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Inteligencia Artificial
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Inteligencia Artificial

 ¢En qué consiste?
* Otros términos:
- big data
- machine learning
- deep learning
- analytics
- cognitive systems ...



Inteligencia Artificial
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Inteligencia Artificial

Smoothing Planning

Probability Computer Vision

Big Data

Computer
Science

Data Mining Optimization



Inteligencia Artificial

ARTIFICIAL INTELLIGENCE

Engineering of making Intelligent
Machines and Programs

MACHINE LEARNING

Ability to learn without being

I 2)‘ 'J'_ explicitly programmed
(i) + DEEP LEARNING

Learning based on Deep
Neural Network
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Redes Neuronales

* Algoritmos bioinspirados.

* |dealizan como funcionan las conexiones y
transmisiones dentro del cerebro biologico.




Biologically Inspired.

Structure of a typical chemical synapse
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Human brain: About 100 billion (101) neurons and
100 trillion (104) synapses



Redes Neuronales Artificiales

Biologically Inspired Neuron




Redes Neuronales Artificiales
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Redes Neuronales Artificiales
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Desarrollo Redes Neuronales

Multi-layered
XOR Perceptron
ARAENE (Backpropagation)
A A
A
Perceptron
Golden Age Dark Age (“Al Winter”)
Electronic Brain
1943 1957 1960 1969 1986

1960

1970

1980

Deep Neural Network

(Pretraining)

A

S. McCulloch - W. Pitts F. Rosenblatt B. Widrow - M. Hoff

M. Minsky - S. Papert

XANDY XORY NOT X

» Adjustable Weights
« Weights are not Learned

* Learnable Weights and Threshold

» XOR Problem

D. Rumelhart G Hinton - R. W|I|ams

V. Vapnik - C. Cortes

Foward Activity =——jp

<@—— Backward Error

« Solution to nonlinearly separable problems
» Big computation, local optima and overfitting

+ Limitations of learning prior knowledge
+ Kernel function: Human Intervention

« Hierarchical feature Learning




McCulloch-Pitts Model (1940’s)




McCulloch-Pitts Model (1940’s)

* Llamado Logical Threshold Unit.

* Inputsx; =00 x; = 1.

* Pesos w;; fijos.
w;; = 1. excitador
w;; = —1: inhibidor

* Funcidén de activacion tipo umbral:

A
l ......




Rosenblatt’s Model (1960’s)

 |lamado Perceptron.
nputs variables.

Pesos w;; variables:

Los pesos pueden ser aprendidos
(mediante algoritmos).
Funcion de activacion tipo umbral

Clasificador binario
p(x) =sign(w:-x +b)



s Model (1960’s)
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Rosenblatt’s Model (1960’s)

Algoritmo iterativo:
* Dados (x;,y;) y pesos iniciales wj, b
aleatorios, se calcula
Yi=¢W- x;+Db)
* Los pesos w;j, b se actualizan usando

descenso gradiente

n
Wj(Hl) = Wj(t) + CKZ()’i — Ji)xi;



Gradient Descent
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Rosenblatt’s Model (1960’s)

Perceptron Learning Algorithm



Widrow-Hoff Model (1960’s)

Similar al modelo de Rosenblatt, pero
* Funcion de activacion lineal

Vi=pWw-xi+b)=w-x;+b

* Algoritmo de actualizacion ADALINE
(Adaptive Linear Neuron)



The Golden Age (1960’s)

* Curva de Gartner para una tecnologia

AVISIBILITY

Peak of Inflated Expectations

Plateau of Productivity

Slope of Enlightenment

Trough of Disillusionment

Technology Trigger TIME




Dark Ages (1970’s)

 Minsky y Papert (1969) publican Perceptrons:
an introduction to computational geometry.

* Critica y limitaciones al modelo perceptron.

e “Invierno” de

a inteligencia artificial.

XOR

function




Segunda Era (1980’s)

 Rumelhart, Hinton y Williams (1986)
Nature: Learning representations by
back-propagating errors.

e Solucion al problema de la separabilidad.

XOR
function




Segunda Era (1980’s)

output layer
input layer
hidden layer

* Redes multicapa.

* Algoritmo de back-propagation.



Segunda Era (1980’s)

e K. Fukushima (79’)
NeoCognitron.
Trabajos en redes multicapa.

* Teoria matematica de redes neuronales.

e G. Cybenko (1989).
Teorema de representacion universal.



Aproximadores universales
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Teorema de Cybenko

 Teorema de Aproximacion Universal (Cybenko ‘89).

