Sum %)

~

SVM
(Max MARFE %)

SVM Type | Poly/d:8 Poly /d:6
Non 99,71 93,79
Marfe

Marfe 93,79 94,14
Other 25,45 14,55
Sum 96,32 96,15



ML: Support Vector Machines — SVM (MARFE)

TEEE TRANSACTIONS ON PLASMA SCIENCE. VOL. 41, NO. 2, FEDRUARY 2013 534

A 10 000-Image-per-Second Parallel Algorithm for
Real-Time Detection of MARFEs on JET

Miircio Portes de Albuquerque. Andrea Muran. M. Giovam. Nilton Alves. Jr., Marcelo Portes de Albuguerque.
and JET-EFDA Contributors

Abstract—This paper presents a very high-speed image process-
ing algorithm applied to multi-faceted asymmetric radiation from
the edge IMARFE) detection on the Joint European Torus. The
algorithm was built in serial and parallel versions and written in
C/C+ using OpenCV, cvBlob, and LibSV M libraries. The code
implemented was churacterized by its accuracy and run-time
performance. 'he final result of the parallel version achieves 4
correct detection rate of 97.6% for MARFE identification and
an image processing rate of more than 10 000 frame per second.
Ihe parallel version divides the image processing chain into two
groups and seven tusks, One group is responsible for Buckground
Imuge Estimation and Image Binarization modules, and the other
is responsible for region Feature Extraction and Pattern Classifica-
tion. At the sume time and to maximize the workload distribution,
the parallel code uses data parallelism and pipeline strategies for
these two groups, respectivelyv. A master thread is responsible for
opening. signaling. and transferring images between both groups.
I'he algorithm has been tested in a dedicated Intel symmeltric-
multiprocessing computer architecture with & Linux operating
syvslyan

an entire and complex processing chain. Although parallelism
depends on the problem. the low cost and the easy availability
of multicore systems and parallel software make it much more
attractive than in years past. On the other hand. the FPGA 15
still an interesting option. but its adoption in high-performance
tasks is currently limited by the complexity of the FPGA design
compared with the conventional software.
Magnetic confinement nuclear fusion is one of the re

cent fields in which digital image processing has become a
fundamental tool in scientific instrumentation. Indeed. image
processing i1s nowadays very important not only for the interpre
tation of the experiments but also for pattern retrieval in large
databases [1]. [2]. In the Joint European Torus (JET). about
30 new cameras have been installed for the current experiments
with the new metallic wall. One of the most challenging charac
teristics of cameras as scientific instruments is the large amount

£l shaos ol i | 92 2 PN I § s S N SRR e

IEEE TRANSACTIONS ON PLASMA SCIENCE, VOL. 41, NO. 2, FEBRUARY 2013 341

Evaluation test Tor ditferent degree: o, 8, 1U and 1Z2.

(11018 SVM models were evaluated)

SVM
(Max MARFE %)

93,79

94,14
14,55




ML: K-Means (Unsupervised)

* K-Means partition the space into K classes.
» Each point belongs to the cluster with the nearest mean
* Here “nearest” is based on some norm (e.g. Euclidean norm)

4 Classes . "

ANOS Feature space




dx.dorLorg/10.7437/NT2236-764(V2016.01.003
Notas Técnicas, v. 6, n. 1. p. 19-27, 2016

———— B

Segmentacao Textural de Imagens de Rocha por Microtomografia

Segmentation of Microtomagraphy images of rocks using texture filter

Luciana Olivia Dias’

Centro Brasileiro de Pesquisas Fisicas - Rua Dr. Xavier Sigaud 150. Rio de Janeiro, RJ 22290-180, Brasil

Clécio R. De Bom'
Centro Federal de Educacdo, Tecnoldgica Celso Suckow da Fonseca, Rodovia Mdrio Covas,
lote J2, quadra J - 23810-000 Distrito Industrial de Itaguai, ltaguat, RJ ¢

Centro Brasileiro de Pesquisas Fisicas - Rua Dr. Xavier Sigaud 150, Rio de Janeiro, RJ 22290-180, Brasil

Heitor Guimardes.* Elisingela L. Faria,® Marcio P. de Albuquerque.! e Marcelo P. de Albuquerque**

Centro Brasileiro de Pesquisax Fisicas - Rua Dr. Xavier Sigaud 150, Rio de Janeiro, RJ 22290-180, Brasil

Maury D. Correia’" e Rodrigo Surmas™*
Centro de Pesquisas ¢ Desenvolvimento Leopoldo Américo Miguez de Mello - CENPES PETROBRAS,
Av. Hordcio Macedo, 950, Cidade Universitdria,
Rio de Janeiro, RI - 21941-915, Brasil

Submerido: 290972015 Aceito: 1005/2106

Resumo: A segmentaciio. realizada de maneira robusta, automatizada e eficiente. de diferentes fases em ima-
gens de microtomografia € um fator critico e limitador na drea de Petrofisica de Rocha Digital. Abordamos a
questio partindo de um algoritmo com téenicas baseadas em filtros, obtendo a maximizacdo da Entropia Local
para definir um limiar enire fundo e objeto. Validamos a qualidade da segmentacdo a partir de imagens de
amostras de microesferas de vidro, recuperamos o raio das esferas e comparamos a téenica proposta com outros

dois algoritmos de segmentacio.
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Kmeans with Automatic Contour ROI
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Alguns termos importantes

