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Was ist kunstliche Intelligenz?
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thinking

"The exciting new effort to make
computers think... machines with minds,
in the full and literal sense."
(Haugeland, 1985)

"The study of mental faculties through
the use of computational models."”
(Charniak and McDermott, 1985)

"[The automation of] activities that we
associate with human thinking, activities
such as decision-making, problem solving,

learning..." (Bellman, 1978)

"The study of the computations that
make it possible to perceive, reason,
and act.” (Winston, 1992)

with >

humanly < standard measured by - rationally

"The art of creating machines that
perform functions that require
intelligence when performed by people.”
(Kurzweil, 1990)

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

& concerned

"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
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Was ist passiert?
Der ImageNet Wettbewerb
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1000 Kategorien
1 Mio. Beispiele
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Was ist passiert?
Der ImageNet Wettbewerb

1000 Kategorien
Mio. Beispiele

Error Rate

Zircher Fachhochschule

ger
tiger cat
tabby
boxer

Saint Bernard

A. Krizhevsky verwendet als erster ein
sog. «Deep Neural Network» (CNN)
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1000 Kategorien
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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”

Bildklassifikation
(herkémmlicher
Ansatz)

Bildclassification
(neu: Convolutional
Neural Networks )
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Merkmalsextraktion manuell
definierter Deskriptoren

Vv

(0.2,0.4, ...

Vv

(0.4,0.3, ...)

Rohdaten als Input, wesentliche
Merkmale werden automatisch gelernt

Traditionelles ML Verfahren
(SVM, Neural Network, etc.)
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Tiger

Kontainerschiff

Tiger
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Prinzip Machine Learning
“induktives Uberwachtes Lernen”

Annahme

« Ein an gentgend viele Beispiele
angepasstes Modell...
e ...wird auch auf

unbekannte Daten generalisieren

Methode

Suchen der Parameter einer
gegebenen Funktion...

...s0 dass fur alle Beispiele Eingabe (Bild)
auf Ausgabe («Auto») abgebildet wird
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Large image collection with annotations
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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
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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
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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.
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Al Shelley Pens Truly Creepy Horror
Stories-And You Can Help Nvidia has developed a way of producing
photo-quality, Al-generated human profiles—
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Marktchancen: Machbarkeit vs. Verantwortung
Technologie: Computer Vision mit Deep Learning

Flower Identification
Identify Wild Flowers

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

Zurich University of Applied Sciences and Arts
InIT Institute of Applied Information Technology (stdm)

Zurich University
of Applied Sciences
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Zurich University
of Applied Sciences

Marktchancen: Markterfolg vs. Regulierung
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s IR
..‘.,.g.'.?' s s
S

< &ﬁ o

o woning with Righ: Sut Feelings: The n Rationality: Th
LEarnin g with Unce... ntelligence of the Adaptive Toglbox (Dahl... by
by Gerd Gigerenzer Unconscigus by Gerd G Gigerenzer
i’y (8) £6.49 Gegerenzer £20.95

ELD.27

What Do Customers Ultimately Buy After Viewing This Item?

=7 68 buy

E1B.99

17%a buy
Eeelings: Shor n Makin
E6. T4

9% buy

Influsnce: The Psychology of Persuasion sl (120
E7.09
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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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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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Beispiele aus der angewandten Forschung

...mit lokalen Industriepartnern (KMUs) aw

) Gesichtserkennung fur Stadionzutritt

* Chance: Enormer Fortschritt in den letzten Jahren
» 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 25
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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

* LEE SEDOL
LEALL: | 00:01:00

0S & Application Stack Application
Server Storage Network Developers

O /O
ol Ve
~)

O @ q
L JoL | 1 g
A | h a G O ol i QO Server Storage Network Infrastructure &
p -+ [ ] Network Architects
Google DeepMind v _ [
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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 und einen interessanten Business Case)

Technologie ist branchenunabhangig

...was neue Kooperationen und Allianzen ermdglicht

Zurich University of Applied Sciences and Arts
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Grundlagen des disruptiven Potentials (Il): Zh
Geschwindigkeit aw

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

arXiv monthly submission rates [CSV]

Zurich University of Applied Sciences and Arts 28
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Grundlagen des disruptiven Potentials (llI):

Geschwindigkeit

arXiv monthly submission rates [CSV]
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State of the art
in research

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

—_

1
deb uoneaouul

-

State of the art in
industrial application
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Wo7?-> Wohin?