Sea ¢: R — R continua, no-constante, limitada, y
mondtona creciente. Sea I,,, = [0,1]™ el cubo m-
dimensional, y C(I,,) el espacio de funciones continuas
en I,,. Dado € > 0y cualquier funcion f € C(1,,), existe
un entero N, constantes c¢;, b; € R, y vectores w; € R™,

tales que la funcion
N

FGO = ) cipwix +b)
i=1
satisface |[F(x) — f(x)| < €, paratodo x € [,.



Teorema de Aproximacion

* Sila funcién de activacién ¢ satisface
“ciertas condiciones”, las redes multi-capa
son capaces de aproximar cualquier funcion.

(X compacto)

* Las redes neuronales se pueden adaptar a
cualquier conjunto (finito) de datos.



Teorema de Aproximacion

 Composicion de transformaciones lineales:
T1(5C)) — W15C) + by
TZ (Q_C)) — Wz.?_C) T bz

(T, o T)(X) =W, (W15C)+l_7)1) + Bz
= (W,Wp)x + (W2b1+b2),

—
linear

* Importante!: composicion del componente
no-lineal.



Geometria de las redes
neuronales

Input Space Feature Space



Y Label

Ejemplo: Kernel Trick

R~2 (nonseparable)
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Ejemplo

e Geometria de las redes neuronales.

simple data

circle data | | spiral data

random data

Controls:

CLICK: Add red data point
SHIFT+CLICK: Add green data point
CTRL+CLICK: Remove closest data point

3o back to ConvNetdS

drawing neurons 0 and 1 of layer with index 1 (fc)

e (6) | tanh(G) || fe(2) H tanh(2) |

fe(2)

cycle through visualized neurons at selected layer (if more than 2) ‘




Manifold Hypothesis

e Datos - - - Estructura de variedad M.

transforma R™ en M.

e Red Neuronal
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Second winter (1990’s)

Financiamiento sector militar.
Sobre-expectativa en proyectos.
- autos autonomos
- maquinas inteligentes

Reduccion en el apoyo a proyectos del area
“Inteligencia Artificial”.

Cambio de nombre: informatics, machine learning,
analytics, knowledge-based systems, business rules
management, cognitive systems, intelligent systems,
intelligent agents or computational intelligence



https://en.wikipedia.org/wiki/Informatics_(academic_field)
https://en.wikipedia.org/wiki/Knowledge-based_systems
https://en.wikipedia.org/wiki/BRMS
https://en.wikipedia.org/wiki/Cognitive_systems
https://en.wikipedia.org/wiki/Intelligent_agents
https://en.wikipedia.org/wiki/Computational_intelligence

Siglo XXI1 (2000 — hoy)

* Era de la informacion: redes cada vez mayores.

* Industria de computo (gaming) y de cémputo
distribuido

* Inversion de grandes companias (Nvidia, Google,
Facebook, Amazon, Baidu, ...)



Estado actual de la IA

Al R&D timetable -
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Deep Learning (2012 - )

* ImageNET Challenge (2010) IMAGENET
- clasificar 14 millones de imagenes

e AlexNet (2012)
- breakthrough de las redes neuronales

Input conv1 conv2 fc6 fc7
10 samples 1 sample
Class
D 384 384
256x256 55 55 27:2? 13%13 13x13 13 13 4u95
conv conv conv full full
max max

I norm nerm I I I

| I
Extract high level features Classify




Deep Learning (2012 - )

* ILSVRC (ImageNet Large Scale Visual Recognition Challenge) Winners

: After 2012, All winners of image recognition challenge used 'Deep convolutional networks'.

28.2

Error rate

16.4 /

152 layers

22 layers

19 layers
7.3

8 layers 6.7

shallogp

year

2010 2011 2012 2013 2014 2014 2015
AlexNet VGG GoogleNet ResNet



Deep Learning (2012 - )

* Perceptron

..........
26l nabbin

* GoogleNet (2014)




Deep Learning (2012 - )

Topologias especializadas (bloques basicos)

Fully-connected
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e Convolutiona
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* Recurrent ,
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- vision

> - evolucion
- lenguaje

- clasificacion

x

shirt xclathing = xchair
Xking = X,

3-Class classification
T T T

w
=
$e
o0
o0
e
L)
L)
L
H

motor scooter

mite motor
black widow lifeboat go-kart jaguar
cockroach amphibian moped cheetah
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starfish drilling platform golfcart Egyptian cat
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Era pre — Deep Learning
Features in Machine Learning

* 1-linesummaryof ML: Y = SEN (WTX . 3 b)
* SVM can learn very effective weights w
* ...if you use the right representation x

v v

Would be m.ce to “learn .these > =n
representations automatically...




