Deep neural
networks learn
hierarchical feature &

representations

- Machine Learning -

Overview and Some Examples

Prof. Adolfo Bauchspiess

LARA- Automation and Robotics Laboratory
Departamento de Engenharia Elétrica

Universidade de Brasilia - Brazil




THIS 1S YOUR MACHINE LEARNING SYSTEM?

YUP! YOU POUR THE DATA INTO THIS BIG

S umm ary PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSWERS ON THE OTHER SIDE.
WHAT IF THE ANSLERS ARE LIRONG? )
JUST STIR THE PILE UNTIL
THEY SIART LOOKING RIGHT.
Overview:
- Artificial NN, RL
- Deep NN

- Development Environments
- MatLab, Python: Tensorflow, Keras, Skl.earn
- CPU, GPU, Cloud, TPU
- Intel AT DevCloud (Colfax), Google Colab

Some Examples
- Classification: LeNet, AlexNet, GoogLeNet

- Welding Visual Inspection

-  RL Maze
- Nonlinear Control Lig4: RL Actor-Critic, RL Q-Learning

Perspectives
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Overview
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[A- Terms e 08

s Turing Test L2
s Cybernetics - Wiener

n Artificial Intelligence — Darthmount College
n Artificial Neural Networks — 3 Waves

m Fuzzy Systems - Zadeh

s Evolutionary Computing - Vogel

s Machine Learning

s Computational Intelligence

s Smart Buildings, Smart Cities, Smart...

n Inteligent Systems

I_A?R \I/ A. Bauchspiess — Deep Learning ICIN/ENE/UnB 2019 4/80



A

Classification

Unsupervised Learning

Association

i

Clustering

|
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® Linear

® Polynomial . PCA

¢ K-means

. * Apriori . :
harown QY cavegorical |
e Logistic Regression ( .

« Naive-Bayes Hidden Markov

e SVM Model




Meaningful
Compression

Structure Image

) I Customer Retention
Discovery Classification

Big data Dimensionality Feature Idenity Fraud

isualistai . Classification Diagnostics
Visualistaion Reduction Elicitation Detection g

Advertising Popularity
Prediction

Learning Learn|ng Weather

Forecasting
]
M ac h I n e Population

Growth
Prediction

Recammendse Unsupervised Supervised

Systems

Clustering Regression
Targetted

Marketing

Market
Forecasting

Customer

Segmentation L e a r n i n g

Estimating
life expectancy

Real-time decisions Game Al

Reinforcement
Learning

Robot Navigation Skill Acquisition

Learning Tasks
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— SENAI/1982 — Eletricista de Dispositivos de Comandos Eletricos

— UnB/1986 - Eng. Eletrica
— Estagios. Telebrasilia (1984), Prologo (1985), Novadata (1986)

- Engenheiro: Novadata Sistemas e Computadores Ltda (1956-1990)
— UnB/1990 - Mestre Eng. Eletrica
— Erlangen-Alemanha/1995 — Dr.-Ing.

— ENE/UnB 1995 ... - Prof. Controle & Automacao
- Pos-Doc (Aachen/1997, Kaiserslautern/2005-20006, Santa Barbara/2014)
- Projetos: FAP-DF, CNPq, CAPES, FINEP
- Erasmus Mundus — Kaiserslautern g _
- Coordenador Eng. Mecatronica UnB 2015/17 {_ J'.E 2
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My Al Time Line

« 1988 Henrique Malvar
Processamento Adaptativo de Sinais (LMS — ADALINE)

« 1990 Projeto Dr. Erlangen/Alemanha CNPq

“Controle Adaptativo de Rob0s Utilizando Técnicas de Inteligéncia Artificial”

« 1997- Introducao aos Sistemas Inteligentes —ENE/UnB - ISI/ICIN

Ohm (1827) von Gerlach (1871) Brandenburg (1989)

FRIEDRICH-ALEXANDER Ohm’s Law Reticular Brain theory MP3
UNIVERSITAT _ (with Golgi)
ERLANGEN-NURNBER w : ”

¢ v ¢ Massive Meshed Network
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Alter Weg iiber Elbe
Direkter Weg
m— Neubau

Trajectory Planning — Path Tracking

"Redundant Sensor Guided Unloading Crane”
Univ. Erlangen/Nurnberg — MAN
River Crossing — Minden, Elbe, Germany | Bauchspiess, 1995
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950 -900 -850 -800 -750  -700 -650
ylimm]

b) Velocity / [mm/s]: reference(--), measured(_ )

Bauchspiess, 1995

Sensor guided Hydraulic Robot



Predictive sensor-qguided Path tracking

- PhD. plan: Adaptive / Intelligent !
- But C. Wurmthaler (Uni. Erlangen) asked: Why adapt things you know?

Robot | Image. "Simple problems have
Joint nterpretation i .
Control S I Complicated solutions”!
Trajectory
“Complicated problems
 teme BT Comnect 16hits | mowass | Have simple solutions”!
A/D Resolver D/A Frame Grabber W - ”
/ simple
M M -> Non linear robot control
A -> Predictive path tracking
TN “not simple”
IA for path planning!
edundan ydraullC moDbDlile Ccrane
(Redundant hydrauli bil )
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Al Time Line

Challenges, competitions,
Support applications, systems

Random vector 2000-2018

Turlng test Pattern recognition P
1067 forest machine First mention Deep learning methods?

First mentlon ML | Decision trees R deep learning ML libraries?

B B =B —

Artificial Intelligence

.

