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Since an early flush of optimism in the 1950', smaller subsets of artificial intelligence - first machine learning, then
deep leaming, a subset of machine learning - have created ever larger disruptions.
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ARTIFICIAL MACHINE Deep
JNTELLIGENCE LEARNING LearuninG

“This work is really tedious, vet

requires a lot of troubleshooting “It's really difficult to program this
and problem solving. Maybe a computer to understand what I L
machine could do it for me.” need it to do. Maybe it can teach I.don’t know how to
itself how to do it, if it has the right ~ make this computer
structure and good examples.” understand what I know.
Maybe it can create it’s
own structure, and figure
the data out for itself.”
he h *s,

@ SO LAZY..
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Since an early flush of optimism in the 1!
deep learning, a subset of machine learn

Deep Blue
versus
Kasparov
(1997)
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Robots industriales (autdmatas)

File Edit Options Buffers Tools Help ‘
Co*x QB 2 RQRIT?

A I am the psychotherapist. FPlease, describe your problems. »
$Each time

you are finished talking, type RET twice.

I have a terrible headache.

Maybe you should consult a doctor of medicine, I am a psychie
Satrist.

Okay, I'll de that then.
Can you elaborate on that?

What are you talking akout? Ne I cannot elaborate. See you 12
fater.

Why do you say that?
Now wou're just talking nonsense!

What makes you believe now I am just talking nonsense?

¥ou are not making any sense.

|7 Perhaps your plans have something to do with this.
—u:** *doctor* {Dector Fill)--L1--Top===—=——————————a-d

X

ELIZA: 1° Bot Conversacional
(1966)
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Machine learning
— Habilidad de las maquinas de adquirir conocimiento.
— ¢, Conocimiento?

* Modelo que hay que definir (cada modelo tiene
un numero de parametros)

— ¢De quién o qué aprendo?
* Datos en crudo (raw data): bases de datos
* Representacion de los datos (features)
* Objetivos (targets) o salida deseada.
— ¢+ Como aprendo?
* Algoritmos matematicos de optimizacion.

INVETT - Intelligent Vehicles and Traffic Technologies

MACHINE
LEARNING

980's 1990's 2000s 2

150’5, smaller subsets of artificial intellige:
ng - have created ever larger disruption:
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Modelos (metodologias)
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Parametros

Example: Logistic regression
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Representacion de los datos: key issue
— La eficiencia en la representacion de los datos es

fundamental para el aprendizaje maquina
* 1250 + 750 = 2000 o MCCL + DCCL = MM
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Representacion de los datos: key issue
— No aprendemos datos en crudo — extraemos features

o et e
o e et e b i

W s ]

i =it

i [} .r. %

l;%lﬂi *;I. %%—\

A~ [P~ Ul Ll L
& ::F‘:_: ¥ .L""ﬂ_, [CWectniRzatian

HE

lagradient orientalion  (b)kEstegram

Figure 3.5 {a) (b) Overview of HOG calculation

hop size (e.g., 10ms)  window size (e.g,, 32ms)

T T S

I i e

I |

| o | , Feature Vector
it ’\inv/‘\'f\ Accumulation

i ! ;

i o

R B Block Normallzatm-
i | i

|

Linear SVM Classifier

i i
i i RARARa TaamAAR] hARARAR, NARASRA |
PARAMETRIZATION ‘

Orientation (:
Histogram 3

Feature
vectors

Gradient

Input
Image

w kP

INVETT - Intelligent Vehicles and Traffic Technologies David Fernandez Llorca (david.fernandezi@uah.es)



INVETT Group at University of Alcala

Deep learning
— 1° Nueva forma de afrontar el problema de la representacion

LEARNING

* Se aprenden caracteristicas relevantes (features)

* Se aprenden representaciones complejas a partir de
representaciones mas simples.