Backfed Input Cell

Input Cell

[/‘\

Noisy Input Cell

Hidden Cell

Probablistic Hidden Cell
Spiking Hidden Cell
Qutput Cell

Match Input Qutput Cell
o Recurrent Cell

e Memoary Cell

Q Different Memory Cell
Kernel

Convolution or Pool

(®)

A mostly complete chart of

Neural Networks

016 Flodor van Veen - asimovinstitute.org
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Redes Neurais Artificiais (RNAs) sao modelos computacionais inspirados pelo sistema nervoso central de um animal (em
particular o cérebro) e sao capazes de realizar o “aprendizado de maquina” bem como “identificar padroes”.




Alguns termos importantes

A mostly complete chart of

o NE@Ural Networks

) Ba nput Ce o
nput Cell 2016 Flodor van Veen - asimovinstitute.org

£\ Noisy Input Cell

Perceptron (P) Feed Forward (FF) Radial Basis Network (RBF)

Hidden Cell

O

Probablistic Hidden Cell

>

Spiking Hidden Cell = 3 =
= Recurrent Neural Network (RNN) Long / Short Term Memory (LSTA

Output Cell

9

Match Input Qutput Cell

\
pd

B Recurrent Cell

@ Memory cell

Q

Auto Encoder (AE) AE)
@ Different Memory Cell O ‘
Kernel \ 4 '
7K .,O
A
() Convolution or Pool / O

Asimov Institute
http://www.asimovinstitute.org/neural-network-zoo/

Redes Neurais Artificiais (RNAs) sao modelos compu

Alguns termos basicos
Deep Learning é uma Rede Neural Artificial
Deep Learning é uma area de Machine Learning

Alguns Termos de Redes Neurais Artificiais
MLP: Multi-layer Perceptron
DNN: Deep Neural Networks
RNN: Recurrent Neural Networks
LSTM: Long Short-Term Memory
CNN ou ConvNet: Convolution Neural Network
DBN: Deep Delief Networks

Operac¢oes das Redes Neurais Artificiais
Convolucao
Pooling
Funcao de Ativacao
Backpropagation

particular o cérebro) e sdo capazes de realizar o "aprendizado de maquina” bem como “identificar padroes”.




Computacao (Neuronio Artificial) & Inspiracao na Biologia

impulses carried
toward cell body
branches
of axon

dendrites

nucleus

impulses carried

away from cell body
cell body

Neuronio Bioldgico: bloco
computacional de processamento do
cérebro.

Cérebro Humano: ~100 — 1.000 trilhoes
de sinapses

CBPF/[@)"

g axon

terminals

Axbnio entrada de
outro neurénio w

sinapse
Xo WoXo
Corpo

f (Z W; X; +b)
W1 Xl > Z Wi Xi +b f i >
i Axénio de saida para
W3 X3 Funciode  Outro neurénio
ativacao

10.000 x

Neuronio Artificial: bloco computacional de
processamento das Redes Neurais Artificiais.

— —

Rede Neural Artificial : ~¥1 — 10 bilhoes de
sinapses.




star-nosed

smok short-tailed
shre\: shrew mouse hamster mole eastern mole

- o o & a Pres - Brain mass and total

0.176g 0347g 0416g 1.020g 0802g 18029 0999¢g

36 M 52 M .71M 90 M 131 M 200 M 204 M number Of neurons
for the mammalian

guinea pig marmoset agouti galago owl monkey
o % M W P species
3.759 g 7.78 g
240 M 634 M 153630 Ve 15739
.. - 1468 M
f
capybara squirrel monkey 1rQ ‘”@ Ll

capuchin monkey

76.036 g

3246 M
1600 M 53.21¢g

3690 M

S. Herculano-Houzel
Front. Hum. Neurosci., November/2009
doi.org/10.3389/neuro.09.031.2009

The human brain in numbers: a
linearly scaled-up primate brain

macaque monkey

87.35¢
6376 M

1508g
86000 M




Rede Neural Artificial

Perceptron

Frank Rosenblatt (1957)
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Rede Neural Artificial

Perceptron

Frank Rosenblatt (1957)
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Rede Neural Artificial

Perceptron

Frank Rosenblatt (1957)
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Rede Neural Artificial

Perceptron

Frank Rosenblatt (1957)
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Rede Neural Artificial

Perceptron

Frank Rosenblatt (1957)
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Rede Neural Artificial

Perceptron A _ Algoritmo

Frank Rosenblatt (1957) e © © e Inicialize a rede Perceptron com pesos
o089 (w) aleatérios;
=

o © * Para uma data entrada, processe a
saida da rede;

* Se asaida da rede nao for igual a
| saida desejada, entao a rede deve ser
05 Soms. biss /}/ | alterada, trocando os valores dos

s pesos (w) das sinapses;

