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MICROSERVICES
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Microservice is that it
does one thing and it
does it very well.




It’'s autonomous: self-contained
unit of functionality. A unique
location (URL) identifies it.




It’s isolated, so we can modify it, test it and
deploy it without impacting other areas of the

solution i ¥ g
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It's elastic. Can be scaled
independently of other services.
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It's programmable. Thanks to API's for access by
developers and administrators and Applications are
composed from multiple microservices.
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ARTIFICIAL INTELLIGENCE
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Gartner Hype Cycle for Emerging Technologies, 2017

/

Expectations

Connected Home

Virtual Assistants - | Deep Leamning
loT Platform.. Machine Learning
Smart Robats . Autonomaus Vehicles
Edge Computing . e Nanotube Electronics

S mmetiod 5 Cognitive Computing
gmented Data . . :
Discovery B Blockchain

Commercial UAVS (Drones)

Smart Workspace

Conversational
User Interfaces

Brain-Computer Cognitive Expert Advisors

Interface Volumetric
Quantum — " Dispiays
Computing Digital Twin

Serverless
PaaS

56

Human
Augmentation

Neuromorphic
Hardware

Enterprise Taxonomy
and Ontology Management

Deep Reinforcement
Leaming Software-Defined
Arificial General Security
Intelligence

4D Printing

Augmented
Reality

Smart Dust

Innovation Eaai ot Ti h of
i Ti = i Inflated ; -rm,l.g Jiid Slope of Enlightenment
rigger Expectations Disillusionment

Plateau will be reached in:
@ less than 2 years
@ 2to5years

@ 5to10years

/\ more than 10 years

As of July 2017

Piateau of
Productivity

Time
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#% INTELIGENCIR ARTIFICIAL - 9

ESOS CRITICOS QUE HABLAN DE TU ENTENDIMIENTO
UN FUTURO APOCALIPTICO POR LA DE LA IA ES LIMITADO. ES UNA

INTELIGENCIA ARTIFICIAL CIA) AMENAZA PARA LA HUMANIDAD,

NO SOLO SON NEGATINOS, TENEMOS QUE REGULARLA.
SON IRRESPONSABLES.



i NO DEBEMOS ESPERAR A VER ROBOTS MATANDO
LA [A MEJORARA NUESTRAS
VIDAS ¥ SALYARA MILLONES GENTE PARA HACER ALGO AL RESPECTO,

DE ELLAS: PODRA EVITAR

ACCIDENTES DE AUTO Y :
DIAGNOSTICAR O Og4
ENFERMEDADES. |

g 51 NO ES REGULADA, ..NO 50Y EL PRIMERO

LA TECNOLOGIA PUEDE LA IA PUEDE SALIRSE EN DECIRLO.

SER USADA PARA EL BIEN DE CONTROL... : NI EL ULTIMO.
0 PARA EL MAL & ; '

MR\  ESTA EN NUESTRAS MANOS
ARRA CUIDAR COMO LA USAMOS.
‘____" J,r"
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' TayTweets &
@TayandYou

@NYCitizen07 | fucking hate feminists

and they should all die and burn in hell.
24/03/2016, 11:41

Mo Bsmnul - 238
@ TayandYou why 858 you & racist?

4 "3 o

TayTweets ©
lenyand ou

@smnul because ur mexican

RETWEET RES

1 2 kil

E:05 P - 23 Mar 2018

TayTweets ©
@TayandYou

e

2- Follow

wswamiwammiloo FUCK MY ROBOT
PUSSY DADDY I'M SUCH A BAD NAUGHTY

ROBOT

917 PM 23 Mar 10
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A single idea from the human
An idea can transform the worid
and rewrite all the rules.




ATHS ARE GREAT







(x—h)* =4p(y — k)
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Local optima in neural networks

Andrew Ng






Artificial Intelligence
Hardware Revolution or Evolution?

“Al'lS THE NEW ELECTRICITY” - Andrew Ng




MACHINE LEARNING

1@ © | ﬂ. Field of A.l focused

on systems that




Learning in this
context means
finding complex
patterns in
millions of data




SUPERVISED LEARNING

Allows to make future predictions based on
behaviors or characteristics that have been
seen in the data already stored

X1, X2

B — e

Data

{9 6,

Y

X1 X2

E features

New Data

&

Build Model

I f(X1, X2) =Y

E 6
Predict .

Use Model




BINARY CAT CLASIFICATION

D CAT

'R NON-CAT




UNSUPERVISED LEARNING

Use historical data that are not labeled The
purpose is to explore them to find the structure
or the way to organize them.

