Building your
Artificial Intelligence
Solutions
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GoogleAlphaGo

Numberof combinationsbiggerthan
atomsin universe

Alphagatrained 10000gamesagainst
players

Trainingof 1 Milliongamesagainst

Expertshoughtthis would be possible
In about10years
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At last — a computer program that
can beat a champion Go player rass+
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Big Data Computation Algorithmic
(Digitalization) (Moore’s Law, GPUs) Progress
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EDGE COMPUTING HYPERSCALE HPC VISUALIZATION

JETSON

END TO END SOLUTION

ONE ARCHITECTURE FOR ALL

QUADRO

RESEARCHERS/ EARLY
ADOPTERS

DGX-1




Tools for Al research and deployment

Many machine learning tools and deep learning frameworks

PYTHRCH
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Neural nets are taking over areas of traditional programming
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] Convolution neural networks
Persecptron Backpropogation for handwritten recognition

2012
Akward sllence (Al winter)
Persecprton SVM reigns Restricted Boltzmann  AlexNet wins
criticized machine Imagenet
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Imagenet Computer Vision Worldcup
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Imagenet: Even better than humans

ImageNet Classification Error (Top 5)

16,4
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Human Performance

3,57

3,08

2012 (AlexNet) 2013 (ZF) 2014 (VGG) 2014 (GoogleLeNet) 2015 (Google ResNet) Today (Google LeNet -
v4)
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... by providing Full Stack solutions ...

Artificial Intelligence

Machine Learning

Neural networks

Deep Learning




What makes the difference

Traditional Programming

Computer Result

Machine Learning

Computer Program







How to learn grammar

AR Read through vour grammar

—_—_—

Outline vour grammar

—_—_—

Get grammar questions answered

¥ ¥
Learn
grammar

through  |—= ;
reading and speaking and

listening get it corrected
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Review problematic grammar
|
Outline pru:ni:rl:natic gramimar
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Get grammar qutsticms answered
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Getting Started

Use grammar
In writing and

Exposure

Refinement

http:f fwwwestoeetsmartlanguagelearning. com



Meaningful
Compression

Structure Image

. o Customer Retention
Discovery Classification

Big data Dimensionality Feature denity Fraud

‘e ualistai i Classification Diagnostics
Visualistaion Reduction Elicitation Detection

Advertising Popularity
Prediction

Learning Learning Weather

Forecasting
*
Machine Y=

Growth
Prediction

Recommender 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



The Brain

10**12 neurons
10**14 synapses
Cycle time 10**3 seconds

CurrentComputer

10**8 transistoresper CPU
Hundredsof CPUs

10**12 bits of RAM
Cyletimes 10**-9 seconds




OneNeuron

Cell body
Axon Telodendria

Nucleus\(
! Axon hil% Synaptic terminals
\ 7K ,

Endoplasmic
reticulum

Golgi apparatus

Mitochondrion Dendrite

J \ Dendritic branches



..And | t téchinical representation...
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Neuron




Non Linear Regions




Neural Networks




hidden laver
{rn = 15 neuwrons)

SimpleExample
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© Backfed Input Cell

) Input Cell

. Noisy Input Cell

. Hidden Cell

© rrobablistic Hidden Cell
@ spiking Hidden Cell

@ output ceut

. Match Input Output Cell
. Recurrent Cell

. Memory Cell

. Different Memory Cell

. Kernel

. Convolution or Pool

Markov Chain (MC)

Hopfield Network (HN) Boltzmann Machine (BM)  Restricted BM (RBM)

A mostly complete chart of

Neural Networks ........

