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Was ist kinstliche Intelligenz & maschinelles Lernen?
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Was ist kunstliche Intelligenz?
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thinking

"The exciting new effort to make
computers think... machines with minds, "The study of mental faculties through

in the full and literal sense." the use of computational models."
(Haugeland, 1985) (Charniak and McDermott, 1985)

"[The automation of] activities that we "The study of the computatior=*'
associate with human thinking, activities make it possible +~ .
such as decision-making, problem solving, d W\th

learning..." (Bellman, 1978)

c .
humanly ute pp C rationally

comp ex ¢

.. periormed by people.”
(Kurzweil, 1990)

"Computational Intelligence is the study
of the design of intelligent agents."
(Poole et al., 1998)

"The study of how to make computers
do things at which, at the moment,
people are better."

(Rich and Knight, 1991)

"Al... is concerned with intelligent
behaviour in artefacts." (Nilsson, 1998)

acting
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Was gehort zu kinstlicher Intelligenz?
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deep learnin

. machine learning
supervised (ML)

unsupervised

content extraction

classification

natural language

machine translation processing (NLP)
guestion answering 1 e :
. Artificial Intelligence
text generation ( AI)
expert systems .

image recognition o
. vision
machine vision >

speech to text

text to speech

© 2015 Neota Logic

robotics

Zurcher Fachhochschule



Zircher Hochschule
fur Angewandte Wissenschaften

Eine kurze Geschichte der Kl
Wiederkehrende Muster tberzogener Erwartungen
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1950 1960 1970 1980 1990 2000

Lighthill

Dartmouth / Report
Strong Al Workshop Internet
funding Turing Bubble
. ?ilnd Letter
optimism
Al
“winters”
and Sutherland’s
downturns Sketchpad

e —

HCI accepted in many
v CS departments
Major HCI labs form
1950 1960 1970 1980 1990 2000

Quelle: Grudin, “Al and HCI: Two Fields Divided by a Common Focus”, Al Magazine, Winter 2009.

Ziircher Fachhochschule



Was ist passiert?
Der ImageNet Wettbewerb

1000 Kategorien
1 Mio. Beispiele .

boxer
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ular telephone
slot
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dial teleph
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container ship ens cap
I‘ip lex camera

zucchini lifeboat Polaroid camera cock
ground beetle amphibian pencil sharpener cocker spaniel|
newt fireboat switch partridge

iPod

water snake| | drilling platform combination lock English setter

e ——

Error Rate

A. Krizhevsky verwendet als erster ein
sog. «Deep Neural Network» (CNN)
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2015: Computer haben “Sehen” gelernt

4.95% Microsoft (06. Februar)
- Besser als Menschen (5.10%)

4.80% Google (11. Februar)
4.58% Baidu (11. Mai)

3.57% Microsoft (10. Dezember)
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Grundidee Deep Learning: “feature learning”
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Merkmalsextraktion manuell Traditionelles ML Verfahren
Bildklassifikation definierter Deskriptoren (SVM, Neural Network, etc.)
(herkémmlicher
Ansatz) >
(0.2,0.4, ...)
> Kontainerschiff
> Tiger
N
7

(0.4,0.3, ...)
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Grundidee Deep Learning: “feature learning”

zh
aw

Merkmalsextraktion manuell Traditionelles ML Verfahren
Bildklassifikation definierter Deskriptoren (SVM, Neural Network, etc.)
(herkémmlicher
Ansatz) >
(0.2,0.4, ...)
Kontainerschiff
Tiger
N
7
(04,03, ...)

Rohdaten als Input, wesentliche
Merkmale werden automatisch gelernt
Bildklassifikation
(neu: Convolutional
Neural Networks )

Kontainerschiff

Tiger
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Grundidee Deep Learning: “feature learning” Zh
Merkmalsextraktion manuell Traditionelles ML Verfahren
definierter Deskriptoren (SVM, Neural Network, etc.)