— 2° Si agrupamos en un grafo la relacion de representaciones en capas
conectadas, el grafo es muy profundo (deep) con muchas capas:
muchos (pero muchos) parametros.

— 3° Para poder aprender los valores de los muchos (pero muchos)
parametros del modelo se necesitan muchos (muchos, muchos)
datos: big data.

— 4° Para poder entrenar estos mega modelos con cantidades ingentes
de datos se necesita un HW muy (pero muy) potente
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El circulo virtuoso del Deep Learning
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Deep Neural Network

(Pretraining)
3

ADATIME Probiem (Ba::pr:::;rgc:t‘ion) i
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L e . Dark Age (Al Winter”) R R T e |
Electronic Brain

1980 1990
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+ Adjustable Weights « Learnable Weights and Threshold » XOR Problem * Solution to nonlinearly separable problems  « Limitations of learning prior knowledge * Hierarchical feature Leaming
= Weights are not Learned + Big computation, local optima and overfitting + Kemel function: Human Intervention

Alex Krizhevsky

Yanh LeCUn
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2015

* 2017: top-5 error

2,25%
* Desde 2018 este
[ g challenge ya no se
hace (se da por
} o resuelto)

2016
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Speech recognition Speech Recognition
— Word Error Rate (%) el b

— Google Assistant < 5%
— Microsoft ~ 5%

8.5%

8%
= 6.1%

— A°
Human error 2-4% 4.9%

July 2016 Oct 2016 Dec 2016 Current

Word Error Rate

15% . Deep learning (DNNs) is driving
recent performance improvements
in ASR and meaning extraction
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b PERCEPTRON
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Ejemplo: 2 dimensiones Weights determine the

slope of the line

Bias determines the offset (how
far the line is from the origin)
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Entrenamiento

— Estimar los parametros (pesos y offset) a partir de N datos
(entradas x y salida deseada d)

— Descenso del gradiente:

* Funcion de coste a minimizar: Error p=1 p=1

* Los pesos se actualizan en un proceso iterativo de forma proporcional a (-)
la derivada del Error respecto de los pesos

E Wrmw — W{:Id . yﬁ_E
ow
Negative Positive

slope slope cE

Aw=—y—

ow

new __ . old

. w i =w +Aw

— w‘ B e w

min
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El problema de la XOR

— Partimos de una red con una sola capa de neuronas: solo se
pueden resolver problemas separables linealmente.

— Hasta este momento (1969) no se sabe como entrenar redes con
mas capas. Hasta 1986...

:I;]_ (_1,1) :I;]_ (1,1) 'T;]_
O ] @ @ L] @]
9
\ x \ T x
2 \ 2 N 2
o o o \n o °
AND OR XOR
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El problema de la XOR

— Backpropagation (1986): método para propagar el error desde
las capas de salida hasta la capa de entrada.

* Permite crear modelos con capas intermedias.

* Anadir capas implica anadir dimensionalidad al problema y capacidad de
discriminacion del modelo discriminante.

£ s
-
ol
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Backpropagation

— Aplicacién recursiva de la regla de la cadena de la derivada
The target error is “back-propagated”

to update the weights flz,y,2) = (z + y)z
5,=(d,(0)-y,(0) f=e o _oum
— Ox Jq Oz
Wij(t+1):wij(t)+75vj(t) =rty

The target error is “back-
propagated” multiplied by
the weights between hidden
and output layer

ii Muy facil de
implementar y de
paralelizar (GPUs) !!

