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Viele Begriffe, ein Trend: Digitalisierung
Schlagwadrter und inhaltliche Treiber
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Was ist Data Science? Zh

4 Natural Language

Feature Processing
Ermoglicht Data Products Engineering .
. Information
=» Angewandte Wissenschaft . Artificial Retrieval :
T Scientific  Statistics Big Data
= Interdisziplinar Method Intelligence Data
- _ Warehousing

Data Science := “Unique blend of Simulation Analytlcs Predictive Databases
skills from analytics, Modeling D M
engineering & communication Data & Text : : ata anagement
aiming at generating value from Mini Machine Learning
the data itself [..]” illne, SIS Business

(ZHAW Datalab¥*) Intelligence

Scientifjc

Programming Mindset curious
Complexity & creatWe
Data Scientist -

pbusiness-
thinking

Technology Pragmatjc

Visualization

Cloud / Distributed Art & Design

Systems

Impartation Communication
Privacy & Security :
Data Product Design

ICT Infrastructure Ethics &
vales  ENntrepreneurship

Law

Service Engineering ~ Domain
Knowledge

Zurcher Fachhochschule

*) Stadelmann, Stockinger, Braschler, Cieliebak, Baudinot, Dirr and Ruckstuhl (2013). Applied Data Science in Europe . ECSS 2013, Amsterdam.
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Der Stand der Forschung Zh
Durchbriche allein im Bereich Deep Learning auf Big Data aw

Die letzten 18 Monate lieferten eine beeindruckende Liste bedeutsamer
Durchbriche in der Automatisierung wahrnehmungsbezogener Aufgaben.

=» siehe die nachsten 2 Folien (weitere im Anhang)
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Elo Rating

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.

AIphaG 18.10.2017

Google DeepMind
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InIT Institute of Applied Information Technology (stdm)
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...und viele weitere! Zh

° Brandon Amos  About  Blog Q) ¥ T X Andrej Karpathy blog [ —— aw

Image Completion with Deep Learning in TensorFlow ma%"]ﬁfgasmable Effectiveness of Recurrent Neural

August g, 2016
0 o May 21, 2015

n n n a n ‘There's sametring magical about Recurmen Neural Networis (RNNs). | st remember when | Fained my frat the moming paper

recurTent netwar for Imags Captining. Win 3 few dazen minviss of raining my rst baty modsl (Wit rater
artitrariy-onosen Myparparameters) staried to ganerate vary nio: looking deseripbons of Images Thatwers an e dge
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+ Bul ere does statistics fit in” These are images. FODUEITES ATy TS, 30 S M MAgea DUDUS I 0 WAy Of I APRIL 21, 2016
+ So how can we complete images? atmagic wiln you.

Step 2: Quickly generating fake images
+ Learning to generate new samples from an unknown probability distribution
+ [ML-Heavy] Generative Adversarial Net (GAN) building blocks

For today’s post, I've drawn material not just from one paper, but from

¢ Using G[::}_to pm.duce fake mages Sy e way, togsther Wit # post | am alsa rslessing cods on GHNUD st alows You 10 Fran character-bevel Ianguage five! The subject matter is ‘word2vec’ — the work of Mikelov et al. at Google
+ [ML-Heavy] Training DCGANNS et ayer LSTMs. You give It ‘aftextand i will lsam 10 generate faxt Moz Hane o 5 5
chorantor 2.2 Bme. You can Beowse L [ — on efficient vector representations of words (and what you can do with

o [ML-Heavy] FRRNNE anyway? them). The papers are:
+ Punning DCG
« Step 3: Finding the| Recurrent Neural Networks Efficient Estimation of Word Representations in Vector
Sequencss. Do your Bacground wondering: What Recurrent Mty special? A Space — Mikolov et al. 2013

glaring Bmitaion of \anila Newral Natwarks {and @iso Canvaiutianal Networics) IS 1hal ieir AP I 100 constrained: they
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. Representations — Mikolov et al. 201,
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wordzvec Parameter Learning Explained — Rong 2014

Why, Salisbury must find his flesh and thought
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wordzvec Explained: Deriving Mikolov et al’s Negative
Sampling Word-Embedding Method — Goldberg and Levy 2014

To show the reining of the raven and the wars

To grace my hand reproach within, and not a fair are hand, From the first of these papers (‘Efficient estimation...”) we get a description