©2016 Fjodor van Veen - asimovinstitute.org

Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF)
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Recurrent Meural Network (RNN)
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Deep Convolutional Inverse Graphics Network (DCIGN)

Long / Short Term Memory (LSTM)  Gated Recurrent Unit (GRU)
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Generative Adversarial Network (GAN) Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network (ESN)

Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE)

Sparse AE (SAE)
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Deep Residual Network (DRN) Kohonen Network (KN)  Support Vector Machine (SYM)  Neural Turing Machine (NTM)

Deep Belief Netwaork (DBN)
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Use Cases



ConvolutionaNeuralNetworks

CNNs — For Image Inputs, Convolutional stages act as
trained feature detectors
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Vision

Saurea: [Cirasan 2t 2, 2012/20913)

dataset infage 5 (full) (detail 1)

(detail 3)

M M;
P

Local max

v Smoothing

G

Original RGB Image DNN Pr(p is close to a mitosis centroid)

http:// people.idsia.ch-ciresardata/isbi2014.pdf




RecurrentNeuralNetworksand LSTM




Text Processing




Example: machine translation

Economic growth has slowed down in recent years

J

Das Wirtschaftswachstum hat sich in den letzten Jahren verlangsamt .
Economic growth has slowed down in recent years

( | | ( |
La croissance economique s' est ralentie ces derniéres années .

Figure from: devblogs.nvidia.com



NLP¢ SyntaxParsing

ROOT|
1 NSUBIJ I
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Alice , who had been reading about SyntaxNet , saw Bob in the hallway yesterday

NOUN . PRON VERB VERB VERB ADP NOUN ; VERB NOUN ADP DET NOUN NOUN

SyntaxNet (Parsey McParseface) tags each word with a part-of-speech tag, and it
determines the syntactic relationships between words in the sentence with an
94% accuracy compared to a human performance at 96%.



NLPc Chatbot

Neural Chatbot: Predicts the next sentence given the previous

sentences in a conversation.

|4 The LSTM remembers facts, understands contexts and performs
common sense reasoning in the trained domain.

Human: what is the purpose of life ?
Machine: to serve the greater good .
Human: what is the purpose of living ?
Machine: to live forever

Human: what is the purpose of existence?

Machine: to find out what happens when
we get to the planet earth

Human: where are you now ?

Machine: i 'm in the middle of nowhere .

Human: what is the purpose of dying ?

Machine: to have a life

Human: what is the purpose of being
intelligent ?

Machine: to find out what it is.

Human: what is the purpose of emotions ?

Machine: | don 't know .

Philosophical Q&A — Network trained with OpenSubtitles (movie subtitles)



Reinforcement Learning

reward
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Flexible Muscle-Based Locomotion
for Bipedal Creatures

SIGGRAPH ASIA 2013

Thomas Geijtenbeek
Michiel van de Panne
Frank van der Stappen




Robotics

What if robots could figure out more

things on their own and share that
knowledge among themselves?

Availability: 3-5 years TMeL:Thnology

Review

oy Amznda Scazfer

D [t&#x2019;s not immigrants, it&#x2019;s automation




AutonomousDriving

Uber starts self-driving car pickups in Pittsburg

Signe Brewster

ﬂ ﬂ.lﬂﬂ T k= TechCrunc




Al Projects
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2. Datais key







4. Therels no guaranteefor success

Gibbon class
gradient

Adversarial example




5. It iIsnot binary




6. Notinventedhere




/. Whoownsthe IP




Successful Al-Projects
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AGive
Introduction
Acrtificial
Intelligence

ADiscuss
Business
Potential

£Cover History,
Concepts and
Use Cases

to

K

ADevelop

customer specific

business ideas
MDiscuss use
cases with
experts
AEvaluate data
and designs

K

ADesign and
train  Neural
Networks
ATest alternative
solutions
AEvaluate
results and
business impact

ABuild reliable
application

Antegrate into
existing
Infrastructures
ATest solution
end to end

iy

ADevelop
customized

content and
structure

AConduct Hands - on
Training

Mandover to
maintenance team



Examples



Automated Document Processing

Martin Musterbrief
MusterstraBe 77
33777 Muster-ort

Martin Musterbrief MusterstraBe 77 33777 Muster-ort

Musterfirma GmbH
Kundenbetreuung
FirmenstraBe 15
43123 Firmenstadt

Adressdnderung|wegen Umzug

Kundennummer: 34567890

Sehr geehrte Damen und Herren,

hiermit teile ich Ihnen folgende Anderund meinerl Kontaktdated mit.

Die Bnderund]ist gliltig ab: 26.08.2016

Neue Anschrift:
NeuestraBe 33
95123 Neuort

Tel.: 02345 234567

Mit freundlichen GriiBen

Martin Musterbrief
Muster-ort, 23. Juli 2016
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