I_A?R \I/ A. Bauchspiess — Deep Learning ICIN/ENE/UnB 2019 13/80



@® @ e &
1950 1955 1964 1966

Computer scientist
Alan Turing proposes a
test for machine
intelligence. If a
machine can trick
humans into thinking it
is human, then it has
intelligence

Term ‘artificial
intelligence' is coined
by computer scientist,
John McCarthy to
describe "the science
and engineering of
making intelligent
machines”

First industrial robot,
Unimate, goes to work
at GM replacing
humans on the
assembly line

Pioneering chatbot

developed by Joseph
Weizenbaum at MIT

holds conversations

with humans

The "first electronic

person’ from Stanford,
Shakey is a general-
purpose mobile robot

that reasons about

its own actions

A.l
WINTER

Many false starts and

dead-ends leave A.l. out

in the cold

1997

DEEP BLUE

Deep Blue, a chess-
playing computer from
IBM defeats world chess
champion Garry
Kasparov

KISMET

Cynthia Breazeal at MIT
introduces KISmet, an
emotionally intelligent
robot insofar as it
detects and responds
to people’s feelings

| 0 AlphaGo |

1999

AIBO

Sony launches first
consumer robot pet dog
AiBO (Al robot) with
skills and personality
that develop over time

LARN

2002

ROOMBA

First mass produced
autonomous robotic
vacuum cleaner from
iRobot learns to navigate
and clean homes

2011

SIRI

Apple integrates Siri,
an intelligent virtual
assistant with a voice
interface, into the
iPhone 4S

2011

WATSON

IBM's question
answering computer
Watson wins first place
on popular $1M prize
television quiz show
Jeopardy

EUGENE

Eugene Goostman, a
chatbot passes the
Turing Test with a third
of judges believing
Eugene is human

A. Bauchspiess — Deep Learning ICIN/ENE/UnB 2019

2014

ALEXA

Amazon launches Alexa,
an intelligent virtual
assistant with a voice
interface that completes
shopping tasks

2016

TAY

Microsoft's chatbot Tay
goes rogue on social
media making
inflammatory and
offensive racist
comments

2017
ALPHAGO
Google's A.l. AlphaGo
beats world champion
Ke Jie in the complex
board game of Go,
notable for its vast
number (2179) of
possible positions
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Time Line — Al landmarks

theory is expounded

The SNARC is built. It is
the first neural net
machine

Alan Turing
thinks up the
Turing Test

The term

o o @

Machine learning

Chatbot ELIZA is
demonstrated

1964

1963

‘artificial
intelligence’ is coined

¢ * @

MYCIN diagnoses
infectious blood
diseases

Contributing problems
include a lack of computing

power, logic itself,
Moravec’s paradox

Al based algorithms

begin to be used in

DART logistics
planning application
used by US military

1982

1997

1975-1980

Neural network
theory gains in
popularity

Babel Fish
machine
translation tool
released

A. Bauchspiess — Deep Learning ICIN/ENE/UnB 2019

many vertical

I EE

IBM’s Watson wins
US gameshow

Jeopardy!

¢ ® ¢ 9 @

Introduction of
Web-based
recommendations

Google acquires DeepMind
Baidu opens an Al lab

Skype provides instant
spoken translation

Speech recognition reaches human parity
Launch of a GPU and TPU units for Al

Translation Al develops own intra-lingua
Virtual world for Al to learn in

Google Brain
describes a scene in

a picture

2012

2014

TensorFlow
opensource ML

software library
is released

DeepMind’s
AlphaGO DNN beats
Go champion

2015

[ B

Al moves from the
cloud to the device
with TensorFlow
Lite, and Caffe 2
libraries

AlphaGO Zero teaches itself to play Go

Use of ML in medical diagnosis
Pix2pix outputs images from drawings

Al discovers a new planet — Kepler 90i
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Deep Learning Timeline

2006
Deep
Belief
1986
. Networks
7?? 1760 Multilayer
°te 1958 1969 Self 1982 Perceptro 1997 -
Perceptro XOR Organizin Hopfield n 1986 Bidirectio pretrainin
Sl n problem gMap Network grumehart inon RNNS nalRNN g
Dark Era Rosenblatt Minsky & Papert Kohonen John Hopfield & Williams Jordan Schuster & Paliwal ~ Hinton

t t t t t y t

2017

Capsule
2012 Networks
Dropout  subour Frosst,
Hinton Hinton

! )

b ¢ ) !

1943 1960 1974 1980 1985 1986 1990
Neural ADALINE Backpropa Neocogitro Boltzmann Restricted LeNet
Nets Widrow&Hoff gation n Machine  Boltzmann ‘"
McCulloch & Pitt Werbos (and more) Fukushima Hinton & Sejnowski M a Ch i ne
Smolensky
Made by Favio Vazquez
\ \ \ \ \ i i 1 [ f /
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1997

LSTMs

Hochreiter &
Schmidhuber

$ $

2006 2014
Deep GANs
BOlthann Goodfellow

Machines
Salakhutdinov &
Hinton

=
O
@
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Time Line — Game Al

History of Game Al
By: Andrey Kurenkov

TD-

Kaissa
1974: first world
computer chess

Monte MCTS Go

Dartmouth

champion

2006: French

Conference
1956: the birth of Al

Ja ' E'

Gammon
1992: RL and neural
net based back-
gammon Al shown

predicted probability

of winning, Vv,

Carlo Go
1993: first research
on Go with stochastic
search

NeuroGo

1996: ConvNet with
RL for Go, 13 kyu

researchers advance
Go Al with MCTS

Crazy
Stone

2008: MCTS Go Al
beats 4 dan player

1956: IBM Chejfkers Al
first demong/rated

Bernstein's
Chess Al

1958: first fully
functional chess Al
developed

LARN

Mac Hack

1967: chess Al beats
person in tournament

Zobrist's Al

1968: First Go Al,
beats human amateur

Checkers Al
Wins

1962: Samuel's
program wins game
against person

1989: convolutional
nets first
demonstrated

Backprop
1986: multi-layer
neural net approach
widely known

(amateur)

Zen19

2012: MCTS based Go
Al reaches 5-dan rank

DeepMind
2014: Google buys
deep-RL Al company
for $400Mil

AlphaGo

2016: Deep
Learning+MCST Go Al
beats top human

CHINOOK

1994: checkers Al
draws with world
champion

Deep Blue
1997: IBM chess Al
beats world champion
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Time Line - The 3™ AT Wave

Al is born Focus on specific intelligence Focus on specific problems
- - .
* The Turing Test * Expert systems & knowledge Machine learning *
« Dartmouth College conference = Neural networks conceptualized  Deep learning: pattern analysis & classification *
* Information theory-digital signals  * Optical character recognition Big data: large databases *
* Symbolic reasoning = Speech recognition Fast processors to crunch data *
High-speed networks and connectivity *