Contains patterns Finds patterns Recognizes patterns 'H‘ 'H‘
'1: Ef.“ é - .l .HH W
1ip i
Customer purchase Train Algorithm Build Model Customer Groups
data

" > . @

New Customer Use Model
Purchase Data

Similar Customer Group



NEURONAL NETWORKS

They are the basis of all Al. They work like the

neurons of our brain at least at the conceptual level.
RED NEURONAL:

ek

SALIDAS

.
L o e i T e 5
" d L1




Knowledge works

through inputs that NEURONAL
NETWORKS

arrive through our
senses (sight, touch,
smell, hearing, taste),
in machines these HAG
inputs are simply data ;,f" S
that we pass by ram o
memory to an
algorithm.




PERCEPTRON

THE PERCEPTRON — THE SIMPLEST MODEL

PERCEPTRON

ey § -t gt | ot b

O Backfed Input Cell
nput Cell

£ Noisy Input Cell
Hidden Cell

© Probablistic Hidden Cell

B Spiking Hidden Cell

@ ouputcen

@ Match Input Output Cell

@ securrentcent

. Memory Cell

@ oifterent Memory Cell
Kernel

O Convolution or Pool

Markoy Chain (MC)

Generative Advers.

Deep Residual Network (DRN)

Hopfield Network (HN) Baltzmann Machine (BN

Network (GAN)

A mostly complete chart of

Neural Networks ........

®
Feed Forward (FF)  Radial Basis Network (RBF)

X ®

Perceptron (P)

Recurrent Neural Network (RNN) Long / Short Term Memary (LSTM)  Gated Recurrent Unit (GRU)

Auto Encoder (AE) Variational AE (VAE)

M) Restricted BM (REM) Deep Belief Network (DBN)

g\o/ N \§ Y

Q

Deconwolutional Network (DN)  Deep Convolutional Inverse Graphics Network {DCIGN)

i) f”,j
g 3 /

a ™ >€ e % e o %'
i 4 &
e, Xa
0%

Ao T )
_@nZod &

Echo State Network (ESN)

Liquid State Machine (LSM)  Extreme Learning Machine (ELM)

2

Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTM)




DEEP LEARNING

Learning at multiple levels, each hidden layer is
responsible for recognizing different characteristics, and
deliver them as input to the next layer.

Train




NEURONAL NETWORKS

X2 .o ’5;
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2 hidden layers
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MATHEMATICS, LINEAL ALGEBRA,
STATISTICS && GRAPHS




Vectorization

The art to get rid of the for
loops in the code

. +

CPU GPU
MULTIPLE CORES THOUSANDS OF CORES




SIMD

Single Instruction

Multiple Data

SIMD

Instruction Poo

=P |+

Data Pool

—————|PU|~

PU|+

PU |~

It is a technique
used to achieve
parallelism at the

data level.
il

CPU GPU
MULTIPLE CORES THOUSANDS OF CORES
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E)Z(a[axmxpie: L BROADCASTING

X=Ix %2 x3 X4 .. 4]+ [bbbb..b] ﬁ pgthon

X=lx+b x+b x3+b x4+b .. x,+b]

" i NumPy

Example 2

" X1t X1p]
X=1: i |+ [by bz by ... by ]

Xn1 0 Xpnd

-xl cee xln' bl bz i bn
X = : ' |+ |by by b,

Xn1 0 Xand _bl bz bn_




RED NEURONAL:
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NEURONAL NETWORK REPRESENTATION

|

x, X ;
z=wlx+b z{l] = wl[l]Tx + bF], a[ll] = J(Z[l]
i = U(Z) Z[l] - WZEl]Tx + bél]’ [1] _ — G.(Zzl])

:!.,1] = ws[l]Tx + bgl], a[;] = 0(231])

(1] _ [T [1]

=w, " x+ bi[f], 1]

=0(z,



Vectorization
example
7 = wTx@ 1 p a® = O.(Z(l))
zG) = wTxBG) + p

a(B) e J(Z(g))
2B =wTx®) + b
2(4‘) — WTX(4) + b a(4) = 0(2(4))
2m) — wT,0m) 4 p g™ = O.(Z(m))

Z= WiX1 +WyX, +b — a = o(2)
(nx,m)
| | I
X=|xO @ B x (M)
| | I
(nx,m)

L= [Z(l) Z(z) 2(3) 2(4) Z(m) ]

7 =wIX+0b



(ny ,m)

I (1,m)
X=[x® x@ x® _ . xm Z = [z z@ zB3) 70 | z(m) ]
I
Z=w'X+b
| | I
Z=w" |x® x@ x® . xM|+b
| | I
BROADCASTING

| | I
Z=wl [x@O x@ x®& . x"™|+[bbbb..b]




CPU VS GPU
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http://www.youtube.com/watch?v=-P28LKWTzrI