That Caesar and my goodly father's world; of the Continuous Bag-of-Words and Continuous Skip-gram models for

learning word vectors (well talk about what a word vector isin a

moment...). From the second paper we get more illustrations of the power

We spare with hours, but cut thy council I am great, of word vectors, some additional information on optimisations for the skip-

completion.tensorflors. Murdered and by thy master’s ready there gram model (hierarchical softmax and negative sampling), and a discussion
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...und viele weitere!
° Brandon Amos

Image Completion with Deep Learning in TensorFlow
August g, 2016
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Introduction
Step 1: Interpreting images as samples from a probability distribution
+ How would you fill in the missing information?
+ But where does statistics fit in? These are images.
+ So how can we complete images?
Step 2: Quickly generating fake image:
+ Learning to generate new samples from an unknown probability distribution
[ML-Heavy] Generative Adversarial Net (GAN) building blocks
Using (=) to produce fake images

QO ¥ T A

ADuA Hamkers gadetoNeul Netwahs

Andrej Karpathy hlog

The Unreasonable Effectiveness of Recurrent Neural
Networks

Nvidia Al Generates Fake Faces
Based On Real Gelehs

Existing
[ML-Heavy]

Fonning DCQ BY STEPHANIE MLOT 10.31.2017 = 10:00AM EST
= Step 3: Finding the
+ Image compl e -~ g f Y in (P @
» [ML-Heav 2. \ SHARES

Conclusion
Partial bibliography g
Bomus: Incomplete|

Introduction

Content-aware fill iz a pd
completion and inpaintir
do content-aware fill, im
“Semantic Image Inpaind
shaws how to use deep
some deeper portions fo
section can be skipped if
from images of faces. I
completion. tensorflow.

‘Well approach image cox

1. Well first interpret
2, This interpretation|
3. Then welll 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
Frishtening Hall Paskon: i
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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 Mikelov 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

wordzvec Parameter Learning Explained — Rong 2014
wordzvec 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 (well 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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ZHAW Datalab: Est. 2013 Zhl t

AWEH

Forerunner
* One of the first interdisciplinary data science initiatives in Europe
* One of the first interdisciplinary centers at ZHAW

Technology

Foundation

* People: ca. 70 researchers from 5 institutes / 3 departments opted in

» Vision: Nationally leading and internationally recognized center of excellence
» Mission: Generate projects through critical mass and mutual relationships

« Competency: Data product design with structured and unstructured data

databases

Success factors
* Lean organization and operation - geared towards projects
» Years of successful pre-Datalab collaboration

=,
Zurich University of Applied Sciences an
InIT Institute of Applied Information Tech W (stdm)
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Unsere Rolle als Forscher an Fachhochschulen Zh
Innovation in Zeiten der Digitalisierung - siehe konferenz Digitale Schweiz : -:> - aw

3 Arten von betrieblicher Innovation in der Digitalisierung

) I ..
Vorhandenes einsetzen Vorhandenes rekombinieren I techn. Voraussetzungen schaffen

Produkte am Markt,
Know=how breit bekannt
(z.B. Prozessumterstutzung
durch IT)

Produkte oder Technologie am Mark Basistechnologien vorhanden,
Know-how neu Fall nie umgesetzt,
(z.B. Geschaftsmodell-Innovatio Ubertragbarkeit denkbar
durch Kombination Hardware & (z.B. Algorithmen fur
Service) Automatisierung
von Mustererkennungsaufgabe)

ajansuoneAouU|

¥ ¥

Firma braucht: Wille " Firma braucht: Beratung . Firma braucht: Entwick
Forschung: - Forschung: Transfer Forschung: aF&E v

Ziircher Fachhochschule 12
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Parallelitat von Grundlagen- und aF&E
Innovation in Zeiten der Digitalisierung, contd.
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Use case Projektlaufzeit

Produkt

ajansbunyds.io4

—_————__———

Zeitraum zwischen
7 Publikation neuer

Grundlagen und
Anwendung in Produkt:
~3 Monate

Forschungs-
Grundlagen

Impact auf
Grundlagen

\4

Ziircher Fachhochschule 13
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Angewandte F&E im ZHAW Datalab

Drei Beispiele

* Produktionsautomatisierung fur KMU mit Deep Neural Networks
* Intuitive Suche in Datenbanken fr Bioinformatiker mit Big Data Technologie

 Behandlungsplanung fur Aneurysmen mit Maschinellem Lernen

* (zwei weitere: siehe Anhang)




P

SUS© PANOPTES — Automated Article Segmentation Zh 25
PREDIA BASED INTELLIGENCE of Newspaper Pages for "Real Time Print Media Monitoring“ datalab