Dartmouth conference i Edward Feigenbaum
led by John McCarthy develops the first
coins the term i Expert System,
“artificial intelligence® i giving rebirth to Al Apple integrates Siri, a personal voice °

1956 1975 -1982 : assistant into the iPhone
2011 ¢ 2014

YouTube recognizes
2000 cats from videos

-~ A | S, SRy | | T, < S | S A (| S
1950 1960 1970 1980 1990 2010 2020

IBM's Watson Q&A machine wins Jeopardy! @ 2016

AlphaGo
defeats Lee Sedol

@
s
1964 : 199‘7
Eliza, the first chatbot i i IBM's Deep Blue defeats
is developed by Joseph i} i Garry Kasparov, the world's
Weizenbaum at MIT  § : reigning chess champion

Limited computer processing power « Real-world problems are complicated

Limited database storage capacity * © Facial recognition, translation * Disappointing results: failure to achieve scale
Limited network ability « © Combinatorial explosion * Collapse of dedicated hardware vendors
. .
Al Winter | Al Winter I

source dhl via @mikequindazzi

Figure 1: An Al timeline; Sol ol Ny WINTER .
s b 1S COMING

\I/ ; ’ -
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Time Line — Al = ML! AISMLSDL

INE LEARI
N AT
Y without being

MM el ‘

DEEP LEARNING

Learning based on Deep
Neural Network
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Time Line — Al Big Business

RACE FOR Al: MAJOR ACQUIRERS IN ARTIFICIAL INTELLIGENCE  ORACLE —reeemry

2011-2016YTD (12/1/16) " @ L‘.;ocrosswnsg.r.i,; l.ai =
)  tempo._| S turl
Jje#:ac Lntg ,,,,,,,,,,,,,,,,,,,, %

amazon —, ""'ﬁseez@"-E ,@ ----- 3
, :l (.) \ {

n
9 2 vioot— @ wherian 2 @ G
8% Microsoh Qotwwo equivio 4 @Meta)ind IRENETET E-
— [y i
NETBREEZE | .
b | == vocalig G )
Gemu Mt‘“ ) Moodstocks
IBM__ SR oy " S——
- J | ' ~ MAGICPONY g= !
= 0 Google DeopMind z:’m TECHNOLOGY m
Dark
Blue A
b = Blepoys mee——— @ :
LOfacecn Lnexidia () - L Movidius% -
= y -7 ———— Aol
indisys | s L Q) soox
9 i b e medio LQRod.. B oot
' y cleversense ’ @ \
o Y N S R N - - S , Genee
5“" j @ Tell : 5 y
- wconvenmo! HPredicionta ¢
ot £ - ~ [ S I
14" 1Q Engines ! —witale YyeruL |_@MOTIeNT _| tner
m. --------- H
| i . ) Google DeepMind
ey — eyl oy i~ -ebay —— |
hunch ~oEjTi - R AT | ‘

L ~ Saffron @) ssepredie]__ &3

<
MADBITS  (Granata ebay -~ | ORACLE .

Jan-12 Jul-12 Jan-13 Jul-13 Jan-14 Jul-14 Jan-15 Jul-15 Jan-16 Jul-16



Time Line - Paradigms

Legend

-2000
B Limited Success
2 Died
. Major Impact
-2000-05

" Current

200010 gy ' =
-2000-15 Big Data

i B
\J
T
O g




THE GODFATHERS OF THE Al BOOM WIN

COMPUTING'S HIGHEST HONOR
03.27.19

&

IN THE LATE 1980s, Canadian master’s student Yoshua Bengio became captivated by an unfashionable
idea. A handful of artificial intelligence researchers were trying to craft software that loosely mimicked
how networks of neurons process data in the brain, despite scant evidence it would work. “I fell in love
with the idea that we could both understand the principles of how the brain works and also construct
Al says Bengio, now a professor at the University of Montreal.

More than 20 years later, the tech industry fell in love with that idea too. Neural networks are behind
the recent bloom of progress in Al that has enabled projects such as self-driving cars and phone bots
practically indistinguishable from people.

On Wednesday, Bengio, 55, and two other protagonists of that revolution won the highest honor in
computer science, the ACM Turing Award, known as the Nobel Prize of computing. The other winners
are Google researcher Geoff Hinton, 71, and NYU professor and Facebook chief Al scientist Yann LeCun,
58, who wrote some of the papers that seduced Bengio into working on neural networks.
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https://www.wired.com/story/guide-self-driving-cars/
https://www.wired.com/story/google-duplex-pixel-smartphone/
https://www.wired.com/story/googles-ai-guru-computers-think-more-like-brains/
https://www.wired.com/2014/08/deep-learning-yann-lecun/

o

. g‘... -
: f s
5 i
- N 4

IN 30. reaLD))3D AND IMAX 3D " -

Juergen Schmidhuber, Ian Goodfellow; Francgois Chollet; Yann LeCunn, Andrew Ng, Geoffrey Hinton, Larry Page, Yoshua Bengio
LSTM GAN Keras CNN  GoogleBrain BackProp.KL,etc Google GAN

LA?R \|/ A. Bauchspiess — Deep Learning ICIN/ENE/UnB 2019



[ntelligent Systems - The Brain is the model !!

Build Neuron Synaptic Connections - Learning!

0-2 years 2 years to puberty Adult
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“Philosophy of Knowledge™

Godel's incompleteness
theorems, 1931

Sentences Denied
Sentences

Truths Untruths
not achievable not achievable

Denied
Axioms

“Heuristics”

A way that works,
but you do not know way.

“Sub-optimal solutions”
The brain is expert in finding

good heuristics!

Artificial Intelligence?
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https://en.wikipedia.org/wiki/G%C3%B6del's_incompleteness_theorems
https://en.wikipedia.org/wiki/G%C3%B6del's_incompleteness_theorems
https://en.wikipedia.org/wiki/G%C3%B6del's_incompleteness_theorems

From Natural Intelligence to Artificial Intelligence
Ex. — Dislexia?