\ 4

0,7

|
* Repita esse procedimento com todos

- T os dados de treinamento até a rede

Perceptron n3o apresentar mais erros.
CBpﬁANos




Funcao de Ativacgao

Activation Functions

Sigmoid Leaky RelLU

Yo <D max(0.1z, x)
O’(I) - 14e~* °
tann Maxout -
t;a.nh(:,z:) | max(w{ « + by, w3 = + by)
RelLU ELU |
max (0, z) {:r( . z > 3

, , ale’ — 2 - _

CBPI?ANOS Nao lineares



Funcao de Ativacgao

Activation Functions

Sigmoid Leaky RelLU
Yo <D max(0.1z, x)
0’(.17) T 14e—*
| ® . - , ;
tann Maxout -
t;a.nh(:,z:) | max(w{ « + by, w3 = + by)
RelLU ELU |
max (0, z) {:r( . z > 3
, , ale’ — 2 - _

CBPI?ANOS Nao lineares



Feedforward and Backpropagation

Fase 1
Propagacao

X,

U,h1=xl*W1+X2*W2+b1*1

7)Ao g(hl) — g(uhl) — -

1+e~Uh1




Feedforward and Backpropagation

Fase 1
Propagacao

Uhy, = X1 * W3 + X, * Wy + by *1

g(hy) = g(uhy) = —

1+e—uh2




Feedforward and Backpropagation

Fase 1 b, b,
Propagacao /R e -
W 1 :
Xq — h = i " 0y !
- I

uoq = g(hy) * ws +g(hy) * wg + by * 1

1
1+e~%01

Y1 = g(o1) = g(uoy) =




Feedforward and Backpropagation

Fase 1 b, b,
Propagacao /R e -
W 1 :
Xq — h = i " 0y !
- I

uo, = g(hy) *wy; +g(hy) *wg + by, x1

1
1+e~102

y, = glop) = g(uoy) =




Rede Neural Artificial: Erro/Custo

)

-
[ -

L

y = valor original

1

~ . V. = 8loy) =g(uo,) =
Yy = valor predito

?;1()71' — )’i)z

](Wn) —

CUSTO m (média)

MSE (Mean Square Error — Erro quadratico médio)

1+e~Uon



Rede Neural Artificial: Erro/Custo

-
[ -

L

y = valor original

1

~ . V. = 8loy) =g(uo,) =
Yy = valor predito

— 1 A 2
J(wy) = Y (Fi — yi)

i

MSE (Mean Square Error — Erro quadratico médio)

Como reduzir o custo? IFVLI;](Wn )

1+e~Uon



Rede Neural Artificial: Otimizacao

Et i — yi)?

CBpﬁANos



Rede Neural Artificial: Otimizacao




Rede Neural Artificial: Otimizacao




Loss function (funcao custo)

Loss functions in Machine Learning serve as ways to measure the ’
distance or difference between a model’s predicted output Y, , and
the ground truth label Y in order to train model effectively

2
* L2 Norm loss/ Euclidean loss function: | 2 = (Ytrue — Ypred)

Cross entropy loss

* Cross entropy Loss:

H(,q) = - Z pilogq; = —ylogy — (1 —y)log(1 —9)
i

o
]
e

| |
Fd = o (=] [} L Fa L
i i i i i i

] 0z 04 0G 0a 10




Feedforward and Backpropagation

Fase 1
Retropropagacao




Feedforward and Backpropagation

Correcao de w5: |

Fase 1 b, b, ~ Queremos estimar

~ | quanto w5 afeta o
Retropropagacao Erro total
w, h

/

aEtota,l
0W5

= gradiente em relacao a we g(0y) \Erro

OE¢total _ OE¢total ” 0801 N ouoq
0ws 0goy Oduo; Owsg !




Feedforward and Backpropagation

Corregao de w5:
Fase 1 b, b, ~ Queremos estimar

~ | quanto w5 afeta o
Retropropagacao Erro total
w, h

/

g(ol) ErrO




Rede Neural Artificial:

Error = 370.77 18

Peaks

Stochastic Gradient Descent - Algorithm

ws(t +1) = ws(t) — 1

aEtotal

5W5

Big learning rate

Small learning rate

https://towardsdatascience.com/a-look-at-gradient-descent-and-rmsprop-optimizers-f77d483ef08b



Artificial Neural Network: Optimization Algorithms

207
— - SGD ?, [ — sqd
-  Momentum 1¥ — —= momentum |
— NAG ! —
= of | — nag
— Adagrad | { = adagrad
HETHT s, Adadelta -1} adadelta
Sttt ptan e - Rmsprop | rmsprop
S e a s S o L e =
s . |
I e 'T \ \
2 ER AT '
L IR R \ -3
S | -4
‘,' 1 0 _5t ! x
05 -2 -1 0 1 2
100 ¢
y 0.0 80 |
< e 7 a 60 |
-1.0 ( o H= ook 2 40!
' 0.5 1o-10 20/
: =t
0 20 40 60 80 100 120

SGD: Stochastic Gradient Descent
ADAGRAD: Adaptive Gradient

ADADELTA: Adaptive Learning Rate Method
RMSPROP: Root Mean Square Propagation

Gradient depends on the average of the magnitudes of squares of previous gradients.

http://www.denizyuret.com/2015/03/alec-radfords-animations-for.html



Rede Neural Artificial: Stochastic Gradient Descent - Algorithm




Artificial Neural Network: Overfitting

AValues sValues . ‘Values .
Time Time Time
Underfitted Good Fit/Robust Overfitted

O overfitting (sobreajuste) € um termo para
descrever quando um modelo se ajusta muito
bem ao conjunto de dados, mas se mostra
ineficaz para prever novos resultados.