M. Cieliebak & T. Stadelmann, ZHAW

www. zhaw. ch/datalab

Overview Most Successful Approach [3]
( Partners \ [ The Project \

upscale

Who are we What do we do Output
ARGUS der Presse AG Goal CEE RO EER)
* Switzerland's leading media monitoring and * Real Time Print Media Monitoring transposed conv.
information provider *  Extraction of relevant articles from

* Experience of more than 100 years newspaper pages

« Deliveringarticles to customers

ZHAW Datalab

« Interdisciplinary research group at Zurich Problem
University of Applied Sciences  Fully automated article segmentation
« Combining the knowledge of different fields * lIdentification of article elements (e.g. title,

\related to machine learning j \subtitle, etc.) j

transposed con. ‘
element-wise sum and
transposed conv.

element-wise sum and
transposed conv.

[ convolution + Batch Normalisation + ReLU [ transposed Convolution + ReLu [ Max-Pooling

[ upscaling by factor 2 & sigmoid

Combination

Combination of rules, visual and textual features

Final segmentation

[1] D. C. Ciresan, A. Giusti, L. M. Gambardella, and J. Schmidhuber. Deep neural networks segment neuronal membranes in electron microscopy images. In NIPS, pages 2852-2860, 2012.
[2] T. Mikolov, K. Chen, G. Corrado, and J. Dean. Efficient Estii ion of Word Repi in Vector Space. In Proceedings of Workshop at /CLR, 2013.
[3] B. Meyer, T. Stadelmann, J. Stampfli, M. Arnold, M. Cieliebak. Fully Convolutional Neural Networks for paper Article ion.In Pre dings of ICDAR, Kyoto, Japan, 2018.

This project was funded by CTI under project number 17719.1 PFES-ES
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Bio-SODA: Enabling Complex, Semantic Queries to Zh
Bioinformatics Databases through Intuitive Searching over Data aw

Intuitive exploration

v without knowing SPARQL, SQL, etc
v without knowing database schemas
v large datasets

Impact
» large bioinformatics user bases
» future federation of life sciences

Meta Data Graph

Rank Level GeneName SpeciesName

Lead: Kurt Stockinger, ZHAW

|<decima|>|| <string> | I <string> ’ ’ <string> |

Big Data EI}:’IE """"""""""""""""""""""""""""""""" 7 e

@ Nationales Forschungsprogramm FONDS NATIONAL SUISSE o Base Data RDF Data Model RDF Schema Extraction

SCHWEIZERISCHER NATIONALFONDS
H : : :
FONDO NAZIONALE SVIZZERO EXDY:;SIO" Rank Level| | GenelD | GeneName Spl:;les 5'::;::5

Swiss NATIONAL SCIENCE FOUNDATION I commonName
323 i215.89 high|| 100 CG7741 1 Human

a . G
/ taxid:0606 [{SPecies| wNT1 Human | | ST TR TR : =

324 32133 high|| 101 wg
h NCBITaxonomylD isOr‘tholog[ T, 102 !
is_a taxid:7227 «INSPecies [ wNTG_DROME ExpressioniD __ GenelD GenelD | SgeuesID

Swiss Institute of

UNIL | Université de Lausanne Bioinformatics lcommonName 322 100 102 1
323 101 100 2
320 102
| I
OMA Bgee

Zircher Fachhochschule 16
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AneuX: Ist die Form signifikant fir die Gefahrdung eines

zh
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Aneurysmas?
Aneurysm im Isoliertes Aneurysma Zellen der Modell der
Rontgenbild (XA) Zur Formanalyse Gefasswand Gefasswand Webtool fir statistische Analyse
2ge : GREATER 3 0 2255 n
<+ New Matching Criteria M Update Matches / Graphs
Dataset
Groups
Matching of the Groups = © Download matchedids as csv
W
Sunburst diagram
=y -

SystemsX.ch funding: 2M CHF, Begutachtung SNSF

* Morphologische Analyse von Aneurysmen mit Machine Learning

« Biologisch motiviertes Simulationsmodell flr Zellwandveranderung
« Aufbau eines Krankheitsmodells fur die Behandlungsplanung

« Aufbau einer Datenbank von Aneurysmen

« Erstellung von Werkzeuge zur Analyse der klinischen Daten und Bilddaten

dataset. g0 = groupd, g1 = group’, mgd = matches group 0, ne

Partner (Co-Antragsteller Sven Hirsch, ZHAW):

\/ 2 S\ ’ e ’ /
S3O8 G W @R JT

Hépitaux Univarsitait:;;e Geneéve F DAT/ e '
12024 CUNPATON. ETH Ziirich

NN . ey se
Zircher Fachhochschule AneuX Un IverSItat @]bm m @ Swiss Neuro 17

Shape as Biomarker Zi:l richUZH Foundation

for Aneurysm Disease



Zircher Hochschule
fir Angewandte Wissenschaften

Schlussfolgerungen Zh

Welche Rahmenbedingungen bendtigen wir, um erfolgreich zu
bleiben?

