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10.
11.
12.

Kinstliche Intelligenz - EinfUhrung
Machine Learning - Grundlagen

Machine Learning - klassische Methoden
Kiinstliche Neuronale Netze

Deep Learning fir Computer Vision
Deep Learning fir Texte und Sequenzen

Generatives Deep Learning, Reinforcement Learning, Adversarial
und Quantum Machine Learning und andere Forschung- und
Zukunftsthemen

Kl Infrastruktur - Ressourcen und Dokumentation, Hardware,
Bibliotheken, KI Cloud-Dienste

Demo Lab-1 - Azure Machine Learning Studio und Cognitive Services
Demo Lab-2 - Machine Learning Services von Amazon AWS

Demo Lab-3 - Machine Learning Services von Google Cloud

Demo Lab-4 — Bild-Klassifizierung mit CNN in Python
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Biologisches Neuonales Netz

Thalamocortical brain network (Simulationsvideo unten):
3 Millionen Neuronen, 476 Millionen Synapsen

Ganzes menschliches Gehirn:
100 Milliarden Neuronen, 1.000 Billionen Synapsen
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Biologisches Neuron

Myelinated axon

Outputs

Myelin sheat

Source:

https://en.wikipedia.org/wiki/Biological neuron model
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https://de.wikipedia.org/wiki/Nervenzelle
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Kunstliches Neuronales Netz

ResNet -152: ca. 10.000 Kunstlicher
Neuronen und 60 Millionen Synapsen
(Parameter)

Ganzes menschliches Gehirn:
100 Milliarden Neuronen
1.000 Trillionen Synapsen

ResNet-152

7x7 conv, 64

3x3 co_hv, 64 >

3x3 conv, 128 .l\,
| 3x3 CO.!V 128 1-7

152 layers

3x3 cohy, 5
3x3 conv, 51
3x3 ooV, 5124

fc6
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Neuron - Mathematisches Modell
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Source: https://www.embedded-vision.com


http://en.software-factories.de/

25 -
5 RN
\ dNE RN
\ ~ 5 -;‘ 1\ A

4. Kunstliche Neuronale
Netze & Deep Learning

‘

Seftware Faciories {0 @

makes software that works

=

Aktivierung Funktionen

Identity

Bimary step

Logistic (a.k.a
Soft step)

Tani

ArcTan

Rectified

Linear Unit

(ReLU)

Farameteric
Rectified
Linear Unit

(PReL) (2]

Exponential
Linear Unit

(EL) B

SoftPlus

Flot Equation

0 for <0

1
14e=

LT | f(z) =

f(z) = tan"' ()

_____ fiI}:{l for >0

2

/ f(z) = tanh(z) = T

{) for <0
/ f(z) = z for >0
// f(z) = ar for z<0
pri = x for 20
/,/ flz) = { afer —1) for =<0
= z for >0

f(z) = log.(1+ €%)

Derivative

+
0 for <0
1 for >0

1 for z210

)+a for <0
1 for x>0

{
{n for <0
{
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Aktivierung Funktionen.
Softmax.
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Multi-Class Classification with NN and SoftMax Function
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Kunstliches neuronales Netzwerk
MLP — Multi-Layer Perceptron

Hidden
Input

Output

Important Deep Learning Architectures see here

Source: https://www.embedded-vision.com


https://www.safaribooksonline.com/library/view/deep-learning/9781491924570/ch04.html
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Training eines neuronalen
Netzwerks

25 M:z 5
o o 33
Adjust
Weights
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Source: https://www.embedded-vision.com
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Backpropagation — Gewichte durch
“Gradient Descent” anpassen

Source - Geoffrey Hinton:

Geoffrey Hinton: The Foundations of Deep Learning

-How to learn many layers of features (~19¢€

Compare outputs with
correct answer to get
error signal

The Foundations of Deep Learning

layers



https://www.youtube.com/watch?v=zl99IZvW7rE
https://www.youtube.com/watch?v=zl99IZvW7rE
https://www.youtube.com/watch?v=zl99IZvW7rE
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Gradient descent /
stochastic Gradient Descent und
globales Extremum

J(w)
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Gradient Descent 1009 es

Stochastic Gradient Descent
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Wie ein Deep Learning Model

trainiert wird

Input Data X

| weights o
(Representation-Transformation)
! Layer B.
Weights . ¥ .
(Representation-Transformation)

Layer C.
(Representation-Transformation)

Weights

Optimizer

Expected
[Supervise)

Y

Lost Function
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Deep Learning — Timeline
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-
Computing

Machinery 960

and ADALINE
Intelligence Widirowr &
Alan Turing Hoff

#

1958
Perceptron
Rosenblatt

Quelle: Favio Vazquez

1974 1565 1986 Deep

Backpropaga Boltzmann  Restricted 1997 Boltzmann

tion 1980 Machine Bolizmann 1990 [STMs Machines 204

Werbes (and  Neocogitron  Hinton & Machine LeNet Hechreiter & Salakhutdinovy GANs

moTe) Fukushima  Sejnowski Sm-:-Ienqu.r Lecun Echnudhube: & Hinton Goodfellow
1969 19380 1986
XOR problem Self Hc-pﬁe]d Multl]ayer RHNs Bldlrectinnal D&pﬂe]ief [Jmp-nut (‘apsu]e
Minsky & Organizing Network Perceptron  Jordan EMNM Metworks-  Hinton  Networks
Papert Map John Hopfield Rumelhart, Schuster & pretraining Sabour, Frosst,

Kohonen Hinton & Paliwal Hinton Hintan
Willlams

2006
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Deep Learning — Schussel-
Technologie In moderner KI

Keynote: Deep Learning Frameworks -

2006: Bengio, Hinton,
LeCun publish foundational
papers on training deep
architectures with
unsupervised learning.

