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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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Unsupervised Learning

Association

. N

Classification Clustering

|




® Linear

® Polynomial

e KNN

e Trees

e Logistic Regression
* Naive-Bayes

e SVM

* PCA
¢ K-means

® Apriori
* FP-Growth

Hidden Markov
Model




Meaningful
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Structure Image

) I Customer Retention
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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
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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




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




Predictive Sensor-Guided Path Tracking

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

Robot | Image "Simple problems have
Join nterpretation ! .
Control e | e 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
B -> Predictive path tracking
TN “not simple”
IA for path planning!
(Redundant hydraulic mobile crane)
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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

\l/ z -d\
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Time Line — Al = ML! AISMLSDL

IINE LEARI
N C Al
) learn m':\“\‘[""ui‘l\,\"[“‘j:i‘h"‘;‘_

nme ‘

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
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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/
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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
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[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?


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

Examples
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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, m » 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}
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cockroach

e 1,000 object classes -
(categories).
e Images:
o 1.2 M train
o 100Kk test.

agaric
mushroom
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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)]
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©
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Q
(@)
|_
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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/
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Chess: 1047 SS———

Deep Blue, Feb 10, 1996

o
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=
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Go: 10170

AlphaGo, March, 2016

random move

64 * 12 input encoding 2048 * 3 fully connected 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: 7 +O—' #-nobi
Bob van den Hoek . i —'— -hane

-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

+ 2 C

Files

A > -« >119 > Ex2-ADALINE
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

7| Ex3_ICIN_ct101-2019.ipynt X m Ex2-ICIN_UnB.ipynb X | B Ex2-ICIN_UnB.py
B [ » m C Code v

B + X

# 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>

Python 2
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® = Jupytc | @ Intel® | pf Recoc | @@ (6)Ge | ] CNN/ | B Portal | G deepr | [} 2.0Ex | B Sup

G O O g I e < : O I a b C O & https://colab.research.google.com/drive/IMWuej6 YnnWvJZHwcoSGC4nCCvQdwx4KL|

L. ICIN_Cifar10.ipynb

File Edit View Insert Runtime Tools Help

® = Jupyi | @ Intel* | g Reco | @ (6)G | cNN | BB Portz | G deey CODE TEXT 4 CELL ¥ CELL

[
& C (y & nhttps://drive.google.com/drive/u/0/folders/Ip9R5NMcmgB

~ Connecting to Google Drive
Drive Q_  Pesquisar no Drive

[ ] # Install a Drive FUSE wrapper.
. # https://github.com/astrada/google-drive-ocamlfuse
Meu Drive > Colab Notebog 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
Nome lapt-get -y install -gq google-drive-ocamlfuse fuse

Meu Drive # Generate auth tokens for Colab
BB cifar100-classification-master from google.colab import auth
Computadores auth.authenticate_user()
B cifar10 # Generate creds for the Drive FUSE library.
Compartilhados comigo from oauth2client.client import GoogleCredentials
creds = GoogleCredentials.get_application_default()
101_ObjectCategories import getpass
!google-drive-ocamlfuse -headless -id={creds.client_id} -secref
vcode = getpass.getpass()
Com estrela linsep.ipynb lecho {vcode} | google-drive-ocamlfuse -headless -id={creds.cl]

Recentes

# Create a directory and mount Google Drive using that directox
ICIN_Cifar10.ipynb !mkdir -p my_drive .
!google-drive-ocamlfuse my_drive
!ls my drive/

Lixeira

Backups caltech.ipynb X .
from google.colab import drive

drive.mount('/content/drive")

Caltech_COon_Cifar10.ipynb -
Armazenamento altech-tbon Liiarts.ipyn !ls -al /content/drive/'My Drive'/'Colab Notebooks'/

13,7 GB de 15 GB usados
FAZER UPGRADE DO E: Package 'python-software-properties' has no installatio
ARMAZENAMENTO

#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

Computer Science ﬁ
: Environment
Engineering @) Neuroscience i

: Optima A '
ontrol \/
Sy, v ReWald
i Interpreter
(00

Mathematics
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Reinforcement Learning

— Optimal Control — Trial & Error — Temporal Difference

p y
\\', / *

Bellman Barto - Sutton Silver
Dynamic Reinforcement Deep RL
Programming Learning OpenMind Google
1953 1984 2010

Princeton

Massaschussets-Amhearst Alberta/London
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R Maze

Learn from experience
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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)>(1,2)>(2,2)>(1,2)>(1,3)>(2,3)>(1,3)>(2,3)>(3,3) +1
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 11 6705 | 0.655| 0.611| 0.388
1 2 3 4 1 2 3 4
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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
LA?I\ A. Bauchspiess — Machine Learning - Overview and Some Examples ENE/UnB 2019



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.

LA?R \I/ A. Bauchspiess — Machine Learning - Overview and Some Examples ENE/UnB 2019



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=Aut32pR5PQA

Pub. 23/oct/2016
Date: 1/Nov/2018
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: Building

= R /_, = \\ 3 -Pole R £y
/)’/ 7 \\\\;\‘ . Road Marking : "1 : 3 =T
v q R e Road e, i ‘ e Vi 1 Vchrlclo
- - \\ Pavement T —
= — ’;_;‘,___‘3 :
. Tree —_;;1;:#
o . ' _ = . ‘ -Sign Symbol
;‘ L 'j ‘m{t \‘;i_ : Fence e :
b Vehicle https: //www Imkedln com/pulse/machlne lea
Pedestrian fundamentals- seIf-dnvmg cars- daV|d -silver/
Bike 3 s
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

/':’/

= 1

Google's DeepMind
Al just taught itself
to walk

Source: Deephlind

Maybe it knows
something we don't!

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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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
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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
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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

. \I/ LSTM Segmentation - Zheng et al ICCV 2015

LARN
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[LARA/UnB - Inspection of Transmission Lines

n Autonomous system - visual inspection of electricity transmission lines
n Detection of flaws in the gripper of the line spacers
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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
/0, 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 ‘

for a fixed point of view. .'/‘

- Build 3D contour model

- Reproject 3D contour
to ANN point of view

- Classify with ANN



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




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,,) .




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

I_A?I\ \l/ A. Bauchspiess — Machine Learning - Overview and Some Examples ENE/UnB 2019



Perspectives
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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
LA?R A. Bauchspiess — Machine Learning - Overview and Some Examples ENE/UnB 2019



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




ANIEES p\\ o Problems

ﬁ Thank You! ﬂ

Adolfo Bauchspiess

www.ene.unb.br/adolfo

adolfobs@ene.unb.br
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