Wohin mag das fahren?
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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 hauptséachlich 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 (to appear).

Zurich University of Applied Sciences and Arts 31
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Die Vision von Ray Kurzweil Zh

Google, Inc.

The singularity is near
« Superintelligence will enhance
human life

“By the time we get to the 2040s, we'll be able to multiply human
intelligence a billionfold. That will be a profound change that's

LS singular in nature. Computers are going to keep getting smaller
NEAR and smaller. Ultimately, they will go inside our bodies and brains
RAY and make us healthier, make us smarter.”
.KURZWEIL Ray Kurzweil intelligent(Q®

Zurich University of Applied Sciences and Arts 32
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Die Vision von Yuval Noah Harari

Hebrew University of Jerusalem aw

Humans can become godlike

« Humans will upgrade themselves in 3 ways: biological engineering,
cyborg engineering and robots

« A new class of people will emerge by 2050: the useless class (not i
just unemployed, but unemployable)

* The most important skill in life will be learning to learn: reinvent
yourself, again and again until you die to stay out of the useless class

« Computers function very differently from humans, and it seems
unlikely that computers will become human-like any time soon;
however, intelligence is decoupling from consciousness

« Al and biotechnology lead to most powerful narratives that enable
humans to collaborate more effectively and actually change reality

Zurich University of Applied Sciences and Arts 33
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Die Vision von Gene Roddenberry

Creator of Star Trek

»he acquisition of wealth is
no longer a driving force in
our lives. We work to better
ourselves and the rest of
humanity.*”

Captain Jean-Luc Picard

Compare Richard David Precht's
Jager, Hirten, Kritiker: Eine Utopie
fur die digitale Gesellschatt.

Precht

GOLDMANN

Zurich University of Applied Sciences and Arts
InIT Institute of Applied Information Technology (stdm)
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zh
aw

"Star Trek speaks to some basic human needs:
that there is a tomorrow — it's not all going
to be over with a big flash and a bomb;
that the human race is improving;
that we have things to be proud of as humans.
‘No, ancient astronauts did not build
the pyramids — human beings built them,
because they're clever and
they work hard.

And Star Trek is about those things."

-Gene Roddenberry
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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 '
>
ey,
« Vergleiche: X .
“And ye shall hear of wars and rumours efgwars: see taat ye b fﬂm CMatthew 24, 6

“A new commandment | give unto you, that ye love one anothe"r:j"qijh 13,34
“But rather seek ye the kingdom of God; and all tHéS(ﬂthings shall be added unto you.” Luke 12, 31

Kai-Fu Lee. “How Al can save our humanity”. TED Talk, available online: http:s':“//ybutu.be/angd9Ld-Wc

Zurich University of Applied Sciences and Arts
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Zircher Hochschule
fur Angewandte Wissenschaften

Zusammenfassung Zh

* 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)

Uber mich:
y , «  Prof. Al/ML, scientific director ZHAW digital, head ZHAW Datalab, board Data+Service
Martin Braschler - Thilo Stadelmann .
Kurt Stockinger Editors » thilo.stadelmann@zhaw.ch
e +4158934 7208
A I i ed - @thilo_on_data
pp *  https://stdm.qgithub.io/
Data Weitere Kontakte:

« 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 Diksussion und generell Kontakt.