I cnduo't bvleiee taht I culod aulaclty uesdtannrd waht I
was rdnaieg. Unisg the icndeblire pweor of the hmuan mnid,
aocdcrnig to rseecrah at Cmabrigde Uinervtisy, it dseno't
mttaer in waht oderr the Iterets in a wrod are, the olny
irpoamtnt tihng is taht the frsit and Isat Itteer be in the rhgit
pclae. The rset can be a taotl mses and you can sitll raed it
whoutit a pboerlm. Tihs is bucseae the huamn mnid deos not
raed ervey ltteer by istlef, but the wrod as a wlohe. Aaznmig,
huh? Yaeh and I awlyas tghhuot slelinpg was ipmorantt!

See if yuor fdreins can raed tihs too.
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GRIMASSE STEHT KOPF

Auf den ersten Blick
scheint das Foto von
Margaret Thatcher nicht
ungewohnlich. Das andert
sich, wenn Sie das Bild
auf den Kopf stellen. Der
verbliiffende Effekt tritt
auf, weil Augen und Mund
auf dem Foto um 180 Grad
gedreht sind — und damit
genau die Merkmale, auf
die das Gesichtserken-
nungsprogramm des Hirns
besonders sensibel an-
spricht.
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- Incomplete pattern -
Brain Interpolation!

-Perception

¢ o

&I

The Kanizsa square, 1976
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Examples
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: Tz 7
MNIST R bt — o
bird R ANl 1’

0000000220002 000 i e P 8

O R S A A A A ; r A < :

2422232222223 22 d I8 v B S 4 gl E

33333339>3323333 =1 o

YO FrYa9YY Fyaddq8yy L) ® )

5S5§5855S §55<s555+s55s 0g L = T RETS

bebblGbbbcséibCe b 2 RN NS M

T77797707TIN12% 777 = —5 -

SRR EENEEE A REEE P - o N = g e 4

?919999%990949944919 9 e e DL WG S S RN 258 )
CIFAR 100 - '

| \ »apple, n »aquarium fish, r » baby, . » bear, u » beaver, H » bed, ' » bee, . » beetle, e 8 »bicycle,
j » bottle, “ » bowl, a » boy, “ » bridge, E » bus, ﬁ » butterfly, 5 » camel, m »can, E » castle,
Sklea rn | Ioad d ig its iy >caterp111ar, o >cattle, E » chair, . » chimpanzee, i » clock, “ » cloud, » cockroach, . » couch,
»crab » crocodile, n » Cup, F » dinosaur, » dolphin, ‘ » elephant, Eb » flatfish, . » forest,
» fox, &g‘j, »girl, i » hamster, !‘B » house, E » kangaroo, a » computer keyboard, éQ. » Lamp, k » Lawn-mower,

predlcl 9 predict: 8 predlct 2 prednct 9 predlct 4
true: 3 true: 1 true: 4

JI1AT4

» Lleopard, . » Lion, . » Lizard, H » lobster, m » man, . »maple tree, u » motorcycle, '. » mountain,
» mouse, n » mushroom, g »oak tree, m »orange, ¥ »orchid, ﬁ »otter, - »palm tree, I‘I » pear,
»pickup truck, . »pine tree, - »plain, 0 »plate, = >poppy, » porcupine, ‘ » possum, . » rabbit,
» raccoon, i » ray, - » road, “ » rocket, » rose, : » sea, ! »seal, = » shark, . » shrew,

\ » skunk, ‘ » skyscraper, l »snail, » snake, - » spider, E »squirrel, " » Streetcar, » sunflower,
» sweet pepper, H » table, ﬂ » tank, ; » telephone, n » television, @ » tiger, n » tractor, 3 - train,

» trout, » tulip, »turtle, 1 »wardrobe, = »whale, ‘ »willow tree, »wolf, m » woman, »worm}
LN \I/ A. Bauchspiess — Deep Learning ICIN/ENE/UnB 2019 32/80
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cockroach

e 1,000 object classes i
(categories). 'z
e Images:
o 1.2 M train
o 100k test.

indri
howler monkey

— -

i9:d=; _
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ILSVRC 2018 Winner (ImageNet Large Scale Visual Recognition Competition)

Inception-v4 (Evolved from GooglLeNet, Merged with ResNet Idea)
| Inceptiqn-v4

Incep{ion—v3 : ‘ | ResNe£-152 | ‘
ResNet-50 ’ 3 : : VGG-16  VGG-19
 ResNet-101 | - 1
ResNet-34 ‘

~
o

[0)]
(]

=
>
(O]
©
-
>
9]
(9]
©
-
Q
(@)
|_

(o))
o

BN-AlexNet
""" | AIe’xNetz

20 25
Operations [G-Ops]

The Top-1 error is the percentage of the time that the classifier E TS E
did not give the correct class the highest score. The Top-5 Network - - o TO':_ 0:'“ 0"'37”“ or
error is the percentage of the time that the classifier did not BN-Inception (Ioffe and Szegedy 2015) 2.2 7.8%

Inception-ResNet-v1 21.3% 5.5%

Inception-v4 20.0% 5.0%

. Inception-ResNet-v2 19.9% 4.9%
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http://www.image-net.org/challenges/LSVRC/

parent board

n 4 "
N\ N
- ) [

o1 * [T+
Chess: 1047 SS———

Deep Blue, Feb 10, 1996

o
3
=
k5
2
B
8

Go: 10170

AlphaGo, March, 2016

random move

64 * 12 input encoding 2048 * 3 fully ébﬁhected RelU layers
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Convolution Fully connected

A

N\

Chess: 10%7

Deep Blue, Feb 10, 1996

Go: 10170
AlphaGo, March, 2016 LO (In put) L1 L2

91.2X512 256x256 128x128 64x64 32x32 (Output)

-border fight

il -attack
1 - > -center ko
Go example creation: i 7 +O—' #-nobi
Bob van den Hoek . i —'— -hane
y -split shape
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N

ﬁ Home

ﬁ Environments
U .