Artificial Neural Network: DROPOUT

Durante o processo
de treinamento
devemos escolher

: : uma probabilidade
Dropout is a technigue where randomly selected neurons are de retirada de

ignored during training. They are “dropped-out” randomly. neurdnios.

A Simple Way to Prevent Neural Networks from
CBPI?@ANOS Overfitting.



Artificial Neural Network: DROPOUT

Dropout is a technique where randomly selected neurons are
ignored during training. They are “dropped-out” randomly.

A Simple Way to Prevent Neural Networks from
Overfitting.




Artificial Neural Network: DROPOUT

Dropout is a technique where randomly selected neurons are
ignored during training. They are “dropped-out” randomly.

A Simple Way to Prevent Neural Networks from
Overfitting.




Artificial Neural Network: DROPOUT

®®

Dropout is a technique where randomly selected neurons are
ignored during training. They are “dropped-out” randomly.

A Simple Way to Prevent Neural Networks from
Overfitting.




A Representacao dos dados é importante

Coordenadas Cartesianas Coordenadas Polares

David Warde-Farley, Goodfellow et al. 2017



Rede Neural Artificial: O problema do OU Exclusivo

Multi-Layer Perceptron

XOR .
X Y S O
0 0 0
0 1 1
1 0 1 0 o
1 1 0 0 1

b=30

1.0} | | | .
1
d)(Z) = T /‘
305 [00]=¢(20%0 + 20*0-10) =0 ¢ (-20*0-20*0+30) =1 ¢(20*0 +20*1-30)=0 |

[01]=¢(20%*0+20*1-10)=1 ¢(-20*0-20*1+30)=1 ¢(20*1+20*1-30)=1

_J [11]=¢(20%1+20%1-10)=1 ¢ (-20*%1-20¥1+30)=0 ¢ (20*1 +20*0-30) =0

[10]=¢(20%1+20*0-10) =1 ¢(-20*1-20*0+30) =1 ¢ (20*1 +20*1-30) =1

=




RNA: Estruturas e Tipos de Regioes de Decisao

Exclusive-OR Classes with Most General
Problem Meshed regions | Region Shapes

\

An Introduction to C ti Structure Types of
n inroauctuon (o Lomputn o 0 o
with Neural Nets P 8 Decision Regions

Richard P. Lippmann S . I L
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Rede Neural Artificial:

Hidden

Universalidade: para qualquer fungao arbitraria f (x),
existe uma rede neural que a aproxima. |




Rede Neural Artificial:

Bedrooms

Sq. Feet

Neighborhood
(mapped to
an id number)

Input

2000

Output

T
\\
N\

/" \
/ Final
\ Price
\ Estimate |

N J

7
,_/

f(x),



Rede Neural Artificial: DEEP LEARNING

DEEP LEARNING = APRENDIZADO PROFUNDO

e SISTEMAS COMPUTACIONAIS
* CPUs, GPUs, ASICs
e MEMORIA

* BANCO DE DADOS ESTRUTURADOS & 14,197,122 images, 21841 synsets indexed
* Imagenet |M 'GE Explore T : : ~oolStuff

* P&D (CONCEITOS e ALGORITMOS)
* CNN, RCNN, BACKPROP, LSTM, ...

* INFRAESTRUTURA DE SOFTWARE dﬁz\ it ‘
*  Git, AWS, AMAZON MECHANICAL TURK, GOOGLE TENSORFLOW ¢ 4 g TensorFlow

* [INTERESSE COMERCIAL E FINANCIAMENTO POR GRANDES COMPANHIAS -~ ;
Go-gle AMazonjr3

e Google, Facebook, Amazon, ... o/




Rede Neural Artificial: DEEP LEARNING

DEE

Machine Learning

G — |G — $7373

Input Feature extraction Classification

- Deep Learning

& — 37— Il

Input Feature extraction + Classification Output




Rede Neural Artificial: DEEP LEARNING

DEEP LEARNING = APRENDIZADO PROFUNDO

Going Deeper with Convolutions

Christian Szegedy', Wei Liu®, Yangqing Jia', Pierre Sermanet’, Scott Reed?,

Dragomir Anguelov', Dumitru Erhan', Vincent Vanhoucke', Andrew Rabinovich®

'Google Inc. “University of North Carolina, Chapel Hill

*University of Michigan, Ann Arbor *Magic Leap Inc.