- .H. d a t a l a b Bets. mensive Services i

www. zhaw.ch/datalab
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ANHANG
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Pragmatisches Designparadigma: Zh
Rationale Agenten aw

Agents

* an entity that perceives and acts
« afunction from percept histories to actions f: P> A

Rational agents

* For any given class of environn
with the best performance

ek the agent (or clj

Caveat

« Computational limitations make perfect rationality unachievable



Ein Modell ftr generelle Ki

Inspired by E. Mogenet @ Zurich ML Meetup #31

Al Knowledge engineering (symbolic):
| Ontologies
* | Logical inference

Machine Learning (sub-symbolic):

T Hierarchical unsupervised learning
» T Solid computer vision stack

* TImages of the world

Zircher Fachhochschule

Anything
"

AbstractObjects

Sets  Numbers RepreseniationalObjects  Interval

Categories Sentences Measurements Moments

Times  Weights

hidden layer 3

2

hidden layer 1 hidden layer

input layer

Zircher Hochschule
fur Angewandte Wissenschaften

—
GeneralizedEvents

—
—
Places  PhysicalObjects  Processes
Things Stuff

Animals Agents  Solid Liquid Gas

Humans

39



Was kann Kl bereits heute?

HOoO~NOoOOR~WNE

e el
WN RO

Play a decent game of table tennis

Drive safely along a curving mountain road

Drive safely along Technikumstrasse Winterthur

Buy a week's worth of groceries on the web

Buy a week's worth of groceries at Migros

Play a decent game of bridge

Discover and prove a new mathematical theorem

Design and execute a research program in molecular biology
Write an intentionally funny story

. Give competent legal advice in a specialized area of law

. Translate spoken English into spoken Swedish in real time
. Converse successfully with another person for an hour

. Perform a complex surgical operation

14.
15.
16.
17.

Unload any dishwasher and put everything away
Compete in the game show Jeopardy!

Write clickbait articles fully automatized

Write mathematical articles fully automatized

Zircher Fachhochschule

hhhhhhhhhhhhhhhh

(only since recently)

WHEN A USER TAKES A PHOTO,
no THE APP SHOULD CHECK WHETHER
THEY'RE IN A NATIONAL PARK....
SURE, ERSY GIS LOOKUP
not complet GMHFE””W-
+ AND CHECK UHETHER
not complef - THE PHOTO IS OF A BIRD.
no ILLNEUHRESEHRCH
TEAM AND FNEYEﬁRS.
no
not complet
no

IN CS, IT CAN BE HARD TO EXPLAIN
THE DIFFERENCE BETWEEN THE EASY
AND THE VIRTUALLY IMPOSSIBLE.

not completely

40



Gefahren durch KI?

» Kl ist per Definition eine “dual use Technology”
- siehe Report von Brundage et al., 2018

« Aber: “natlirliche Dummbheit” ist die grossere
Bedrohung

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

Zurcher Fachhochschule

Zircher Hochschule
fur Angewandte Wissenschaften
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The Malicious Use

of Artificial Intelligence:
Forecasting, Prevention,
and Mitigation

41
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Developing for algorithmic fairness Ry:NWA Y IR Zh

The FAT ML code of conduct aw

See http://lwww.fatml.org/resources/principles-for-accountable-algorithms

Purpose

* Help developers to build algorithmic systems in publicly accountable ways

« Accountability: the obligation to report, explain, or justify algorithmic decision-making & mitigate any
negative social impacts or potential harms

Premise
A human ultimately responsible for decisions made/informed by an algorithm

Principles
* Responsibility, Explainability, Accuracy, Auditability, Fairness

Make available somebody | Explain any algorithmic | |Report all sources Enable 3 parties to probe| | Ensure algorithmic decisions
who will take care of adverse|  decision in non-technical| |of uncertainty / error| | & understand system are not discriminatory w.r.t.
individual / societal effects terms to end users in algorithms & data | |behavior to people groups

Making it actionable

» Publish a Social Impact Statement

» ...use above principles as a guiding structure

« ...revisit three times during development process: design stage, pre-launch, post-launch

Zircher Fachhochschule 22
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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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Suche der Parameter einer Funktion?