I Learning

an Community

Documentation

Developer Blog

¥y o

e

i) ANACONDA NAVIGATOR

Applications on | base (root) Channels

Jupyter
N —d
JupyterLab Notebook

AN 0334 A 5.6.0

An extensible environment for interactive Web-based, interactive computing notebook

and reprody -
Jupyter t C 1 @ localhost:8889/lab

zl’“ File Edit View Run Kernel Tabs Settings Help

Files

7
A > ... > 119 > Ex2-ADALINE 8 + «

Name - Last Modified
M Ex2-Copylipynb 8 months ago

=]

£
c
=
3
-3

M Ex2-CopyZ2.ipynb 8 months ago
e M| Ex2-ICIN_UnB.ipynb a day ago
M| Ex2.ipynb 13 days ago

Hopfield_neurodynex.i... 8 days ago
Multidimen!
files. Explore|

| Ex2_Python.zip 7 months ago
Ex2-ICIN_UnB.py 7 days ago

Commands

Untitled.ipynb 8 months ago

|

. Ex3_2014.m 5 years ago

Cell Tools

Ex3.m 13 days ago
figAdaline.pdf 8 months ago
gabP1.m 7 months ago

Tabs

idinp.csv 8 months ago

prbs.py 8 months ago
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0 [ » m C Code v

# NEWLIND Fixed weights wd - Designed

yd,

plt.
plt.
plt.
plt.
plt.
plt.

e, msed, wr =adaline(u,*wd)

figure(1,figsize=(14,8))
plot(t, y,label='s1ignal')
plot(t, ya,label='adaptive')
plot(t, yf,label="'fixed')
plot(t, yd,label='designed');
legend()

<matplotlib.legend.Legend at Oxlclel5f250>

+ 1+ c #| Ex3_ICIN_ct101-2019.ipynt X | [m Ex2-ICIN_UnB.ipynb X | B Ex2-ICIN_UnB.py

Python 2

X
@)




Goog|

Z Jupy! | @ Intel® |

e Colab

Reco | @ (6)C | ] cNN | EB Port: | G deey

Cc O & https://drive.google.com/drive/u/0/folders/Ip9RSNMcmgB

Drive

Meu Drive
Computadores
Compartilhados comigo
Recentes

Com estrela

Lixeira

Backups

Armazenamento

13,7 GB de 15 GB usados

FAZER UPGRADE DO
ARMAZENAMENTO

Q_ Pesquisar no Drive

Meu Drive > Colab Notebog

Nome <

BB cifar100-classification-master

B cifar10

. 101_ObjectCategories
linsep.ipynb

ICIN_Cifar10.ipynb

caltech.ipynb

Caltech_COon_Cifar10.ipynb

® = Jupytc | @ Intel® | pf Recoc | @@ (6)Ge | ] CNN/ | B Portal | G deepr | [} 2.0Ex | B Sup

C O & https://colab.research.google.com/drive/IMWuej6 YnnWvJZHwcoSGC4nCCvQdwx4KL|

L. ICIN_Cifar10.ipynb

File Edit View Insert Runtime Tools Help

CODE TEXT 4 CELL ¥ CELL

~ Connecting to Google Drive

[ ] # Install a Drive FUSE wrapper.
# https://github.com/astrada/google-drive-ocamlfuse
lapt-get install -y -qgq software-properties-common python-soft
ladd-apt-repository -y ppa:alessandro-strada/ppa 2>&1 > /dev/n
lapt-get update -qg 2>&l1 > /dev/null
lapt-get -y install -gq google-drive-ocamlfuse fuse

# Generate auth tokens for Colab
from google.colab import auth
auth.authenticate_ user()

# Generate creds for the Drive FUSE library.

from oauth2client.client import GoogleCredentials

creds = GoogleCredentials.get_application_default()

import getpass

!google-drive-ocamlfuse -headless -id={creds.client_id} -secref
vcode = getpass.getpass()

lecho {vcode} | google-drive-ocamlfuse -headless -id={creds.cli

# Create a directory and mount Google Drive using that directox
Imkdir -p my_drive

!google-drive-ocamlfuse my_drive

!ls my drive/

from google.colab import drive
drive.mount('/content/drive")

!ls -al /content/drive/'My Drive'/'Colab Notebooks'/

E: Package 'python-software-properties' has no installatio

#copy our generated model and logs to GoogleDrive
from google.colab import drive
drive.mount('/content/drive")

#!1s -al /content/drive/'My Drive'/'Colab Notebooks'/
#11s -al /content/drive/'My Drive'/'Colab Notebooks'/cifarl0/

Imkdir /content/drive/'My Drive'/'Colab Notebooks'/tst2
!cp -R models /content/drive/'My Drive'/'Colab Notebooks'/tst2
lcp -R logs /content/drive/'My Drive'/'Colab Notebooks'/tst2/
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Intel DevCloud (Colfax)

® @® adolfobs — ssh « ssh colfax — 78x36

ABMac:~ adolfobs$ ssh colfax

/etc/profile.d/lang.sh: line 19: warning: setlocale: LC_CTYPE: cannot change
ocale (UTF-8): No such file or directory -
------------------------------------------------------------------------------------------------------------------------------------------------- — Jupyter Train_CIFAR10 @ Logout  Gontrol Panfl

® O® T upyt | G Brow: | w Unive | @ ENEL | G howe | Train. & Trx  +

C {)} @& https://hub.colfaxresearch.com/user.. Yr & B 33

Time left:

Welcome to Intel AI DevCloud! 3:58:31
1) See README.txt for information about usage policies and tips, Trusted Python 2 (Intel, 2019 UpTal 2) O
including the location of machine learning frameworks and datasets
File Edit View Insert Cell Kernel Help

2) See access portal https://access.colfaxresearch.com/
for additional information. Your invitation email contains
the authentication URL.