Aw, = y0,X,

0; = Zn: W;0;
i1
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Left: A 2-layer Neural Network (one hidden layer of 4 neurons (or units) and one output layer with 2 neurons), and three inputs.
Right: A 3-layer neural network with three inputs, two hidden layers of 4 neurons each and one output layer. Notice that in both
cases there are connections (synapses) between neurons across layers, but not within a layer.
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Capas CONVOLUCIONALES
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< Fully Connected Layer >

29x29x3 data 29x29x3 data

receptive field

3x3x3 filter

neuron
neuron

3x3x3 dimensional dot product 29x29x3 dimensional dot product
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Capas CONVOLUCIONALES

Input Volume (+pad 1) (7x7x3) Filter W0 (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)
X[:,:,0] wol:,:,0 wi[:,:,0] o[:,:,0]
0O 0 0 0 0 0 O [0 | 1 0 1 44 3
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S S G o A ] ol L “features” o “feature map”
0 1 |1ff1jo|o o wal—7,1 wi[:,:,1] [:;:,1]
11 ‘2’}‘{?0/0'/ 1|1 -1 0 0 -2
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0o 221212 10 /0 Cout
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0 2 2 2 1 0 0 . i
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Capas CONVOLUCIONALES
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Capas CONVOLUCIONALES: parametros principales

— Tamano del volumen de entrada (anterior): W x W x Cin
— Tamano del filtro (receptive field): FxF
* La profundidad es la de la capa de entrada (anterior): Cin
* Total: F x F x Cin (pesos de la red!!)
— Stride o salto de pixel del filtro sobre el volumen de entrada: S

— Padding: puede ser necesario rellenar con ceros el borde del
volumen de entrada: P
— Tamano del volumen de salida:
* El numero de filtros Cout es un parametro de disefio
* El ancho v alto vendra dado oor: (W-F+2P)/S + 1 (debe dar un entero!!)
2| 2 1 4 1 -2 1 1 1 0 || -1

0 1 2 || -1 1 3 0 0 1 2 || -1 1 310
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Capas CONVOLUCIONALES

— Ejemplo de filtros (pesos) aprendidos

* 96 filtros de 11x11x3 de la primera capa de una red

* Los filtros se comparten para todas las neuronas de cada
“feature map” del bloque de salida.

sjejejel

| 96 |
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Capas CONVOLUCIONALES

Mismos pesos (“filtro i”’), conectados a las
neuronas de la “feature i” de la siguiente capa”

/L

Entre diferentes features hay diferentes filtros
(“filtro j” conectado a las neuronas de la
“feature j” de la siguiente capa)

/
/
1 |s
L)
&)
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Capas CONVOLUCIONALES

Pesos diferentes (Cout filtros)
o
W1 e
w @)
s @
F 7 :
F e o
u% o
Cin @)
W1 Cout O
O
Cin O
Capa “fully connected”: @)
Capa convolucional: pesos pesos conectados a todo el @
solo conectados a una parte tensor de entrada @
del tensor de entrada (W2xW2xCout)
(FxFxCin)
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Capas POOLING
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slides courtesy of Jonghoon Jin

112

Pooling is an efficient way
to reduce the dimension
of data and extract the
most useful information.

Eugenio Culurciello
© 2016
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Capas POOLING
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3rd hidden layer
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2nd hidden layer
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Dataset size (number examples)
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30 millones de imagenes GO gle

15 millones de regiones
600 categorias (clasificacion + localizacién)

14 millones de imagenes
1000 categorias (clasificacion)

330K imagenes; 1.5M objetos;
250K personas con keypoints;
@elpnepfelfsadpf@Nd  Segmentacion de objetos+pose

Dataset examples

Be Microsoft BRlga s
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Connections per neuron

s I 7 - :'\" Human

- M ) L 1 ca.t

... e . ...... A — 1€ Mouse

3 ) ) : 1€ | Fruit fly
| | |

101 '

Adaptive linear element (Widrow and Hoff, 1960)
Neocognitron (Fukushima, 1980)
GPU-accelerated convolutional network (Chellapilla et al., 2000)

Deep Boltzmann machine (Salakhutdinov and Hinton, 2009a)
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1985

5.
6.
7.
8.
9.

10.