Wahrscheinlichkeit [%] fur bestimmtes Ergebnis

zh
 Welrscheinichcek | aw

100

« Unser Neuronales Netz: f, (x) = v
mit Bild x, echtem Resultat y und 20

(W = {w;,w,, ... } anfangs zuféllig gewahlt) 0
1 N 60
Fehlermass: (1) == i (fir () —

90

T

Vi)? 50
hen Abweichungen 40
30

Durchschnitt der quad
Uber alle Bilder (Loss)

20

10

0

N
1
W) =5 () = 7
i=1

Auto Fahrrad Katze Blume

—

€ Fehlerlandschaft

Durchschnitt (Uber I

alle Beispiele) Bestraft grosse Fehler

uberproportional
starker

Methode: Anpassung der Gewichte
von f in Richtung der steilsten
Steigung (abwarts) von J

Zurcher Fachhochschule
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Was «sieht» das Neuronale Netz? Zh

Hierarchien komplexer werdender Merkmale

Edges (layer ccnv2d0) Textures (layer mixed3a) Patterns (layer mixed4a) Parts (layers mixeddb & mixed4c) Objects (layers mixed4d & mixed4e)

Quellen: https://www.pinterest.com/explore/artificial-neural-network/

Olah, et al., "Feature Visualization", Distill, 2017, https://distill.pub/2017/feature-visualization/.
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Wie schlussfolgert die Maschine?
«Debugging» fur Einblicke in die vermeintliche «Black Box»

zh
aw

Verdeutlichen ein Problem:
* Adversarial Examples

(a) Image from dataset (b) Clean image (c) Adv. image, € = 4 (d) Adv. image, € = 8

https://blog.openai.com/adversarial-example-research/

Bieten eine LOsung: Mask Overlay 0.610 => 0.351 0.610 => 0.015
« Saliency Maps

chocolate sauce

Ruth C. Fong & Andrea Vedaldi, «Interpretable Explanations of Black Boxes by Meaningful Perturbation», 2017

Zurcher Fachhochschule 6
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Trace & detect adversarial attacks
...using average local spatial entropy of feature response maps

Original  Adversarial ~ Original  Adversarial

Image:

Feature response:

Local spatial entropy:

Amirian, Schwenker & Stadelmann (2018). «Trace and Detect Adversarial Attacks on CNNs using Feature Response Maps». ANNPR’2018.

Zurcher Fachhochschule 47



Google Acquires Artificial Intelligence Startup|:..-. ..

DeepMind For More Than $500M zh
Cather Shu (@catherineshu aw

1000 - AlphaGo Zero surpasses all other versions of AlphaGo

and, arguably, becomes the best Go player in the world.
It does this entirely from self-play, with no human
intervention and using no historical data.

NATIONAL WEEKLY JOURNAL OF SCIENCE

Elo Rating

|

20

25

30

15 35

=== AlphaGo Zero 40 blocks  ssss AlphaGo lLee  sesee AlphaGo Master

ast—a computer program that
can beat a champion Go player PAGE484

ALL SYSTEMS GO

CONSERVATION RESEARCH ETHICS POPULAR SCIENCE D NATURE.COM/NATURE

SONGBIRDS SAFEGUARD WHEN GENES
T (0)'¢ G H’

Google will bu

reports that tt

in talks to buy
couldn’t disclose deal terms.

The acquisition was originally confirmed by Google to Re/code. H”W\IIWI
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Deep neuralnetworks can now transférthe style of * h
~_ one photo onto another Z

4 And the results are impressive

T“éﬂhnré—' a TH

Reviev

by James Vincant | @jvincent | Mar 20, 2017, 1:53pm EDT

f soaRe | wp THET | i nceony

Computing

Algorith
Artistic.
OtherIn

Adeepneuraln
otherimages.

Google

by Emerging Tect

The nature of arti
of Vincent Van C
Edvard Munch’s

humans recogni:

<]~

Original photo Reference photo Result

You've probably heard of an Al technique known as “style transfer” — or, if you haven't heard

of it, you've seen it. The process uses neural networks to apply the look and feel of one

image o another, and appears in apps like Prisma and Facebook. These style transfers,

however, are siylistic. not photorealistic. They look good because they look like they've been

painted. Now a group of researchers from Comell Umversny and Adobe have augmented N[]W TRENI]INB

_ )
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Kunstliche Intelligenz
Zlrcher Hochschule
fir Angewandte Wissenschaften

