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Was?-> Wie? = Wohin?

Was ist passiert?
(Eine kurze Geschichte der letzten Monate)
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The Sexiest Job of the 21st Century
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hen Jonathan Goldman ar-
rived for work in June 2006
at LinkedIn, the business
networking site, the place still
felt like a start-up. The com-
pany had just under 8 million
accounts, and the number was
growing quickly as existing mem-
bers invited their friends and col-
leagues to join. Bul users weren’t
seeking out connections with the people who were already on the site
at the rate executives had expected. Something was apparently miss-
ing in the social experience. As one LinkedIn manager put it, “It was
like arriving at a conference reception and realizing you don’t know
anyone, So you just stand in the corner sipping your drink—and you
probably leave early”

Meet the people who

can coax treasure out of
messy, unstructured data.
by Thomas H. Davenport
and D.J. Patil

70 Harvard Business Review October 2012
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Google Acquires Artificial Intelligence Startup|:--- .
DeepMind For More Than $500M

Catherine Shu (@catherineshu
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DEEPMIND

Google will buy London-based artificial intelligence company DeepMind. The Information

reports that the acquisition price was more than $500 million, and that Facebook was also
in talks to buy the startup late last year. DeepMind confirmed the acquisition to us, but
couldn’t disclose deal terms.

The acquisition was originally confirmed by Google to Re/code. °
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Kunstliche 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.
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Generierte Sprache
«aus Texteingabe»

Generierte Musik
«ohne Inhaltsvorgabe»
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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.
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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
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A deep neural network has learned to transfer artistic styles to
otherimages.

by Emerging Technology from thearXiv = May 10, 2016
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...und die Liste liesse sich fortsetzen!

° Brandon Amos  About  Blog Q) ¥ T A

Image Completion with Deep Learning in TensorFlow
August g, 2016

= 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 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
°
.

Existing GAD -
[ML-Heavy]
+ Puommng DCQ
Step 3: Finding the|

Conclusion
Partial bibliography g
Bomus: Incomplete|

Introduction

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

]
‘Well approach image conll
1. Well first interpret|

2, This interpretationfifs
3. Then welll find the
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Andrej Karpathy blog Al Hakers gidetonieual Netwaks

The Unreasonable Effectiveness of Recurrent Neural
Networks

May 21, 2015

‘There's sametring magical about Recurmen Neural Networis (RNNs). | st remember when | Fained my frat
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
ofmaiing sensa. Sometmas e rao of how simpia your modsi i5 10 the quaity of the T2suts you g2t out of f Biows.
past your axpectaions, I Tk Was ons of 1152 Smas. Whai made s Fasult 50 SNOCKing 3t 1ha ma was 1iat e

was E RN nbadBeutto Fve In taet raschad e
apposits conciusion). Fastforward 30out 3 yaar Tm Faning RNNs 3l 2 Bme and [ winssed e power and
FODUSINEES MaTy M5, 3N e NS Magcal UDUS S0 0 Ways of Tres posi

Tt magkc with you.

Sy e way, togsther Wit # post | am alsa rslessing cods on GHNUD st alows You 10 Fran character-bevel Ianguage
e ryer LSTMs. Yougive it oftext and 1t Wil leam 1 generats text Bee i one

charasier 3t 3 tma You ean a0 use it baiow, -

are ANNS anyway?

= ¥ 2  wnat

Recurrent Neural Networks
it Recurent Heh ST A

Ssquancen. Do your background wordering: =
giaring Bmitaton of \iniiia Neural Netwaris (and 250 Convoutional Networis) ks that helr AP I 100 Gonstrained: ey
‘3oapt 3 fued-gized vecty 35 INput (2.0, 3N Image) nd producs 3 fxed-sized vEckar 35 OUpUl {2 probaniNas of

. Not oty tnat: pertorm s mapgs atuzd taps (23
12 numiber of kayars In tha mads). 3t ey aow s
Oparata Over SSQUENCES Ofvackrs: SUENGas In the IpUt 112 UL or I 112 Mast genaral 352 DOM. A B SXampiss
M3y MK MNES Mara Concrae

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.

eright, af digts By beaming 10 squentaly add coiar Grego et
alj:
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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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Was ist passiert?
Der ImageNet Wettbewerb

1000 Kategorien
1 Mio. Beispiele

container ship
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iPod

water snake
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slug container ship

zucchini lifeboat

reflex camera ground beetle amphibian
dial newt fireboat

drilling platform
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Was ist passiert?
Der ImageNet Wettbewerb