-
2006 2008

2011: Bengio & Glorotshow
that deep architectures with #
RelU can be trained in

purely supervised manner —

-
much more easily ' ‘

2013: Google DeepMind

trains a deep neural

network to play Atari

games with just raw pixel

values as inputs. F N

2010 2012
® v

2012: Krizhevsky, Sutskever
Hinton win ImageNet
competition with deep
neural network — revolution
in computer vision

2014: Major mobile
phones all use deep
learning for speech

recognition

2015: Deep neural
translation models

beat 30 years of
hand-engineered
translation systems

2014 2016
" v v

2015: Superhuman
performance reached
on ImageNet
classification and
Atari game playing

by &)

2016: Go champion
beaten by Google's
AlphaGo, trained by
playing against itself
with reinforcement
leaming

Source - Keynote: Deep Learning Frameworks - Yoshua Bengio #reworkDL



https://www.youtube.com/watch?v=acQmXTgNimM
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Deep Learning —
automatic feature extraction

Machine Learning

Gap, — | —

Input Feature extraction

-

Classification Output

Deep Learning

& — 327 - Il

Input Feature extraction + Classification Output
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Deep Learning —
automatic feature extraction

3. Schicht -
"Ganze
Gesichter"

2. Schicht -
"Gesicht-
Teile"

1. Schicht -
"Ecken und
Kanten"

Eingang -
Pixels
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Deep Learning Erfolgsfaktoren

* Viele-viele Daten

* Sehr flexible ML-Modelle

 Steigende Rechenleistung

* Rechnerisch effiziente Schlussfolgerung

* Machtige Vorlaufer, die die
Dimensionalitat-Problematik durch
Kompositionen (wie menschliche
Abstraktionen) losen konnen

e Tiefe ML-Architekturen mit mehreren
Ebenen



https://www.analyticsvidhya.com/blog/2017/08/10-advanced-deep-learning-architectures-data-scientists/
http://en.software-factories.de/

Fortschritte in DeeplLearning

e Spracherkennung
* Computer Vision

4. Kunstliche Neuronale
Netze & Deep Learning

* Maschinelle Ubersetzung

* Argumentation, Aufmerksamkeit und
Erinnerung

» Bestarkendes Lernen (Spiele, Go etc.)
* Roboter und Autonome Fahrzeuge

Sefiweane Facieries * Langzeitige Abhangigkeiten, sehr tiefe
makes software that works N q‘\}% ,: N et Z e
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Classification-Demo
playground.tensorflow.org

Tinker With a Neural Network Right Here in Your Browser.

Don't Worry, You Cant Break It. We Promise.

o Epoch Learning rate Activation Regularization Regularization rate Problem type
>l
4 KunSt|IChe Neuronale 000,491 0.1 +  Tanh - None - 0 - Classification .
Netze & Deep Learning
FEATURES + — 3 HIDDEN LAYERS OUTPUT
Which dataset Which properties do Test loss 0.001
you want to use? you want to feed in? i o o = Training loss 0.003 \'lllh I

7 neurons 4 neurons 2 neurons

Ratio of training to
test data: 70%

— o

Noise: 0

Batch size: 10

—e

REGENERATE

Colors shows

- a8 data, neuron and "‘ ! —
Seweare Facweries On '
makes software that works \"‘J\‘; Show testdata  [] Discretize output

neuron



https://playground.tensorflow.org/
https://playground.tensorflow.org/#activation=tanh&batchSize=10&dataset=spiral&regDataset=reg-plane&learningRate=0.1&regularizationRate=0&noise=0&networkShape=7,4,2&seed=0.50724&showTestData=true&discretize=false&percTrainData=70&x=true&y=true&xTimesY=true&xSquared=true&ySquared=true&cosX=false&sinX=true&cosY=false&sinY=true&collectStats=false&problem=classification&initZero=false&hideText=false
http://en.software-factories.de/
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Regression-Demo
playground.tensorflow.org

Q-

DATA

Which dataset do
you want to use?

[

Ratio of training to
test data: 70%
e

Noise: 0

Batch size: 15

—e

REGENERATE

Tinker With a Neural Network Right Here in Your Browser.

Don't Worry, You Can't Break It. We Promise.

Epoch

000,235

FEATURES

Which properties do
you want to feed in?

Learning rate

01

+_

6 neurons

+

Activation Regu
Tanh None
— 3 HIDDEN LAYERS

4 neurons

arization

Regularization rate

0
QUTPUT
Test loss 0.005
l= Training loss 0.007
2 neurons
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Colors shows
data, neuron and
weight values.

Show test data

Problem type

Regression
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playground.tensorflow.org
https://playground.tensorflow.org/#activation=tanh&batchSize=15&dataset=spiral&regDataset=reg-gauss&learningRate=0.1&regularizationRate=0&noise=0&networkShape=6,4,2&seed=0.96989&showTestData=true&discretize=false&percTrainData=70&x=true&y=true&xTimesY=true&xSquared=true&ySquared=true&cosX=false&sinX=true&cosY=false&sinY=true&collectStats=false&problem=regression&initZero=false&hideText=false
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Danke!

S 2R Mykola Dobrochynskyy ist Geschaftsfihrer von Software
Factories. Sein Fokus und seine Interessen sind
Modellgetriebene Softwareentwicklung, Code Generierung,
kiinstliche Intelligenz, Machine und Deep Learning sowie Cloud

4. Klnstliche Neuronale und Service orientierte Software-Architekturen.
Netze & Deep Learning

@my_dobro

ceo@soft-fact.de

were Fecieries On
mak A 0)

akes software that works


http://en.software-factories.de/