Drei Thesen
« Digitale Innovationen laufen in extrem kurzen Zyklen ab MODERN DATA SCIENTIST

Data Scientist, the sexiest job of the 21th century, requires a mixture of multidisciplinary skills ranging from an
intersection of mathematics, statistics, computer science, communication and business. Finding a data scientist is

« Einfachere digitale Innovationen bestehen in der
neuartigen Kombination von vorhandenen Technologien MATH PROGRAMMING
mit einem geeigneten Prozess- und Businessmodell & STATISTICS & DATABASE

vz Machine leaming
v Statistical modeling

« Komplexere digitale Innovationen verlangen eine 2 o sy

N _— N v Bayesian inference
Gleichzeitigkeit von Grundlagenforschung, angewandter st i esane ,
Forschung und Umsetzung IS —

v Optimization- gradient descent and ?r Hadoop and Hive/Pig

ant:
(s vr  Custom reducers
vr Experience with xaaS like AWS

Zwei Schlussfolgerungen

- Wir brauchen interdisziplinare Data Science Ausbildung auf g%“g"ﬁ'NSﬁ.NLEQ’V“”GE g?,“fghﬂﬂﬁ'%gﬁ
Master-Stufe .
(M.Sc. Data Science) . H’m“n":id?;"“m"w

=>» Wir brauchen die besten angewandten Forscher
(Tenure Track fir Dozierende, PhD Studenten in Co-
Betreuung mit Universitaten) e e

k d
wamhnusmg and big data systems: marlmnngchannnl mswghls in Paid Search, SED Social, CRM and brand

Yr Knowledge of any of visualization
toolse.g Flare, D3 s, Tableau

Zurcher Fachhochschule 18
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_aiche Intelligenz

WaveNet lasst Computersprache naturlich klingen

von Henning Steier  12.9.2016, 10:05 Uhr

Die Google-Tochter DeepMind hat ein neuronales Netz prasentiert, das Rechner fast wie Menschen klingen lasst. Es
macht auch Musik.

f ¥ X in $  KOMMENTARE

MEISTGELESEN

Kinstliche Intelligenz

Kein Google fiir jeden
KOMMENTAR Henning Steier  5.10.2016
Neue Produkte aus Mountain View
Google macht sich nicht nur
im Wohn2|mmer breit

Dropbox

68 Millionen verschliisselte

5D Passworter im Netz

DeepMind lasst WaveNet Sprachwellen erzeugen. (S

Die Google-Tochter DeepMind machte zuletzt mit ihrem Sieg beim
Spiel «Go» Schlagzeilen: Thre Software AlphaGo schlug im Friihjahr
einen der besten menschlichen Spieler, Lee Sedol. Nun hat das
Londoner Unternehmen WaveNet prasentiert: Dieses neuronale Netz
erzeugt Sprache, die sehr nattirlich klingt — zumindest wenn man die IWC

im Blogeintrag des Unternehmens zu horenden Klangbeispiele als SCHAFFHAUSEN

Massstab nimmt. Man hat sogar das Gefiihl, Atempausen zu horen.

Zircher Fachhochschule

Zlrcher Hochschule
fiur Angewandte Wissenschaften

Z
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Generierte Sprache
«aus Texteingabe»

Generierte Musik
«ohne Inhaltsvorgabe»

1 O BN BEe -

1 Second

20
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WaveNet la-

von Henning Steier  12.9.201/

Die Google-Tochter Deeph
macht auch Musik.

f ¥ ¥ in &

DeepMind lasst WaveNet Spra

Die Google-Tochter Deef
Spiel «Go» Schlagzeilen:
einen der besten mensch
Londoner Unternehmen
erzeugt Sprache, die sehi
im Blogeintrag des Untel
Massstab nimmt. Man he¢

Zircher Fachhochschule
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Intro