1000 Kategorien

container ship
r $lug container ship lex camera
. ] . tiger cat zucchini lifeboat Polaroid camera cock
1 M | 0 B e | S p | e | e tabby refiex camera ground beetle amphibian pencil sharpener cocker spaniel
" boxer dial newt fireboat switch partridge| " " *°
Saint Bernard iPod water snake drilling platform combination lock English setter

A. Krizhevsky verwendet als erster ein
sog. «Deep Neural Network» (CNN)
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Was ist passiert?
Der ImageNet Wettbewerb

. oy | -
1000 Kategorlen ﬁgﬂr 5 [ container ship ens cap
r ular telephone t ship lex camera
] ] ] tiger cat slot zucchini lifeboat Polaroid camera
1 M I O B e I S p I e | e tabby reflex camera ground beetle amphibian pencil sharpener cocker spaniel
" boxer dial newt fireboat switch partridge| " " *°
| Saint Bernard iPod water snake drilling platform combination lock English setter

Traditional CV @ Deep Learning

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

Zircher Fachhochschule 18



Zlrcher Hochschule
fur Angewandte Wissenschaften

Was ist passiert?
Der ImageNet Wettbewerb

. 2 e y
L (!
1000 Kategorien G Container ship- lena cap

ular telephone ship lex camera

. [ . tiger cat slot zucchini lifeboat Polaroid camera
1 M I O B e I S p I e | e tabby reflex camera ground beetle amphibian pencil sharpener cocker spaniel

" boxer dial newt fireboat switch partridge| " " "

Saint Bernard iPod water snake drilling platform combination lock English setter

Traditional CV @ Deep Learning 2015: CO m p u ter 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)

A. Krizhevsky verwendet als erster ein
sog. «Deep Neural Network» (CNN)
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Wie geht das?
(Was denken denkende Maschinen?)
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Grundlage

Induktives Uiberwachtes Lernen

Annahme

« Ein an gentgend viele Beispiele
angepasstes Modell...

e ...wird auch auf
unbekannte Daten generalisieren

Methode

« Suchen der Parameter einer
gegebenen Funktion...

» ...so dass fur alle Beispiele Eingabe (Bild)
auf Ausgabe («Auto») abgebildet wird
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saturn
school-bus
scorpion-101
screwdriver
segway

sextant
sheet-music
skateboard
skunk
skyscraper
smokestack
snail

snake
sneaker
snowmobile
soccer-ball
socks
soda-can
spaghetti
speed-boat
spider

spoon
stained-glass
starfish-101
steering-wheel
stirrups
sunflower-101
superman
sushi

swan
swiss-army-knife
sword
syringe
t-shirt
tambourine
teapot
teddy-bear
teepee
telephone-box
tennis-ball
tennis-court
tennis-racket
tennis-shoes
theodolite
toad

toaster
tomato

self-propelled-lawr|
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Large image collection with annotations

descriptors

Car model

v

P(car) =72 %

Quelle: http://lear.inrialpes.fr/job/postdoc-large-scale-classif-11-img/attribs _patchwork.jpg
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Suche der Parameter einer Funktion??

Neuron

<w,x>+b=0

Inputs —

Merkmale (z.B. Pixel)

I

Activation
Function

Entscheidung
(Schwellwert)

7

Output

Ergebnis (z.B. «Auto»)

Anpassbare Parameter
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Suche der Parameter einer Funktion?? Zh

Neuron

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

Neuronales Netz

hidden layer

(= 15 neurons)

Inputs —

Input layer
(T84 neurcns)

f — Yy
Outpu

l

Activation
Function

Entscheidung
(Schwellwert)

Merkmale (z.B. Pixel)

Anpassbare Parameter
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Ergebnis (z.B. «Auto»)




ldee: Mehr Tiefe zum Lernen von Merkmalen

Klassische Bild-
verarbeitung

Merkmalsextraktion
(SIFT, SURF, LBP, HOG, etc.)

(0.2,0.4, ...

(0.4,0.3, ...)

Klassifikation
(SVM, Neuronales Netz, etc.)
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Containerschiff

Tiger

Mit Convolutional
Neural Networks
(CNNs)

Zircher Fachhochschule

Nimmt rohe Pixel entgegen,
Merkmale werden mitgelernt!

Containerschiff

Tiger
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Was «sieht» das Neuronale Netz?
Hierarchien komplexer werdender Merkmale

)

N

{

N

<

Quelle: https://www.pinterest.com/explore/artificial-neural-network/
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Was?-> Wie? = Wohin?

Wohin fuhrt das?
(Ein Ausblick)
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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
hard. Finding people who understand who a data scientist is, is equally hard. So here is a little cheat sheet on who

the modern data scientist really is.