1 : . . )
{szegedy, jiayg, sermanet, dragomir,dumitru, vanhoucke}@google.com

Abstract

We propose a deep convolutional neural network ar-
chitecture codenamed Inception that achieves the new
state of the art for classification and detection in the Im-
ageNet Large-Scale Visual Recognition Challenge 2014
(ILSVRC14). The main hallmark of this architecture is the
improved utilization of the computing resources inside the
network. By a carefully crafted design, we increased the
depth and width of the network while keeping the compu-
tational budget constant. To optimize quality, the architec-
tural decisions were based on the Hebbian principle and
the intuition of multi-scale processing. One particular in-
carnation used in our submission for ILSVRCi4 is called
GoogLeNet, a 22 layers deep network, the quality of which
is assessed in the context of classification and detection.

1

.edu, “arabinovich@magicleap.com

ger and bigger deep networks. but from the synergy of deep
architectures and classical computer vision, like the R-CNN
algorithm by Girshick et al [6].

Another notable factor is that with the ongoing traction
of mobile and embedded computing. the efficiency of our
algorithms - especially their power and memory use - gains
importance. It is noteworthy that the considerations leading
to the design of the deep architecture presented in this paper
included this factor rather than having a sheer fixation on
accuracy numbers. For most of the experiments, the models
were designed to keep a computational budget of 1.5 billion
multiply-adds at inference time. so that the they do not end
up to be a purely academic curiosity, but could be put to real
world use. even on large datasets, at a reasonable cost.

In this paper. we will focus on an efficient deep neural
network architecture for computer vision, codenamed In-
ception. which derives its name from the Network in net-
work paper by Lin et al [12] in conjunction with the famous




Rede Neural Artificial: DEEP LEARNING

Output
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(input pixels)

L. Fridman - MIT



Inteligéncia Artificial

Indo para a pratica
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C O @ Python Software Foundation [US] | https:/Asenspython.org
Eython ESE Docs EyEl Jobs Community
n Visual Studio Code Docs Updates E%iic:n.;; AP Extensions FAQ /O Search Docs i Download

Code editing.
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Free. Built on open source. Runs everywhere.
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Stable Build
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t app from './app';
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Ambientes de Desenvolvimento

https://colab.research.google.com
— (A B cplab recearch goagle com/ngichgole fuolonme oy

Welcome To Colaboratory B
File Edit View Insert Runtime Tools Help

CODE TEXT ¢ COPY TO DRIVE

CONNECT /' EDITING A
. Google
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: . Drive
introducing Golaboratory Welcome to Colaboratory!
S
is i i s entirely i loud.
Getting Started Colaboratory is a free Jupyter notebook environment that requires no setup and runs entirely in the cloud

With Colabaratory you can write and execute code, save and share your analyses, and access powerful computing resources, all for free from your
hMore Resources browser.

hAz i i les: :
Aachine Learning Examples: Seedbank [ 1 Introducing Colaboratory

SECTION
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1F TensorFlow

TensorFlow Core

Visao geral Tutorials

Get started with TensorFlow

Learn and use ML

Research and experimentation

ML at production scale

Generative models

Distributed training

Images

Sequences

@ https//www.tensorflow.org/tutorials

Learn =

Guide

Mais =

TF 2.0 Beta

Q, Pesquisa

a & © B

-

Language ~ GitHub  Fazer login

il
|

-

TensorFlo

Get

Tensorf
product
desktor

Learn
ML

The hig
API pro

TensorFlow Estimators

tf.layers, tf.losses, tf.metrics

Python TensorFlow

C++ TensorFlow

CPU

GPU

TPU

Figure 1. TensorFlow toolkit hierarchy.

-4—— High-level, object-oriented API

-4—— Reusable libraries for common model components

-4—— Provides Ops, which wrap C++ Kernels

-4—— Kernels work on one or more platforms




Ambientes de Desenvolvimento

<« C b & httpskerasio

‘ Keras is a high-
|K| Keras Documentation Docs » Home €3 Edit on GitHub level neural

networks AP,

Keras: The Python Deep Learning library written in Python
and capable of

You hawe just found Keras.

Guiding principles runnlng On tOp Of
Getting started: 30 seconds to Keras TensorFIOW, CNTK,
Installation or Theano.
Configuring vour Keras backend — —_

3 Home

Support
Why this name, Keras? API = "Apphcat'()n
Why use Keras You have just found Keras. Programming -
Z::::::Z:lnml - Keras is a high-level neural networks AP, written i|:| Python and capab!e of running rfm top o.f "Interface” - I
TensorFlovy, CNTK, or Theano. It was developed with a focus on enabling fast experimentation. |nterface para

Guide to the Functional API Being able to ga from ideq to result with the least possible delay is key {o doing good research.

" Programacao de
MODELS Use Keras if vou need a deep learing library that: Ap||Cat|VOS".

Ahout Keras models

« Allows for easy and fast prototyping (through user friendliness, modularity, and extensibility}.
« Supports both convolutional networks and recurrent networks, as well as combinations of the
WModel [functional AP tweo.