WaVENet I.a‘f‘ni;t’r:.nm“. tavanvanlh A matiivlialh Llimaarn

von Henning Steier - 12.9.201  what if you could imitate a fameous celebrity's voice or sing like 3 famous singer? This project started with a goal to convert
someone’s voice to a specific target voice. So called, it's voice style transfer. We worked on this project that aims to conwvert

Die Google-Tochter DeepN someone’s voice to a famous English actress Kate Winslet's voice. We implemented a deep neural networks to achieve that aw

macht auch Musik. and more than 2 hours of audio book sentences read by Kate Winslet are used as a dataset.

f ¥ ¥ in &

nerierte Sprache
Is Texteingabe»

Model Architecture nerierte Musik
Ine Inhaltsvorgabe»

This is a many-to-one voice comnversion system. The main significance of this work is that we could generate a target speaker’s
utterances without parallel data like <source's wav, target’s wav>, <wav, text> or <wav, phone>, but only waveforms of the
target speaker. (To make these parallel datasets needs a lot of effort.) All we need in this project is a number of waveforms of
the target speaker's utterances and only a small set of <wav, phone > pairs from a number of anonymous speakers,

DeepMind lasst WaveNet Spra

. _ » Net1: phoname I Net2: speech . .
Die Google-Tochter Deej ’ classifier ' synthesizer

Spiel «Go» Schlagzeilen:

einen der besten mensch W

Londoner Unternehmen A's Waveforms Speech Recognition Speech Synthesis B's Wavelorms
erzeugt Sprache, die sehi Train1 w small paralel dataset
im Blogeintrag des Untel Train2 w large non-paraliel dataset 1 Second
Massstab nimmt. Man hs I
“My name is Awin!” My name is Avinl®
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| Original  Adversarial
Zlircher Hochschule

- - oh
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' s . 3

1. ML @ Information Engineering Group

Institute of Applied Information Technology, School of Engineering

Robust Deep
Learning

Voice
Recognition

Document
Analysis

Pattern Recognition

Learning to
Learn & Control

I\:}I&achine Iearning-based
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1. Face matching

Zircher Fachhochschule

GEMINIL
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[!1DEEPIMPACT
Schweizerische Eidgenossenschafl
Confédération su

Canfederaziene Svizzera
Confederaziun svizia

Swiss Confederation

Innosuisse - Swiss Innovation Agency
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1. Face matching — challenges & solutions

ID
Detection &
classification

[ DL ENSEMBLE ]

Zircher Hochschule
fur Angewandte Wissenschaften
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Schweizerische Eidgenossenschafl
Cantederazione Svizzara
Confederaziun svizig

Swiss Confederation

Innosulsse - Swiss Innovation Agency

A

Error @
Handling

User Replay
Action Attack
Prediction > Detection
B -
R § e [ CNN + FCNN ] [ DL ENSEMBLE ]
Asian Indian East Asian Caucasian African American
Image Face Face
Orientation Detection Matching
Detection > >
[ DL ENSEMBLE ] [ MTCNN ] [ CNN + FCNN ]
L A

Stadelmann, Amirian, Arabaci, Arnold, Duivesteijn, Elezi,
Geiger, Lorwald, Meier, Rombach & Tuggener (2018).

«Deep Learning in the Wild». ANNPR’2018.

Zurcher Fachhochschule

Image
Quality
Measure

[ analytics + CNN + FCNN ]

53



Zircher Hochschule
fur Angewandte Wissenschaften

2. Print media monitoring Zh

aw

Task Challenge Nuisance  ARGUS DATA INSIGHTS

International.

Schweizerische Eidgenossenschafl
Cantederazione Svizzara
Confederaziun svizia

Fu a

— Spionage fiir den Erzfeind Iran

Jsreefscher Ex-Mirister arbsitete als Agent fir die Mullahs. Jatzt droft ihm lebenséinglich
Swiss Confederation

Innosulsse - Swiss Innovation Agency

Sind Sie der nachste
Lotto-Konig?