@

B+ = @ B 4 ¢ MR B C B Code

MIn [1): # Simple CNN model for CIFAR-10
import numpy
from keras.datasets import cifarl0
from keras.models import Sequential
from keras.layers import Dense
from keras.layers import Dropout
from keras.layers import Flatten
from keras.constraints import maxnorm
------------------------------------------------------------------------------------------------------------------------------------------------- from keras.optimizers import SGD, Adam
# from keras.layers.convolutional import Conv2D
# Note: Cryptocurrency mining on the Intel AI DevCloud is forbidden. e e e D
Lo . - X . . from keras.utils import np utils
# Mining will lead to 1mmed1z?te termination of your account. from keras import backend asm K
# For complete terms of servicee rules, see K.set_image dim ordering('th')
# https://access.colfaxresearch.com/doc/Colfax_Cluster_Service_Terms.pdf
# seed = 7
................................................................................................................................................. numpy.random.seed(seed)

s P # load data
Last 1ogln._ Sat Apr 20_14.08.2 2019 from 10.9.0.249 (X_train, y_train), (X_test, y test) = cifarl0.load data()
UZS367@109:!'"_1:~$ (_:d linsep X_train = X_train.astype('float32')
u25367@login-1:~/1linsep$ qsub launch X _test = X test.astype('float32')
22703.v—qsvr-1.aidevcloud X_train = X_train / 255.0
u25367@login-1:~/linsep$ gstat

X test = X test / 255.0
Job ID Name User Time Use S Queue # one hot encode outputs

y_train = np utils.to_categorical(y_train)
. y_test = np utils.to_categorical(y_test)
linsep_tf u25367 0 Q batch num classes = y test.shape[1]

3) If you have any questions regarding the cloud usage, post them at
https://forums.intel.com/s/topic/0T00P0OOOOO18NNWAY/intel-ai—academy

#
#
#
#
#
#
#
#
#
#
#
#
# Intel AI DevCloud Team
#

22703.v-qsvr-1

u25367@login-1:~/1linsep$ I # g‘rfate the modei Large scales

model = Sequential()

model.add(Conv2D(32, (3, 3), input_shape=(3, 32, 32), activation=
model.add(Dropout(0.2))

model.add(Conv2D(32, (3, 3), activation='relu', padding='same'))

model.add(MaxPooling2D(pool size=(2, 2)))

. ://hub.colfaxresearch.com/hub/user/u
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https://hub.colfaxresearch.com/hub/user/u25367t/

Deep Learning — CIFAR10 - Ima geNet

Mas
PO rg

., \dense

i

224% Max

2 "S'."d("..
Vot 4 -\.‘ pooling

AlexNet architecture (May look weird because there are two different “streams”. This is because the training process was so
computationally expensive that they had to split the training onto 2 GPUs)
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Reinforcement Learning

’ Jﬁﬁ#ﬁﬁﬂ
g Environment

Mathematics

Opti:na R 4
R ReWa,d
onditioning Interpreter
(00
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RL

— Optimal Control — Trial & Error — Temporal Difference

Bellman Sutton-Barto

Silver

Dynamic Reinforcement Deep RL
Programming Learning OpenMind Google
1953 1984 2010

Princeton Massaschussets-Amhearst Alberta/London
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RL

— Optimal Control — Trial & Error — Temporal Difference

[ _ o
-
Dynamic Reinforcement Deep RL
Programming Learning DeepMind Google
1953 1984 2010
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Reinforcement

Leaming ﬂ?vironment
Learn from experience <j ﬁ

0 0
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env.treasure = (mx-1,my-1)
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2 (1,1)>(1,2)>(1,3)>(1,2)>(1,3)>(1,2)>(1,1)>(1,2)>(2,2)>(3,2) =1
(1,1)>(1,2)>(1,3)>(2,3)>(2,2)>(2,3)>(3,3) £1
(1,1)>(1,2)>(1,1)>(1,2)>(1,1)>(2,1)>(2,2)>(2,3)>(3,3) 1
1 (1,1)>(1,2)>(2,2)>(1,2)>(1,3)>(2,3)>(1,3)>(2,3)>(3,3) 1
start (1,1)>(2,1)>(2,2)>(2,1)>(1,1)>(1,2)>(1,3)>(2,3)>(2,2)>(3,2) -1
(1,1)>(2,1)>(1,1)>(1,2)>(2,2)>(3,2) -1
1 2 3 4

Policy: mapping from states to actions utilities of states:

An optimal

policy for

the P T I 2| 0.762 0.660

stochastic

environmen

t 1 T e 1 0805 0.655| o.611| 0385
1 2 3 4 1 2 3 4

] 47
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Deep Reimnforcement Learning

Approaches To Reinforcement Learning

Value-based RL

» Estimate the optimal value function Q*(s, a)

» This is the maximum value achievable under any policy
Policy-based RL

» Search directly for the optimal policy 7*

» This is the policy achieving maximum future reward
Model-based RL

» Build a model of the environment

» Plan (e.g. by lookahead) using model

\I/ Adapted from: Deep Reinforcement learning — D. Silver, Google DeepMind, 2016
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Generalization

With table lookup representation (of U,M,R,Q) up to

10,000 states or more
Chess ~ 104/ Backgammon ~ 10°9

Hard to represent & visit all states!

Implicit representation,
e.g. U(i) = wqf (i) + wofh(»i) + ...+ wf (i)

Chess 104/ states = n weights
This compression does generalization

E.g. Backgammon:

Observe 1/10%* state space and beat any human.
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Deep Reimnforcement Learning

Represent value function by Q-network with weights w

Q(s,a,w) = Q*(s, a)

Q(s,a,w) Q(s,a;,w) - Qls,a,,w)

DQN in Atari

End-to-end learning of values Q(s, a) from pixels s
Input state s is stack of raw pixels from last 4 frames
Output is Q(s, a) for 18 joystick /button positions

Reward is change in score for that step

32 4x4 filters 256 hidden units Fully-connected linear
output layer

Stack of 4 previous i Fully-connected layer
frames Convolutional layer Convolutional layer of rectified linear units
of rectified linear units of rectified linear units

Network architecture and hyperparameters fixed across all games

. \I/ Adapted from: Deep Reinforcement learning — D. Silver, Google DeepMind, 2016

LARN
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urn:  0.999
Engine: 0.99999
Fitness: 0.04980

Deep Learning Cars
1.286.087 visualizations
Samuel Arzt https://www.youtube.com/watch?v=Aut3
Pub. 23/0ct/2016 2pR5PQA