What if you could imitate a famous celebrity's woice ar sing like a 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
someone’s voice to a famous English actress Kate Winslet's voice. We implemented a deep neural networks to achieve that
and more than 2 hours of audio bock sentences read by Kate

Model Architecture

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

Winslet are used as a dataset.

the target speaker's utterances and only a small set of <wav, phone > pairs from a number of anonymous speakers,

Wi

A's Wavelforms

02 . 11 . 24031:1]& Aoint®

Net1: phoname I Net2: speech . .
classifier L synthesizer

Speech Recognition Speech Synthesis B's Waveforms

Train1 ‘w small paralel dataset
Traing 'w large non-parallel dataset

My name is Avinl®

Zlrcher Hochschule
fur Angewandte Wissenschaften
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nerierte Sprache
Is Texteingabe»

nerierte Musik
Ine Inhaltsvorgabe»

N> BDe-

1 Second
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Computing

Algorithm Clones Van Gogh’s
Artistic Style and Pastes It onto
Other Images, Movies

A deep neural network has learned to transfer artistic styles to
otherimages.

by Emerging Technology from thearXiv = May 10, 2016

The nature of artistic style is something of a mystery to most people. Think
of Vincent Van Gogh's Starry Night, Picasso’s work on cubism, or

Edvard Munch’s The Seream. All have a powerful, unique style that

<]~

humans recognize easily.

Zircher Fachhochschule

Zlrcher Hochschule
fiur Angewandte Wissenschaften
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Computing

Algorithm Clones Van Gogh’s
Artistic Style and Pastes It onto
Other Images, Movies

A deep neural network has learned to transfer artistic styles to
otherimages.

by Emerging Technology from thearXiv = May 10, 2016

The nature of artistic style is something of a mystery to most people. Think

of Vincent Van Gogh's Starr
Edvard Munch’s The Screa

humans recognize easily.
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Top Stories

Computing

Algorithm Clones Van Gogh’s
Artistic Style and Pastes It onto
Other Images, Movies

A deep neural network has learned to transfer artistic styles to
otherimages.

by Emerging Technology from thearXiv = May 10, 2016

of Vincent Van Gogh’s Star
Edvard Munch’s The Screa

humans recognize easily.
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Computing

Algorithm Clones Van Gogh’s
Artistic Style and Pastes It onto
Other Images, Movies

A deep neural network has learned to transfer artistic styles to
otherimages.

by Emerging Technology from thearXiv = May 10, 2016

of Vincent Van Gogh's Starr
Edvard Munch’s The Screa

humans recognize easily.
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Fip A8 one photo onto another

4 And the results are impressive

by James Vincent | @jvincent | Mar 20, 2017, 1:53pm EDT
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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 1o 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 Cornell University and Adobe have augmented N[]W TREN [l l Nﬁ

_ )

Zurcher Fachhochschule




/

Die Geschichte von Rocket Al @ NIPS’2016
Oder: Die Gefahr hinter Hype
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fiur Angewandte Wissenschaften
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ROCKET Al

NEXT GENERATION OF APPLIED Al

Z|tat aus dem B|Ogbeltrag (https://medium.com/the-mission/rocket-ai-2016s-most-notorious-ai-launch-and-the-problem-with-ai-hype-d7908013f8c9#.9gjayxres) .
Turns out anyone can make a multi-million dollar company in 30 minutes ...with a website editor
whilst in a Spanish mansion found on Airbnb. ‘Temporally Recurrent Optimal Learning’is a combination
of buzzwords we put together to spell out TROL(L) that were conjured up over breakfast. |f we hadn’t put
significant effort into making sure people realized it was a joke, Rocket Al would be in the press right

NOW. Email RSVPs to party: 316
People who emailed in their resume: 46
Large name brand funds who contacted us about investing: 5
. . Media: Twitter, Facebook, HackerNews, Reddit, Quora, Medium etc
Metrics for the Rocket Al launch party: 175 ine <8 hows
Money Spent: $79 on the domain, $417 on alcohol and snacks + (police fine)
For reference, NIPS sponsorship starts at $10k.

Zircher Fachhochschule 27

Estimated value of Rocket Al: in the tens of millions.
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Erkennung von Musiknotation

Grundlage fur Digitalisierung in Orchestern und Musikschulen
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Datengetriebenes Condition Monitoring
Predictive Maintenance von Rotationsmaschinen
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Vibrations-Sensor Friherkennung von Fehlern
Merkmalsextraktion z.B. neuronaler Autoencoder \
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