(0.2,04, ...)
Kontainerschiff

Automatisierung komplexer Prozesse basierend auf
(hoch-dimensionalem) Sensor-Input

Bildklassifikation
(herkémmlicher
Ansatz)

Rohdaten als Input, wesentliche
Merkmale werden automatisch gelernt
Bildklassifikation
(neu: Convolutional

Kontainerschiff
Tiger

Neural Networks )
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Prinzip: Suche der Parameter einer Funktion Zh

Neuron

<W,X>+b=0 + * aw

Neuronales Netz

hidden layer

(= 15 neurons)

Inputs —

lnput 1
(T84 neurcns)

f —
Output,

l

Activation
Function

Entscheidung
(Schwellwert)

Merkmale (z.B. Pixel)

Anpassbare Parameter

Zurcher Fachhochschule

Ergebnis (z.B. «Auto»)
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Was-=> Wo?-> Wohin?
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Wo wird das bereits praktisch eingesetzt?
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Einige Beispiele aus den Schlagzeilen Zh

o Brandon Amos  About  Blog ) ¥ T A aw

Image Completion with Deep Learning in TensorFlow
August g, 2016

Gooooe

- Introduction
« Step 1: Interpreting images as samples from a probability distribution
+ How would you fill in the miszing information™
+ But where does statistics fit in? These are images.
» So how can we complete images?
Step 2: Quickly generating fake images
» Learning to generate new samples from an unknown probability distribution
+ [ML-Heavy] Generative Adversarial Net (GAN) building blocks
+ Using &(z) to produce fake images
+ [ML-Heavy] Training DCGANs
o Existing GAN .
s [ML-Heavy]
+ Rumning DCG
Step 3: Finding the|

ea

Conchasion
Partial bibliograph;
Bomus: Incomplete|

Introduction
Content-aware fill is a pq

“Semantic Image Inpain
shows how to uze deep
some deeper portions fo
zection can be skipped if
from images of faces. 1h
completion.tensorflow.

1. Well first interpret|
2, This interpretationfis
3. Then we'l find the

12
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Andrej Karpathy blog Al Hakers gietoheudl Netwas

The Unreasonable Effectiveness of Recurrent Neural
Networks

May 21, 2015

Thers's sometning magkal about Recurrent Neural Netwaries (RNNE). | S8 ramember when | rained my frst
recuTen nEtvark for Imags Captioning. Within 3 few duzan miminss of raining my Srst baby mods! {wih rater
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afmaiking sense. Sametmas the r10.of how Smpie your madel k10 e qualty of he resuts You get out of NS
past your expactatons, and this was ané of 1os2 Smas. W3t mads ks Tesuit 50 Shocking 3 ha Sme was that e

COMMan Wisdom was At ANNS. el rveinfactraacned e
30p0STIE CONGENSION). 351 RrWard 300Ut 3 YST T TN RNNS 312 BMe nd v Witessad Tar power and
FODUSINESS MaNy s, 300 ¥e1 IS Magioal uUiputs ST 0 Ways of: Tres post

Tatmagic wil you.

er and ponder the questbn howis s even

Sy e way, tog=ther Wit 13 post| am alsa rslemsing cods on GHNUD st akows YOU 10 TN character-ievel languags
ek 1ayer LSTMs. Youghve i oftaxt and it wil l2am 1 generan: e Mz i on2

cnaraoter a3 tme. You oan 50 s2 It Deiow, 3

Fra ANNE anyway?

= Y winat

Recurrent Neural Networks

Sequancss. Do your background wondring: ihat Recurent bt peciaT A
‘giaring Bmétabion of aniia Neural Netwaris {and 0 Camvoiutional Nehworks) bs 13t hair AP ks 100 oonstrainad: they
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. Not anty tnat: pertorm trés mapgs atuzd BN
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Opara1a v SEQUENGES OfvaCtors: SSQUENGEs In he INpUL, 11 GUIPUAL ar In T2 Mas! ganral ca52 bl A S SYampsas.
M3y MaK2 TEE Mane concraie.

VIOLA:
Why, Salisbury must find his flesh and thought
That which I am not aps, not a man and in fire,

To show the reining of the raven and the wars

To grace my hand reproach within, and not a fair are hand,
That Caesar and my goodly father's world;

When I was heaven of presence and our fleets,

We spare with hours, but cut thy council I am great,
Murdered and by thy master's ready there

My power to give thee but so much as hell:

Some service in the noble bondman here,

Would show him to her wine.