Date: 1/Nov/2018
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: Building

’ ] (& -Pole
w— T _-’ \\\\; e ,
e ’ (N -~ Road Marking

o e

v ~~ Road e . ; Vehicle: 1 Vehicle: 2
- - e "‘7(.: S—
- 1=

B
iree BSm—
Ve = =. . Blsicn Symbol

- 3 S ’j ‘m{; \ﬁ - Fence
’ 2 € ]

-

e it m ‘.z‘. ‘ = “' ‘ - \

Vehicle https: //www linkedin. com/pulse/machlne lea
Pedestrian fundamentals- seIf-dnvmg cars- daV|d S|Iver/

Bike

https://www.youtube.com/watch?v=kMMbW96

Deep Learning: |
Technology behind self-driving
6.194 visualizations
Pub. 25/dec/2016

http://www.alphr. com/cars/lOO1713/pract|ce makes-perfect- drlverless -cars-will-learn-from
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~g_ E

X,

DEEPMIND Al
LEARNED HOW TO WALK

GOOGLE Al

Google's DeepMind Al Just Taught Itself To Walk - S pMind t Google's DeepMind Al was Told to Teach Itself Ho

TECH
It can run over
rough terrain

.
(2
™

Maybe it knows
something we don't!

Google's DeepMind
Al just taught itself
to walk

Source: Deephlind

Googles DeepMind Al just taught itself t Watch: Google's A ddly Google's DeepMind Al just taught itself to walk...

b

This is what it

came up with pesn't always work out

Google's DeepMind Al has taught itself to wal Google's DeepMind Al just taught itself to walk - C... Google's DeepMind Al has taught itself t Google's DeepMind Al just taught it

Google’s DeepMind Al
Just Taught Itself to Walk https://www.youtube.com/watch?v=gn4nRCCOTwQ
5.985.455 vis. 12/jul/2017
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RL — Examples: Swing-Up & Balance

»

T F '
final controller
after 236 trials

e

y g\ |

Learning to Swing-Up and Balance from Scratch
48.860 visualizations
Pub. 16/mar/2010 https://www.youtube.com/watch?v=Lt-KLtk
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Gen 34 species 14 genome 14 (37%)

Fitness: 270 Max Fitness: 4322
o =2 M = IRR A erEAL (S 7S LF

AVRY

) 0:59/5:57 - O S I

Marl/O - Machine Learning for Video Games
7.291.721 visualizations
E:;! 13/jun/2015 https://www.youtube.com/watch?v=qv6UVOQOF44&t=129s
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Deep Reimnforcement Learning

Q-Learning

Optimal Q-values should obey Bellman equation

Q'(5.2) = B |r +7 max Q<) | 53]

Treat right-hand side r + v max Q(s’,a’,w) as a target
al

Minimise MSE loss by stochastic gradient descent

2
| = (r + 7y max Q(s",a',w) — Q(s, a,w))

Converges to Q* using table lookup representation
But diverges using neural networks due to:

» Correlations between samples
» Non-stationary targets

\I/ Adapted from: Deep Reinforcement learning — D. Silver, Google DeepMind, 2016
I_A?I\ A. Bauchspiess — Deep Learning ICIN/ENE/UnB 2019 56/80




Deep Reinforcement Learning in Atari

— N

action

a;

Atlast — a computer program that
can beat a champion Go player st

- ALL SYSTEMS GO

] s mraum Jum N

P
SONGHIRDS SAFEGUARD WHENGENES ~=oaw
ALACARTE | TRANSPARENCY | GOT SELFISH®

vamputine | Domtiopenes mire | Do
e i g - .
— — =13

27 Fev 2015 28 jan 2016

\I/ Adapted from: Deep Reinforcement learning — D. Silver, Google DeepMind, 2016
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A3C in Labyrinth

m(als, 4) V(s 4)

End-to-end learning of softmax policy 7(a|s;) from pixels
Observations o; are raw pixels from current frame

State s; = f(o1, ..., 0¢) is a recurrent neural networ

Outputs both value V/(s) and softmax over actions 7(a[s
Task is to collect apples (+1 reward) and escape (+10 reward)

\I/ Adapted from: Deep Reinforcement learning — D. Silver, Google DeepMind, 2016
I_A?I\ A. Bauchspiess — Deep Learning ICIN/ENE/UnB 2019 >8/80



A3C in Simulated Physics Demo

» Asynchronous RL is viable alternative to experience replay
» Train a hierarchical, recurrent locomotion controller

» Retrain controller on more challenging tasks

\I/ Adapted from: Deep Reinforcement learning — D. Silver, Google DeepMind, 2016
I_A?I\ A. Bauchspiess — Deep Learning ICIN/ENE/UnB 2019 >59/80



CRF-RNN Ground Truth

L

The repeating module in an LSTM contains four interacting layers.

Neural Network Pointwise Vector

Layer Operation Transfer Concatenate Copy

Chair
Motorbike " Potted-Plant

. LSTM Segmentation - Zheng et al ICCV 2015
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Cortical Recurrent Networks

A generative vision model that trains with high data efficiency and
breaks text-based CAPTCHAs

D. George, W. Lehrach, K. Kansky, M. Lazaro-Gredilla, C. Laan, B.
Marthi, X. Lou, Z. Meng, Y. Liu, H. Wang, A. Lavin, D. S. Phoenix
Science Vol.: eaag2612 DOI: 10.1126/science.aag2612, Dec 2017




CAPTCHA - CRN

Input &
Ground Truth

RCN Top Parse

RCN Second Parse

Human
Labels

e

calwime

Vi gl

calwime

e

calwime

canmme
caiwime

il

erldhhm

ailll;

erldbhm

gt

erldhhm

erldnhm
erldhhm

aseerjory

esterrow

eseeory

esterrow

eeeTory

estenow

esterrow
esterrow

(o

CAPTCHA
name

Examples

Word
Accuracy

Character
Accuracy

reCAPTCHA

66.6%

94.3%

Botdetect

Parsing Accuracy

*~+ RCN
»=x CNN

0
1.00

1.05 1.10 1.15 1.20
Ratio of testing and training set spacing

RCN top parse RCN second parse

%?V\M RY BVWAPY BWAPY

NCBY \\,”/LoB AKBYB N<BYB




Inspection of Transmission Lines

n Autonomous system - visual inspection of electricity transmission lines
n Detection of flaws in the gripper of the line spacers




Gripped cable contour:
FET coefficients of directional chains

Reconstruction -
7 and 15 Harmonics

a) Gabor - b) Closing - ¢) Border — d)Image
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Gripped cable contour:
FET coefficients of directional chains

Componente A da Série de Fourier para X Componente B da Série de Fourier para X

ANN -
“Need Maintenance”
classification

Training, Test, Validation
80, 25, 25 images

H=10 >
_ 2 Misclassified images
- Harminico - - Harmdnico ] H=12 >

1 Misclassified image

Flavio Oliveira & Alexandre Dias, 2007
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Gripper inspection with 3D reconstr.