Sequential

) GitHub « Runs seamlessly on CPU and GPU.




Neural network terminology

one epoch: one forward pass and one backward pass of all the training
examples

batch: the number of training examples in one forward/backward pass.
The higher the batch size, the more memory space you'll need.

number of iterations: number of passes, each pass using [batch size]
number of examples. To be clear, one pass = one forward pass + one
backward pass (we do not count the forward pass and backward pass
as two different passes).

Example: if you have 1000 training examples,
and your batch size is 500, then it will take 2
iterations to complete 1 epoch. |




kaggle Pima Indians Diabetes Database

EXEMPLO, L e

ata Visualization

CLASSIFI

Diabetes?

diabetes

LY== N = R B S R LN R B

== ==

REDE NE ~

400

=t

©,1458,72,35,0,33.¢6,0.627,50,1
1,85,EE,EQ,D,EE.E,D.ESI,EI,D
6,153,04,0,0,23.3,0.672,32,1
1,65,66,23,54,268.1,0.167,21,0
0,137,40,35,168,43.1,2.285,33,1
5,116,74,0,0,25.6,0.201, 30,0
3,78,50,32,86,31.0,0.245,2¢,1

-] &y LN o= Ld [N

200 {

e As 10 ultimas linhas foram separadas para o
grupo de teste

100 1

768 "  As 758 linhas restantes serao divididas em
grupo de treinamento, validagao

11 i 158 i 76

“‘i 9 102 76
CBPF "ANOS =TT 0. 118.84.47.930.45 8.0 .551.31.1
/ :"

CSV “ Comma Separeted values” file




Diabetes.py ¢ | @ python

Tensor

Importa Bibliotecas

Leitura dos Dados

Ajustes dos Dados Separa Dados de Treinamento (80% - 606) e Validagao (20% - 152)

Definicao da RN/
Grupo de Teste

Compila o Model pregnancies| glucose diastolic triceps insulin bmi dpf age diabetes
1 106 76 0 0 37.5 0.197 26 0
Treina (FIT) a RN, 5 190 92 0 o 355 0.278 BE 1
2 23 53 26 15 28.4 0.766 22 0
g 170 74 31 0 44 0 0.403 43 1
Plota a evolugao da Prec 9 g9 62 o o 22 5 0.142 33 0
Funcgdo Custo 10 101 76 43 120 32.9 0.171 63 0
2 122 70 27 0 36.8 0.340 27 0
5 121 72 23 112 7.2 0.245 20 0
Apresenta os Dados d« 1 126 60 0 0 30.1 0.349 47 1
1 93 70 31 0 30.4 0.315 23 0
e e e e o

e Camada de Saida: 1 neuronio
CBPW@ANOS



1. Acesse o link google drive para compartilhamento:

https://drive.google.com/drive/folders/1Vodmo0ayZ0tdx DJEbS5n2hFudxJFOay9?usp=sharing |

£ UntitledOipynb
File Edit Wiew Insert Runtime Tocols Help

CODE TEXT

[1] from google.colab import drive
drive.mounty "fcontentfgdrive’)

B comMmMENT A% SHARE e

RN

v bk - /' EDITING A

[+ Go to this URL in a browser: https://faccounts.google.comfo/oauthZ/authdclient 1d=94731RO89RG3 -6bnbgk8qdefindgipteetddihcdbrcd] . apps . googleusercontent.com

Enter your authorization code:

drwxr-xr-x 1 root
drwxr -xr-x 1 root
drwxr -xr-x 1 root
drwx------ 3 root
drwxr-xr-x 1 root

[3] «d gdrive

[+ Acontent/gdrive

root 4696 Jul
root 4895 Jul
root 4896 Jul
root 4896 Jul
root 4896 Jul

18
18
11
15

28:19 .f
28:88 .S

io:ce confly Cddigo de autorizacao

16:14 sample data/

l

L from google.colab import drive

CBPW@AN% o6 2ol

Google drive.mount('/content/gdrive’)
boratory Drive


https://drive.google.com/drive/folders/1Vodmo0ayZ0tdx_DJEb5n2hFudxJF0ay9?usp=sharing

EXEMPLO 2
RECONHECIMENTO DE CARACTERES MANUSCRITOS

REDE NEURAL MULTI-LAYER




Sobre Imagem Digital

= Imagem é um sinal digital (2D) de suporte a informacao (Teoria de Sinais)

= Uma imagem digital € uma funcao discreta de posicao (2D ou 3D, tempo
e banda espectral) e niveis de cinza. Cada coordenada da imagem
contem uma informag¢ao de luminancia (ou crominancia).

R B RS
i LB nEmES EHNERER
" . SWE S
. B J . 2 EURY | | | T
i e W i S . | W [
: 4 - R =1
o R ! .
v‘ ]
i

.....

Imagem digital (KODAK — Free)




Sobre Imagem Digital

Uma imagem digital pode ser vista como uma matriz de niveis de
cinza, ou valores de intensidade luminosa.