KING LEAR:

0, if you were a feeble sight, the courtesy of your law,
Your sight and several breath, will wear the gods

With his heads, and my hands are wonder'd at the deeds,
So drop upon your lordship's head, and your opinion

Shall be against your honour.

g, of digfts ly beaming 3 oo Gregur et
al}
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the morning paper

The amazing power of word vectors
APRIL 21, 2016

For today’s post, I've drawn material not just from one paper, but from
five! The subject matter is ‘word2vec’ — the work of Mikolov et al. at Google
on efficient vector representations of words (and what you can do with

them). The papers are:

Efficient Estimation of Word Representations in Vector
Space — Mikolov et al. 2013

Distributed Representations of Words and Phrases and their
Compositionality — Mikolov et al. 2013

Linguistic Regularities in Continuous Space Word
Representations — Mikolov et al. 2013

wordavec Parameter Learning Explained — Rong 2014
wordzavec Explained: Deriving Mikolov et al’s Negative
Sampling Word-Embedding Method — Goldberg and Levy 2014

From the first of these papers (‘Efficient estimation...) we get a description
of the Continuous Bag-of-Words and Continuous Skip-gram models for
learning word vectors (we'll talk about what a word vector isin a
moment...). From the second paper we get more illustrations of the power
of word vectors, some additional information on optimisations for the skip-

gram model (hierarchical softmax and negative sampling), and a discussion

Of"“ el EN i Tha thid e T 5 Sn
R
a1 N .
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la .
o / \Vedvor
— 4 Y
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-
FRVST.INLV
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Image Completion with Deep Learning in TensorFlow
August g, 2016

Gooooe

Introduction
Step 1: Interpreting images as samples from a probability distribution
+ How would you fill in the miszing information™
+ But where does statistics fit in? These are images.
» So how can we complete images?
Step 2: Quickly generating fake images
» Leamning to generate new samples from an unknown probability distribution

Blog O L 4 T RN

Haziars gidetoNeul Netwarks

Andrej Karpathy blog e

The Unreasonable Effectiveness of Recurrent Neural
Networks

Nvidia Al Generates Fake Faces

+ [ML-Heavy] Generative Adversarial Net (GAN) building blocks
+ Using &(z) to produce fake images
T Based On Real Celebs
- s
s [ML-Heavy]
+ Fumning DCQ BY STEPHANIE MLOT 10.31.2017 = 10:00AM EST
« Step 3: Finding the
» Image compl - _ f ¥ in (p @
+ [ML-Heav ] \ , SHARES

Conchasion
Partial bibliograph;
Bomus: Incomplete|

Introduction

Content-aware fill iz a pg
completion and inpaintir
do content-aware fill, im
“Semantic Image Inpaind
shows how to uze deep
some deeper portions fo
zection can be skipped if
from images of faces, 1
completion.tensorflow.

‘Well approach image cou

1. Well first interpret
2, This interpretation|
3. Then we'll find the

I'm getting a distinctly mid-90s "The Rachel" vibe from the woman in the top left
corner (via Nvidia)

Celebrity scandals are about to get a lot
more complicated.

STHY ON THRGET

Al Shelley Pens Truly Creepy Horror
Stories-And You Can Help Nvidia has developed a way of producing
photo-quality, Al-generated human profiles—

by using famous faces.

Neural Network Serves Up Truly
Frightening Hall Pactons id

hand,

all
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Zurich University

Marktchancen: Machbarkeit vs. Verantwortung Zh
Technologie: Computer Vision mit Deep Learning aw

Flower Identification
Identify Wild Flowers

L |

I

O

@)
EHME R
FINT) 5

https://www.cultofmac.com/495088/avoid-potentially-deadly-ai-app/

Zurich University of Applied Sciences and Arts 16
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https://www.cultofmac.com/495088/avoid-potentially-deadly-ai-app/

Marktchancen: Markterfolg vs. Regulierung

Technologie: Recommender System

Customers Who Bought This Item Also Bought

.:.:ﬂ:,
o St
BISK

g
« -
I\"'I ning with Rigk: Gut Feelings: The Bounded Rationality: The
Imin with Intelligence of the Adaptive Toolbox (Dahd... by
by Gerd Gigerenzer Wnconscious by Gerd G Gigerenzer
Troinirirs (8) £6.49 Gaperenzer £20.85

What Do Customers Ultimately Buy After Viewing This Item?