- It is not possible to train an
ANN for every position/orientation
in the visual field of the VANT.

- ANN trained i G
for a fixed point of view. .'/‘
- Build 3D contour model

- Reproject 3D contour
to ANN point of view

- Classify with ANN

Correspondence —ROI contour in stereo pail




3D gripped cable

% SRI'SVS Stereo System = S
File Device Video.. Video Buffer.. brwindic

ANN data bank Image plane

%

Rate: 1.5 Left ' Color pened device 0 Right — 1 0.85 | | Gamma
Input: Video I Continuous Function: None I Conf: ' 12 ﬂ Disparity: I 32 ﬂ

"

P P

Results:
20 stereo pairs — 1 false pos., 1 false neg.
Elder Oroski, 2011
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RFID

occupancy

identification

for thermal load
estimation

Interpolated
- from measured RSSI




Indoor RFID
[Localization

in the Context of Mobile Robotics
with Application in Ambient
Intelligence

Augmented Reality
Localization
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Indoor Localization

(Gabriel Figueir6 e André Luiz Gama, 2011)

odometry
Black — odometry + vision (augmented reality)
Green — odometry + vision + ANN RFID RSSI
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Regiao 3

15) 16) -
ﬁ X w Eh

a) Raw RSSI
missing RSSI ->0
Ladey s L Un S Data collecting points b) (RSSI hold et vaIid) RSSI
RFID Reader c) EKF

BAGN Air Conditioner
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RFID occupation Id. —- HVAC areas

72,2% 76,9%
74,5% 78,9%
74,8% 78,3%
74,0% 77,9%
73,8% 76,9%
65,5% 73,5%
65,4% 74,8%

65,4% 74,6%

76,3% 82,1%

(Cristovam Silva Jr., 2012)
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Level - cm

—Reference Value
H4 - PI
—H4 - RL

5000

Time -s

Actor-Critic Q-Learning

LARA/UnB, Lucas Matos, 2018

-
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Universal Approximation Theorem

Considerando o Teorema da Aproximacao Universal, abaixo,

proposto inicialmente por Cybenko em 1989, para funcbes sigmoidais
e expandido em 2017 por Lu et al. Estes mostraram que todas as
funcdes integraveis no sentido de Lebesgue podem ser aproximadas
por redes RelLU (Rectified Linear Unit).

Qual a necessidade de se utilizar Redes Neurais Profundas?

Teorema da Aproximacao Universal

Seja ¢(.) uma fungao nao constante, com limites, e numa fun¢ao monotonica continua positiva. Seja I,
uma unidade com dimensoes m[0,1]™. O espago de fungoes continuas de I,,, escreve-se C(I,,,). Assim,
para cada € > 0 e cada funcao f € C([,,) , hd uma integral IV, com constantes reais v;,b; € R e vetores
w; € R™, onde 7 =1, ..., N, tal que se possa definir:

F@) =Y vipwTa +by), (1)

=1

como uma realizacao aproximada da funcao f onde f independe de ¢; ou seja,

|F(x) — f(z)| <e,

para todo = € I,,,. Em suma, fun¢éesdo tipo F(x) s@o densas em C(1,,) .




Classic Dynamic Programming (DP)

Start from last step & move backward

Complexity of Naive search O(|A|")
\ }\Actions per step
DP O(n|A||S]|)

# gossible states

Problem: n=w if loops or otherwise infinite horizon
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Convergence results of Q-learning

tabular function approximation

converges to Q* state aggregati general
lineajr
| converges to Q* diverges
on-poli W”Cy
predictio control diverges

converges to Q- chatters, bound

unknown
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Perspectives

I_A?R \I/ A. Bauchspiess — Deep Learning ICIN/ENE/UnB 2019 77/80



1. Deep learning

2. Facial Recognition

3. Privacy and Policy

4. AlI-Enabled Chips

5. Role of Cloud in
Artificial Intelligence
Applications

Obs: Anyone can give a guess, make another list!!

\I/ Adapted from: https://hackernoon.com/top-5-trends-of-artificial-intelligence-ai-2019-693f7a5a0f7b
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https://hackernoon.com/top-5-trends-of-artificial-intelligence-ai-2019-693f7a5a0f7b

paperswithcode/sota

[t

c O @& https://paperswithcode.com/sota

Search for papers, code and tasks Q

Browse state-of-the-art

22 Browse state-of-the-art

122 921 leaderboards « 1145 tasks « 968 datasets « 12701 papers with code

Follow on ¥ Twitter for updates

Computer Vision
. Semantic EEEA:]\%E Image
Segmentation im=-m=  Classification

e

»* 17 leaderboards &2 47 leaderboards

434 papers with code 384 papers with code

» See all 614 tasks

Natural Language Processing

Language
Modelling

Machine
Translation

Object
Detection

I~ 36 leaderboards

312 papers with code

Question
Answering

¥ Follow

Image
Generation

I~ 31 leaderboards

165 papers with code

Sentiment
Analysis

3" Discuss  About

Log In/Register

Denoising

I~* 13 leaderboards

153 papers with code

= Information
" Retrieval




AR p\\ o Problems

ﬁ Thank You! ﬂ

Adolfo Bauchspiess

www.ene.unb.br/adolfo

adolfobs@ene.unb.br

I_A?I\ \I/ A. Bauchspiess — Deep Learning ICIN/ENE/UnB 2019 80/80



http://www.ene.unb.br/adolfo