94 100 104 119 125 136 143
103 104 106 98 103 119 141
109 136 136 95 78 117
110 130 144 78 97
109 137 178 78

100 143 167 85
104 123 166
125 131 172
131 148 172
161 169 162

Amphagﬁo Valores de intensidade luminosa (8 bits)
Niveis de Cinza



Sobre Imagem Digital

Unidade de comprimento

Resoluc¢ao da Imagem

0 DPI - “dots per inch”

m Scanners (variavel)

= Numero de pixels
= Video (fixo)

= Exemplo simples

m Foto de 5x5 cm —2x2 in.

m Resolucao: 300 dpi

m Tamanho: 600x600 pixels

= Filme Fotografico: 5000x5000 dpi

99



MNIST

HANDWRITING SAMPLE FORM

National Institute of
Standards and Technology DATE ary STATE _2IP
U.S. Deportment of Commerce §-3 —S’?j lg[,wou ey B #FLSE ]

This sample of handwriting is being collected for use in testing computer recognition of hand printed numbers
and letters. Please print the following characters in the boxes that appear below.
0123456789 0123456789 0123456789

THE MNIST DATABASE ahing ea ] Lainadrioon LoSittns

7 701 752
[217] | 27| | z752] sors9| | 940947

I I
. . M010]1010]1210]0)212]012]1012]10]1010
of handwritten digits T ONDNNNENEODDONNL
Cotiona Cortes, Google Labs, Now York [RAd2223 2222222222
Christopher J.C. Burges, Microsoft Research, Redmond } SI1Z13131313 15151313 1213131313
E um Banco de Dados composto de digitos escritos por [ d L B b ] bed b d B 64 U ] B ({ 9
estudantes do ensino médio e funciondrios da agéncia SISYOQOUSISISYSIOLTASIOLS LSS
. P ” Lo G 6 606G bLbbLLE 666 L
governamental americana: “US Census Bureau P
2‘1777’77’17’)’777‘7-777
A base MNIST contem: A kel P ko R A Bl Bl A U d ol i Bl B B
. . f?iqqqqsi‘i‘l‘\‘\qéi‘iqql
* 60,000 imagens para treino eommon DeFens < ) Promste Fhe geneval wakre |
. e it R e
* 10,000 imagens testes establioh Shis GopsTiToTIoN For Yhe
Onted SYates of America,

CBPF7ANOS http://yann.lecun.com/exdb/mnist/ r




Importa Bibliotecas

Leitura das Imagens
Normalizacao das Imagens

Treinamento (60000)
Validagdo/Teste (10000)

Niveis de Cinza [0, 1.0]

Definigao da RNA Define as propriedades de cada camada

Compila o Modelo

Apresenta o resumo do Modelo

. Epoch, Batch, Dados de
U A 2 Bl Treinamento e Validag¢ao

Print Precisao da Rede

Reconhecimento

DEFINICAO DA RNA

e 12 Camada: 784 neuronios

e« 22 Camada: 392 neuronios

32 Camada: 196 neuronios

 Saida: 10 neuronios

0 5 10 15 20 25 0 5 10 15 20 25

28 x 28 pixels

0 5 10 15 20 25 0 5 10 15 20 25

model = Sequential()

model.add(Flatten(input_shape=(28,28)))

model.add(Dense(392, activation="relu'))

model.add(Dense(196, activation = 'relu’))

model.add(Dense(10, activation='softmax'))



EXEMPLO 3
RECONHECIMENTO DE CARACTERES MANUSCRITOS

REDE NEURAL CNN
CONVOLUTION NEURAL NETWORK




& Colab_example_of_cnn_Mnist.ipynb
File Edit View

Insert Runtime Tools Help
---‘
I OPEN IN PLAYGROUND

https://colab.research.google.com/drive/1 mb0zsvIWu8OvFNYS5X-2laRtjdItEQu
v CNN
Overview
Convolutional Fully-
. ully
layer | Convolutional ad
ayer Convolutional ocally- laver 2
)
connected 7T T
% layer _-~foF e[ e
- \b‘~ TN :::' J' “ ;'l. \‘ I"‘
T "= cadea ~——. . - N’ . N\ -
- ,r"" ﬁ:::::: ---:E;;}, . )l\ . ,: !o
"’, 4 :::: - " . ps vl K ol B
. ~‘~:~“. hd /' \\. I" \‘.
el el le)
Poolin Fully- I
layer connected  Output layer
Input layer layer 1
Goal
The Goal of this notebook is to present a simple example of cnn running with keras (Tensorflow backend) in the colab interface. We also present some example of
results of a simple application of handwritten digit classification.

-~


https://colab.research.google.com/drive/1_mb0zsvIWu8OvFNYS5X-2IaRtjdItE0u

Convolution FC*
Layer Pooling
U - Convolution : Layer FC
. ///'V////W/v Layer e Pooling /\Layer ’
p < aver /| .
< ~ | (T s | S 5
o ~ . = } Q.
3 : 3 2| ] s
P — Q. ) C)
o o~ o)
— s } Z L 5 10 ‘ 10
‘ == AAAAAAAAA ) < > 3 o~ .
L 20 Log Softmax
Convolution AAAAAAAAA | 10 . r 100
(5x5 kernel) = onn R —— Earvalifian Ma)(tzP:;I)mg atten
rs
e (2x2) (Ri&a xernel) *FC=Fully Connected l

.