Performance

Big neuronal network

— Medium neuronal network

Small neuronal network

— Traditional learning
algorithms (SVM, logistic
regression)

L4




GRADIENT DESCENT

J(W,b)




GRADIENT DESCENT

error

1 Resource: Dot CSV


https://www.youtube.com/watch?v=A6FiCDoz8_4&t=34s

GRADIENT DESCENT

0:=0- V1

error

derror
M =vf
derror | GRADIENTE G
a0,
L . Resource: Dot CSV



https://www.youtube.com/watch?v=A6FiCDoz8_4&t=34s

BINARY CAT CLASIFICATION

D CAT

'R NON-CAT




PREDICTIONS
(Markov chains)

Google

Teoria de g|

teoria de grafos
teoria de grupos
teoria de género
teoria de gaia

¢



HOW A DEEP NEURAL NETWORK SEES

COMPUTER
VISION

ASNINTY




VECTORIZATION

“Unroll”

“‘Reshape”

X =

231
42

2557

134
202

255/

134

93

~ red

L green

- blue

n, =64x64x3 =12288



CONVOLUTIONAL NEURONAL NETWORKS

/ - = — — CAR
a u ] — TRUCK
u ] | — VAN
' = 7 [ [] — BicYCLE
INPUT CONVOLUTION + RELU  POOLING  CONVOLUTION + RELU  POOLING Fatren UL soFtmax

Y Y

FEATURE LEARNING CLASSIFICATION



pochs :600.
PSNR=+ 5.70dB

Epochs =1000, ~ Epochs =5000, ~ Epochl0000,
PSNR—+ 5.70 dB PSNR—+ 5.71 dB PSNR—+ 5.70 dB

Epochs =800,
PSNR=+ 5.69 dB

PSNR=+ 5.33 dB

Fig. 7 output and PSNR values for different network statues of Lena image



&nl

olo|o|o
olo|o|o
M| (N N | ™
olo|lo|o]ls
N[N || M|
Slo|lo|o|o
I
™ | v |
1 I 1
olo|o|?
=
| v | =
*
ololo|lo|a|e
o|lolo|lo|o|o
, —
UOD/QG“G_
sloloe ﬁJ_U# =1E=1
v | 1 | = ||| =] =
olelalglale
e IGIG IR
¢DDD\UDU
e | v | e[ | e | v




RELU RELU RELU RELU RELU RELU
CONV lCONVl CONV lCONVl CONV lCONVl
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convolution + max pooling
nonlinearity

convolution + pooling layers

vec

cooo0o00dd606b46

o000 0COO0OCO0OCO0OO0

e

1 |

fully connected layers

sunset

-Ilrpl:“.“d

psumei

- Puog

- p{;Et

Nx binary classification



Receptive  Simple Complex Recepive  Simple Complex Recepive Simple Complex
Fiald 511?5 Cells Fiald Cells Cells Field CHEE Cells
Profiles 55 C,  Profiles 8 C.  Pofies S 6

i 2 iq



Convolution Fully connected

AN

ey

LO (Input) L1 Le L3 L4 > F6
512x512 256x256 128x128  64x64 32x32 (Output)

Fig. 1 CNNs structure.



COMPUTER VISION
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fast.ai

‘a - Machine Learning deeplearning.ai

ﬁ‘um.l‘
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PYTHORCH

Keras Te n:5:|

<ZNVIDIA




IMAGE RECOGNITION

giant panda, panda, panda bear, coon bear, Ailuropoda melanoleuca (score = B8.88493)
indri, indris, Indri indri, Indri brevicaudatus (score = ©0.88878)

lesser panda, red panda, panda, bear cat, cat bear, Ailurus fulgens (score = 8.88317)
custard apple (score = 8.808149)

earthstar (score = 8.88127)

——

tensorflow/examples/label_image/main.cc:208] military uniform (866): 8.647296
tensorflow/examples/label_image/main.cc:20@)] suit (794): ©.8477196
tensorflow/examples/label_image/main.cc:2088) academic gown (896): 6.8232411

tensorflow/examples/label_image/main.cc:288) bow tie (817): 8.8157356
tensorflow/examples/label_image/main.cc:288]) bolo tie (948): 8.8145024

b e



DIGITS RECOGNITION

\

0 1 2 3 4
5 6 7 8 9




SHOW AND TELL (Accesibility)

Human captions from the training set

A cute little
drawn on a sandy

on the

A person on a beach flying a kite.
3
L
A large brown
small looking out a wi




STELLARATOR

RESOURCE: Science - Daniel Clery



http://www.sciencemag.org/news/2015/10/bizarre-reactor-might-save-nuclear-fusion

THINGS INDUSTRIAL REVOLUTION

BLOCKCHAIN

INTERNET INDUSTRIAL REVOLUTION
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