Wassermann  Fische
P 02-203

Sein. Steven Zuber

«Stevenhat |
sich alles selber

Stier 2willinge Krebs
24-205 n5-216 2621

bei ebracht )) DEN-RETSEL ‘GESAMTWERT: 5000 FRANKEN.

ochenpreis: | x sieben Nichte fir 2 Personen, inkl. HP, im
Hiter e Zuber-autergegenBrasien . 7 ¥ *++xSpehotel Pilatus Hergiswil im Wert von 3000 Franke
Der Tostaler trainierte einst beim 4 frrtes SCEE[EEREFT ECE

FC Kollbrunn-Rikon Kiein-Steven.

o I

- Wi vann
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2. Print media monitoring — ML solution Zh
aw

Schweizerische Eidgenossenschalt
Corféderation suisse

Canfederaziene Svizzera

Confederaziun svizia
Swiss Confederation

Innasuisse - Swiss Innovation Agency

upscale

Output

element-wise sum and
transposed conv.

S b "“- = “"- / transposed conv.
Bh R &.
(=" Ifllﬁ/

element-wise sum and
transposed conv.

Meier, Stadelmann, Stampfli, Arnold & Cieliebak (2017). «Fully Convolutional Neural Networks for Newspaper Article Segmentation». ICDAR’2017.
Stadelmann, Tolkachev, Sick, Stampfli & Dirr (2018). «Beyond ImageNet - Deep Learning in Industrial Practice». In: Braschler et al., «Applied Data Science», Springer.

A L
A element-wise sum and L
transposed conv.
D Convolution + Batch Normalisation + RelLU D Transposed Convolution + RelLu D Max-Pooling

D Upscaling by factor 2 D Sigmoid
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3. Industrial quality control

Task
» Reliably sort out faulty balloon catheters in image-based production quality control

Innosulsse - Swiss Innovation Agency

4
Lk sl

Challenges
* Non-natural image source, class imbalance, optical conditions, variation in defect size & shape
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3. Industrial quality control — baseline results
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Schweizerische Eidgenossenschafl
Cantederazione Svizzara
Confederaziun svizig

Ingredients

« Weighted loss

» Defect cropping

« Careful customization

Swiss Confederation

Innosulsse - Swiss Innovation Agency

Interim results

. : Training image
J:‘::J:;Il?oﬁpf::rczlz;;iég« ;r:fe;ig?,:s)e) Target label Defect Defct Defect Defect
o141 —— Training (patch size=64 & area=0.987)
~ Validation (patch size=64 & area=0.995)
—— Training (patch size=128 & area=0.981)
o21 .. Validation (patch size=128 & area=0.995)
—— Training (patch size=256 & area=0.965)
- Validation (patch size=256 & area=0.986)

0 Feature response
00 0.2 0.4 0.6 0.8 10

Recall Predicted probability 0.261 0.999 0.998 1.00

Precision
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3. Industrial quality control — recent results
(Work in progress)

* Human performance isn’t flawless

« Tailoring pays off

« Data shortage may be outsmarted

Accuracy

1.01

@

0.990 //‘

0.970
0.950
0.930
0.910
0.890

0.000 10.00k 20.00k 30.00k 40.00k 50.00k

s
LdJ

£

Name
QualitAl_VGG19_Full_Pretrained\train
QualitAl_VGG19_Full_Pretrained\validation
QualitAl_VGG19_Full_Random\train
QualitAl_VGG19_Full_Random\validation
QualitAl_VGG19/Half\}¥ain
QualitAl_VGG19_Half\yalidation
QualitAl_VGG19_Quarteri{rain
QualitAl_VGG18_Quarteryvalidation

Smoothed
0.9996
0.9776
0.9841
0.9798
0.9827
0.9792
0.9817
0.9791

Value

0.9996
0.9783
0.9841
0.9798
0.9835
0.9798
0.9823
0.9806

Defect

Good

Confederasiun svizia
Swiss Confederation

Innosuisse - Swiss Innovation Agency

Schweizerische Eidgenossenschalt
Corféderation suisse
Canfederazione Suizzara

Figure 2: Samples of failure cases in classification. The shown defect samples in the table are not
recognized as a defects, and the good images are misclassified as defects.