L

68% buy

E1B.99

'!Ji

17% buy
Gut Feelings: Short Cuts to Better Decision Making
£6.T4

% by

Influsnce: The Psychology of Persuasion sl (120
£7.09

R
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Zurich University
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The Journey to Personalized Medicine

y avarlable. However. to realiz

Genetic
Testing

\ g
%gf;,d Oncology Roundtable LEARN MORE AT
ery adviacey.com/PersonshzeamedionePester K
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Marktchancen: Statistik vs. Bias

Technologie: Machine Learning az$

English - detected ~ H & Turkish ~ |_[:] LD Turkish - detected ~ H & English ~ |_D o)

He is a babysitter O bir bebek bakicisi ‘ O bir bebek bakicisi  She's a babysitter

Rb i @ @

czocul unprofessional hairstyles

szocui professional hairstyles

See also: Nassim Nicholas Talib, «The Black Swan: The Impact of the Highly Improbable», 2007

Zurich University of Applied Sciences and Arts 18
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Beispiele aus der angewandten Forschung

...mit lokalen Industriepartnern (KMUs) aw

3 Gesichtserkennung flr Stadionzutritt

B Chance: Enormer Fortschritt in den letzten Jahren
J - Herausforderung: Anti-spoofing, algorithmic bias

Automatische Artikelsegmentierung

« Chance: bildbasiert Layoutregeln lernen
» Herausforderung: Produktisierung, Deployment

Visuelle Qualitatskontrolle in Produktion

» Chance: Geschwindigkeit & Prazision
» Herausforderung: hohe Varianz auf ,Goldstandart

Digitalisierung von Musikalien

« Chance: Fortschritt in Digitalisierung von Textdokumenten (OCR)
» Herausforderung: viele kleine Objekte, Kontextabhangigkeit

Zurich University of Applied Sciences and Arts 19
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Gefahren durch KI7? Zh
» Kl ist per Definition eine “dual use Technology”
- siehe Report von Brundage et al., 2018

The Malicious Use

of Artificial Intelligence:

« Aber: “naturliche Dummbheit” ist die grossere Forecasting, Prevantion,
Bedrohung and Mitigation

« Algorithmische Ethik und erklarbare KI sind in
den letzten Jahren zu einem top Forschungsfeld
geworden — nicht wegen der unkalkulierbaren
Risiken per se, sondern:

Zurich University of Applied Sciences and Arts 20
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Wo7?-> Wohin?

Wohin mag das fahren?
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Grundlagen des disruptiven Potentials (I):

zh
Automatisierung “at Scale” aw

Kil CLOUD COMPUTING

Enorm erweiterte Automatisierungstiefe  Keine Notwendigkeit mehr flr grosse
durch Fortschritt in Mustererkennung Investitionen in (IT-)Infrastruktur, um in
den Markt einzusteigen

Cloud Service Models

Packaged Software
OS & Application Stack End Users
Servers Storage Network Sa a S

| A 7 N .
LEE SEDOL 05 & Application Stack Application
.8 O 0 . 0 1 0 0 Server Storage Network Developers

Server Storage Network Infrastructure &
Network Architects

Zurich University of Applied Sciences and Arts 22
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Grundlagen des disruptiven Potentials (I1): Zh

Entkopplung W

Grosse der ldee #= Grosse des Unternehmens

...KMUs koénnen bauen was auch immer sie mdgen
(gegeben Know-how, Daten und einen interessanten Business Case)

Technologie ist branchenunabhangig

...was neue Kooperationen und Allianzen ermdglicht

Zurich University of Applied Sciences and Arts



Grundlagen des disruptiven Potentials (lll):