2000 2015

Unsupervised convolutional network (Jarrett et al., 2009)
GPU-accelerated multilayer perceptron (Cliresan ef al., 2010)
Distributed autoencoder (Le ef al., 2012)
Multi-GPU convolutional network (I<rizhevsky ef al., 2012)
COTS HPC unsupervised convolutional network (Coates ef al., 2013)

GoogLeNet (Szegedy et al., 2014a)

David Fernandez Llorca (david.fernandezi@uah.es)
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Perceptron (Rosenblatt, 1958, 1962)
Adaptive linear element (Widrow and Hoff, 1960)
Neocognitron (Fukushima, 1980)

Early back-propagation network (Rumelhart ef al., 1986b)

Multilayer perceptron for speech recognition (Bengio of al.,

Mean field sigmoid belief network (Saul ¢t al., 1996)
LeNet-5 (LeCun et al., 1998b)
Echo state network (Jaeger and Haas, 2004)

Deep belief network (Hinton et al., 2006)

INVETT - Intelligent Vehicles and Traffic Technologies

1985

1991)

_ra—
2000 2015 2056

i i [
12.
13.
14.
Recurrent neural network for speech recognition (Htobinson and Fallside, 1991 15
16.
i 7
18.
19.
20.

GPU-accelerated convolutional network (Chellapilla ot al., 2000)
Deep Boltzmann machine (Salakhutdinov and Hinton, 2009a)
GPU-accelerated deep belief network (Raina cf al., 2000)
Unsupervised convolutional network (Jarrett of al., 20009)
GPU-accelerated multilayer perceptron (Ciresan et al., 2010)

OMP-1 network (Coates and Ng, 2011)

Distributed autoencoder (Le ef al.,, 2012)

Multi-GPU convolutional network (Krizhevsky et al., 2012)

COTS HPC unsupervised convolutional network (Coates ef al., 2013)
GoogLeNet (Szegedy et al., 2014a)

David Fernandez Llorca (david.fernandezi@uah.es)
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Operations [G-0ps]

https://medium.com/@culurciello/analysis-of-deep-neural-networks-dcf398e71aae

David Fernandez Llorca (david.fernandezi@uah.es)
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https://medium.com/@culurciello/analysis-of-deep-neural-networks-dcf398e71aae
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https://medium.com/@culurciello/analysis-of-deep-neural-networks-dcf398e71aae
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Machine Learning ‘ Deep Learning

+ Good results with small
data sets

— Requires very large data sets

+ Quick to train a model

— Computationally intensive

— Need fo try different
features and classifiers to
achieve best results

+ Learns features and
classifiers automatically

— Accuracy plateaus

+ Accuracy is unlimited

David Fernandez Llorca (david.fernandezi@uah.es)
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Training Inference
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AutoML

Learning to Learn
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Aplicaciones (lll)

— Videojuegos

DOOM

Single Player Multiplayer
Evaluation Metric  Human Agent Human Agent
Number of objects 3.2 9.2 6.1 10.5
Number of kills 12.6 27.6 5.5 8.0
Number of deaths 8.3 5.0 11.2 6.0
Number of suicides 3.6 2.0 3.2 0.5
K/D Ratio 1.52 512 0.49 1.33

Atari Breakout

Google’s Deep
Mind

i1 - U
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Video Pinball

Star Gunner
Robotank
Atlantis

Crazy Climber
Gopher

Demon Attack
Name This Game

Road Runner
Kangaroo
James Bond
Tennis

Pong

Space Invaders
Beam Rider

Kung-Fu Master
Freeway
Time Pilot

Fishing Derby
Up and Down

Battle Zone

Wizard of Wor
Chopper Command
Centipede

Bank Heist

River Raid

Seaquest

Double Dunk

Bowling

Ms. Pac-Man
Asteroids

Frostbite

Gravitar

Private Eye
Montezuma's Revenge
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Aplicaciones (IV)
— Vehiculos autonomos
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Aplicaciones (V)

— Generacion de voz, recomposicion de sonidos,
composicion de musica, etc.

— Arte

A
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