Time

Tue Jan 22, 02:32:13
Tue Jan 22, 02:32:24
Thu Jan 24, 19:28:02

Thu Jan 24, 19:28:14
Thu Jan 24, 13:01:47
Thu Jan 24, 13:01:54
Thu Jan 24, 10:53:52
Thu Jan 24, 10:53:56

Relative
8h 30m 56s
8h 30m 56s
10h 29m 2s
10h 29m 2s
4h9m 12s
4h9m 11s
2h17m 21s
2h17m 21s




4. Music scanning
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s=\

g="UTF-8"
SYSTEM *http/

musioxm.org/dids/p:

ancading
Software> MuseScore 1.3 </sol
20191316 enceding-cate

<encoding-d:

ilimsters:> 7.056 < /milimeters.
anths > 40 </t

ustify="cantar font

cred walign="tog" justify="right" fant
Schubart</cradit-word:

5n="bottom" “canter” fant-s

o Farelle (M

part m)\ut;uk- start” number="1"

race </group-symbol>

Die Forelle - Franz Schubert

o
- le, da  schoB
6

E )

¥

i/ [ musescore.com/score/S02006< /sources

¥="1626.98" default-x="595.238" = Die

24" default-
="1557.22° defaull-x="1133.79"> Franz

12° defauit-y

="8" defaul
0 http:/ /v Musoscone.

Zircher Hochschule
fir Angewandte Wissenschaften

zh
aw

FSCOREPADQ

Schweizerische Eidgenossenschafl
Cantederazione Svizzara
Confederaziun svizig

Swiss Confederation

Innosuisse - Swiss Innovation Agency

59



Zircher Hochschule
fur Angewandte Wissenschaften

4. Music scanning — challenges & solutions 4
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........................................................................ Energy map M*:
VN*M*#energy_IeveIs

:  Class map M
T N*M*#classes

T tiny numbers are class labels from the
typical DeepScores input we process at once.

= =

Refine-Net |—

- BBOX map M®:
Output Featuremaps N*M*2
N*M*256

= 1x1 convolution

It from MUSCIMA++ with detecte
 a typical proce: el L \um 4+ inpat. The

stem is roughly
pts with rmany symbols

Tuggener, Elezi, Schmidhuber, Pelillo & Stadelmann (2018). «DeepScores — A Dataset for Segmentation, Detection and Classification of Tiny Objects». ICPR’2018.
Tuggener, Elezi, Schmidhuber & Stadelmann (2018). «Deep Watershed Detector for Music Object Recognition». ISMIR’2018.
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4. Music scanning — industrialization Zh

Recent results on class imbalance and robustness challenges [ESCOREPADS]
1. Added sophisticated data augmentation in every page’s margins L

ﬁ%ﬁéﬁ% i

2. Put additional effort (and compute) into hyperparameter tuning and longer training
3. Trained also on scanned (more real-worldish) scores

TR N B
|

__——E_

£y
cTo
-
i
Lhe 2 (.
f“
I
e

?9&;{{{.,,(,(.’?!‘?.‘U_L:’ ere

= Improved our mAP from 16% (on purely synthetic data) to 73% on more challenging real-world data set
(additionally, using Pacha et al.’s evaluation method as a 2" benchmark: from 24.8% to 47.5%)

Elezi, Tuggener, Pelillo & Stadelmann (2018). «DeepScores and Deep Watershed Detection: current state and open issues». WoRMS @ ISMIR’2018.
Pacha, Hajic, Calvo-Zaragoza (2018). «A Baseline for General Music Object Detection with Deep Learning». Appl. Sci. 2018, 8, 1488, MDPI.
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The vision of Jesus Christ Zh
“And ye shall hear of wars and rumours of wars: see that

ye be not troubled.”
Matthew 24, 6

“A new commandment | give unto you, that
ye love one another.”
John 13, 34

“But rather seek ye the kingdom of God [things above];
and all these things shall be added unto you.”
Luke 12, 31 [Colossians 3, 2]

Zurcher Fachhochschule

62