Geschwindigkeit

arXiv monthly submission rates [CSV]

12,000

11.000

A3

10,000

U | O
=

8,000

8.000

7.000

8.000

5,000

uoneonsiydos J

4.000
3.000
2,000

1.000

Jan '92 Jan '84 Jan "85 Jan'88 Jan 00 Jan 02 Jan '04 Jan"06 Jan'08 Jan"0 Jan'12 Jan"14 Jan 18

Zurich University of Applied Sciences and Arts
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State of the art
in research

Zurich University
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Durchschnittliche Zeit von Publikation bis Anwendung im Projekt: ca. 3 Monate

—_

1
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-

State of the art in
industrial application
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Aussicht: Disruption Zh
...selbst bei volliger Stagnation des technischen Fortschritts aw

1. Hypothese: Einsatz (aktueller) KI wird sich massiv ausbreiten (Zeitrahmen: 5 Jahre)

* Indikator: Kl-Fortschritt momentan hauptsachlich Industriegetrieben (Gewinnaussicht);
Konsumenten kaufen “bequem?”; diese Incentivierung “halt den Motor am Laufen”

2. Hypothese: Dies wird unsere Gesellschaften umwalzen

« Kernfragen: Wie verteilt sich der algorithmisch (hauptséchlich bei Grosskonzernen) erwirtschaftete
Gewinn? Wie verteilt sich neue Freizeit und Alltagserleichterung?

3. Hypothese: Grosste Frage wird der Umgang miteinander sein (nicht der Umgang mit Kl)

* Argument: KI (etc.) “for the common good” ist ein wichtiges Thema; entscheidend wird jedoch sein, wie
wir als Gesellschaften die Regeln flr das digitalisierte Zusammenleben (s.0.) gestalten

Siehe auch: Stockinger, Braschler & Stadelmann. “Lessons Learned from Challenging Data Science Case Studies”. In: Braschler et al. (Eds), “Applied
Data Science - Lessons Learned for the Data-Driven Business”, Springer, 2019.

Zurich University of Applied Sciences and Arts 25
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Die Vision von Kai-Fu Lee

Venture capitalist & computer scientist aw

CEO

ﬁ M&A Expert

« Kl nimmt uns Routineaufgaben ab —
« ...so dass wir die Berufung der Menschheit leben kdnneh — Liebe (“jobs of compassion”)

—
< Columnist
Radiologist Economist
Customer Support
Scientist
Research Analyst
Security Guards Artist
Tele-sales
Hematologist
Dishwasher Truck driver v
>
“y
/
. -
-
, 2 'l]
2 Kai-Fu Lee. “How Al can save our humanity”. TED Talk, available online: https/youtu.be/ajGgd9Ld-Wc
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Zircher Hochschule
fur Angewandte Wissenschaften

Zusammenfassung Zh

« Paradigmenwechsel durch Deep Learning; wird in normalen Unternehmen angewendet
« Das wirtschaftliche Potential der Technologie wird zu massenhafter Verbreitung fuhren
« Dies wird einen grossen Wandel in unsere Gesellschaften hervorrufen

« Hauptaufgabe: guter Umgang & Dialog miteinander (nicht technologischer Art — Liebe)

7§ Uber mich:
, , «  Prof. Al/ML, scientific director ZHAW digital, board Data+Service
Martin Braschler - Thilo Stadelmann . .
Kurt Stockinger Editors *  Emai: thilo.stadelmann@zhaw.ch
; * Phone: +41 58 934 72 08
A Iled «  Twitter, LinkedIn: @thilo_on_data, thilo-stadelmann
= pp «  Web: https://stdm.github.io/
Data Mehr zum Thema:

« Data+Service Alliance: www.data-service-alliance.ch
« Zusammenarbeit: datalab@zhaw.ch

Science

Lessons Learned for the ) . ) .
Data-Driven Business => Ich freue mich auf die Diskussion und generell Uber Kontakt!

< .H. d a t a l a b o@ Bets. mensive Services §

www. zhaw.ch/datalab
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