Era post — Deep Learning

Low-Level
Feature

Mid-Level
S}

Feature

High-Level
— —s

Feature

Trainable
Classifier




Aplicaciones



Aplicaciones

Clasificacion
Prediccion
Generacion

Vision Computacional
Procesamiento de Lenguaje
Diagnostico Médico
Prevencion de desastres
Robatica



Computer Vision

Image Segmentation



Computer Vision

person : 0.992

horse : 0.993 ¥4

Object Detection



Self-Driving Cars

s




Noise Removal

Speckle noise removal in fringe patterns.



Noise Removal

Jur result Ground truth

Noise removal from images using Deep neural networks




Restoration

Automated colorization of images.



Restoration

Automated colorization of films.




Restoration
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Inpainting and art restoration (Gent Altarpiece).




Super-Resolution

original bicubic SRGAN

(21.59dB/0.6423) (20.34dB/0.6562)




Sistemas de seguridad

8 x 8 input 32 x 32 samples ground truth




Healthcare

"Tabel_1image.py /tf_files/diagnose/1eg005. jpg o
> python /tf_files/label_image.py /tf_files/diagnose/1eg009. jpg

Y g §

i gender O’
1 |age 23
- ‘ "1 HR 85 bpm
Deep é . ] 120080
: | -1 ECHOD
Learning = | "] CO PWR<500

Frq 2.0 MHz

AO 100%

tO Help o . 11 =+ 1800 mm

Diagnose
Injury... _.‘

P —
GraphDef version 9. Us
brokenleg (score = :
healthyleg (score = 0.0 ) B brokenleg (score =
RS A S i S T T

Assisted Diagnosis




Early detection of Health Anomalies




Automated Diagnosis

Retinal vessel segmentation using deep learning



Automated Diagnosis

Lesion localization

Robust lesion localization achieved using multi-scale pixel and lesion-level descriptors

Original Image Red lesion detected Bright lesions dectected



Remote Sensing

Clasificacion
del uso del
suelo

Deteccion de
area en riesgo

Incendios
Deslaves

Prevencion de
desastres




Applications in Physics

TRACKML PARTICLE CERN Tracking
TRACKING CHALLENGE Challenge

Can machine learning assist high energy physics in
discovering and characterizing new particles? i
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SOI ution Of P D E ,S Correct PDE we + (wuy +vuy) = —pr + 0.01 (s + uy,)

v+ (uvs +vv,) = —py + 0.01(ver + vy)
™ - uy + 0.983(uu, + vu,) = —p, + 0.00826( ., + uy,)
Identified PDE (clean data) v; + 0.983(uv, + vvy) = —py + 0.00826(v,e + 1 ,‘C’)
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Natural Language Processing

Google
% Translate

= h,

w 4 w )4
Natural Language “l :I !E}'
Processing % L.J j e
o000

>

e00e| [eeoe)

Machine Learning
il
d

amazon alexa

“Siri, what is

Deep Learning?” - Traduccioén

- Transliteracion audio-texto

@ - Clasificacion de contenidos
- Asistentes virtuales de voz







Generacion de Arte




Art style transfer
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Art style transfer




Automated art generation

- Generacion de textos literarios, poemas, ...
- Transliteracion masica y partituras

- Generacion de pinturas



Futuro de la IA

expectations ing
) Deen Learnlnu e—
‘ Virual Assislants r Machine Learning
loT Platform T e
Smart Robots A MNanotube Electronics
Edge Computing Cognitive Computing
Augma n;a d Dnatv? Dr;;m'uﬂl'ﬁ' o ~— Blockchain
mart Workspace ]
Conversational User Interfaces ¥ ommerdial UAVS (Drones)
Brain-Computerinterface o Cognitive Expert Advisors
Yolumetric Displays
Quantum Computing
Diigital Twin
Semnverless Paas ¢
5G
Human ﬂ':lﬂmﬂﬂtﬂﬁﬂ“ Enterprise Taxonomy

and Ontology

Deep Reinforcement Leaming Management -
. Software-Defined Virtual Reality
Artificial General Intelligence F o Security

Augmeniad Reality

Smart Dust
Az of July 2017
. Peak of
Innovation Trough of , Plateau of
Trigger Ex L:':‘:::ﬂm Disillusionment Slope of Enlightenment Productivity
time v
Years to mainstream adoption: obznlets

Olessthan 2years ©2to5Syears @5to10years A morethan 10 years @ before plateau



Gracias!