ANOS

CBPF/(@&



Convolutional layer (4 x0)

Center element of the kernel is placed over the (0 X 0)
source pixel. The source pixel is then replaced (0 x 0)
with a weighted sum of itself and nearby pixels.

Source pixel

Caabha

\
- -

\ \ \
T b
\

\

-“ \ .
‘:- - .
>~
~

- -L-;nn

Single depth slice

& o == ’L 5
New pixel value (destination pixel) pe [

A\

C BPW@ANOS Example of MaxPool with 2x2 and a stride of 2



Convolutional Neural Networks

What makes CNNs so special?

- Based on mammal visual cortex
. Extract surrounding-depending high-order features.
. Specially useful for:
- Images
- Time-dependent parameters
Speech recognition
Signal analysis

Low-Level| |Mid-Level| [High-Level| | Trainable
Feature Feature Feature Classifier

CBPF/@®)~
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Journal of Petroleum Sclence and Engtneering 170 (2018) 315-330

dx.dol.org/10.7437/NT2236-764002016.01.004
Notas Técnicas,v. 6, n. 1, p. 28-51, 2016
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e
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Prof. Clécio R. Bom

Home ; Info ; Teaching-Ensino ;7 Press—Imprensa & Divilgagio Cientifica 7 Deép Learning Minicourse 7  Conlact
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Clécio R. De Bom
(CBPF/CEFET-RJ)

Home

PESQUISAR

This is a space to discuss science: Artificial Inteligence, Astrophysics and
Petrophvsics, interations between Industry and Academia. promote scientific

x ICK INFO
v de 11-14 february at IAG-USP. ool

Este é um espaco para discutir ciéncia: Inteligéncia Artificial, Astrofisica e Cléda R.De Bom, PhD




Q Competitions Datasets Kernels Discussion Courses e+

Competitions

General >iass Sortby  Grouped v
All Categories v Search competitions Q
16 Active Competitions
Two Sigma: Using News to Predict Stock Movements $100,000
Use news analytics to predict stock price performance 2,927 teams
Featured els Competitior ntt o - ® news agencies, time series, finance, meney
TWO SIGMA
Jigsaw Unintended Bias in Toxicity Classification $65,000
Detect toxicity across a diverse range of conversations 3.162 teams
Featured els Competition - 9 days W biases, nip, text data
APTOS 2019 Blindness Detection $50,000

Detect diabetic retinopathy to stop blindness before it's too late 1.060 teams

Featured els C stition - 2 nths to go - % healthcare, medicine, Image data, multiclass class




|A e as decisOes éticas

Veiculos Autonomos — processamento de imagens e redes neurais




|A e as decisOes éticas

A magquina moral

http://moralmachine.mit.edu/hl/pt

\\7_  LIDARS

High-precision laser sensors that
detect fixed and moving objects

LONG-RANGE RADARS
" : Detect vehicles and measure velocity

St Uy SHORT-RANGE RADARS
== I @ @ = Detect objects around the vehicle

YERFRZIIIRIIE YRFrRrrrrrrr s

"'I II|| 'III I I‘l i https://hcai.mit.edu/avt/
\‘.;"‘1-1 \‘h“sﬂ
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(CBPF)
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Elisangela L. Faria
(CBPF)
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Sobre Imagem Digital (CORES)

« Acor édefinidacomo uma “sensacao” na percepcao humana.

Do ponto de vista da Fisica, a cor € o resultado da incidéncia de uma onda
eletromagnética na retina. Esta tem um comprimento de onda entre 400 a 700nm.

SISTEMA DE CORES

vV RGB (Red Green Blue) %

E um Sistema Aditivo/Emiss3o. A proporcdo de cada uma das cores

primarias (Red, Green and Blue) sao a base para todas as outras cores,
qguando somadas. A implementacao é feita por meio de circuitos -
eletronicos (e.g. em televisao, cameras, sistemas de computac¢ao grafica, Cores primdrias de emissdo

etc.).

CMY(K) (Cyan Magenta Yellow (Black)) ‘
v

E um Sistema de cores Subtrativo/Absor¢3o. Utilizado normalmente por
dispositivos de impressao e/ou fotograficos. Estes sistemas incluem
normalmente uma 4a. cor (preto), para reduzir “custos” para produzir Cores primarias de absorgdo

todas as cores.




Sobre Imagem Digital (CORES)

Escalade0a 255 L — Escalaem %

G =212 Nrnziralo M=11% K=1%

B =20 Y = 94%

R =83 C=5/%

G=12 ROXO M=98% K=32%
B=64 Y =22%

R =20 C=77%

G = 202 VerdeAge M=0% K=0%

B =114 Y =71%

HSL — OUTRO MODELO: Hue (Matiz), Saturacao, Luminosidade