MATH PROGRAMMING
& STATISTICS & DATABASE

Computer science fundamentals
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MapReduce concepts
Optimization: gradient descent and Hadoop and H .
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DOMAIN KNOWLEDGE COMMUNICATION
& SOFT SKILLS & VISUALIZATION

about the business ble to engage with senior
Cuno out data
Influence without autharity
Hacker mindset
Prablem solver
¢, proacfive, cr

oe of any of vi 2
_Flare, D3 s, Tableau
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MarketingDistillery com is a group of practitioners in the area of e-commerce marketing Our fields of expertise include:
marketing strategy and optimization: customer tracking and on-site analytics: predictive analytics and econometrics: data
warehousing and big data systems: marketing channel insights in Paid Search, SEQ, Social, CRM and brand. Tt
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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
hard. Finding people who understand who a data scientist is, is equally hard. So here is a little cheat sheet on who
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MarketingDistillery com is a group of practitioners in the area of e-commerce marketing Our fields of expertise include:
marketing strategy and optimization: customer tracking and on-site analytics: predictive analytics and econometrics: data
warehousing and big data systems: marketing channel insights in Paid Search, SEQ, Social, CRM and brand. Tt
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Data Scientist, the sexiest job of the 21th century, requires a mixture of multidisciplinary skills ranging from an
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MarketingDistillery com is a group of practitioners in the area of e-commerce marketing Our fields of expertise include:
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warehousing and big data systems: marketing channel insights in Paid Search, SEQ, Social, CRM and brand. Tt
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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
hard. Finding people who understand who a data scientist is, is equally hard. So here is a little cheat sheet on who

the modern data scientist really is.

MATH PROGRAMMING
& STATISTICS & DATABASE

¥r Machine leaming ¢ Computer science fundamentals
Y Statisti i i g
allgtlcal mndgllng Eaths b4 Snnptmglanguaggeg Python
v Expeniment design v Statistical computing packages, e.g., R
vr Bayesian inference vr Databases: SOL and NoSOL
¥ Supervised leaming: decision trees, ¥r Relational algebra
random forests, logistic regression . ¢ Panallel databases and parallel query
tr  Unsupervised leaming: clustering, () processing
dimensionality reduction # MapReduce concepts
Yr  Optimization: gradient descent and ¢ Hadoop and Hive/Pig
variants
¥r Custom reducers
¥r Experience with xaaS like AWS

DOMAIN KNOWLEDGE COMMUNICATION
& SOFT SKILLS & VISUALIZATION

tr Passionate about the business vr  Able to engage with senior
¥ Curious about data management .
¥r Influence without authority w Story telling skills
v Hacker mindset vr Translate data-driven insights into
decisions and actions
¢ Problem solver .
. . . vr Visual art design
¢ Strategic, proactive, creative, : .
innovative and collaborative % R packages like geplot or lattice
Yz Knowledge of any of visualization

tools e.g. Flare, D3 s, Tableau
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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
hard. Finding people who understand who a data scientist is, is equally hard. So here is a little cheat sheet on who

the modern data scientist really is.
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& STATISTICS & DATABASE

¥r Machine leaming ¢ Computer science fundamentals
Y Statisti i i g
allgtlcal mndgllng Eaths b4 Snnptmglanguaggeg Python
v Expeniment design v Statistical computing packages, e.g., R
vr Bayesian inference vr Databases: SOL and NoSOL
¥ Supervised leaming: decision trees, ¥r Relational algebra
random forests, logistic regression . ¢ Panallel databases and parallel query
tr  Unsupervised leaming: clustering, () processing
dimensionality reduction # MapReduce concepts
Yr  Optimization: gradient descent and ¢ Hadoop and Hive/Pig
variants
¥r Custom reducers
¥r Experience with xaaS like AWS

DOMAIN KNOWLEDGE COMMUNICATION
& SOFT SKILLS & VISUALIZATION

tr Passionate about the business vr  Able to engage with senior
¥ Curious about data management .
¥r Influence without authority w Story telling skills
v Hacker mindset vr Translate data-driven insights into
decisions and actions
¢ Problem solver .
. . . vr Visual art design
¢ Strategic, proactive, creative, : .
innovative and collaborative % R packages like geplot or lattice
Yz Knowledge of any of visualization

tools e.g. Flare, D3 s, Tableau
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« «Penkende rechnende» Maschinen sind immer noch inselbegabt
« Aber: «<Deep Learning» hat zu Quantensprung in Mustererkennungsaufgaben gefiihrt
« Fur andere Datenanalyseaufgaben sind andere Verfahren besser geeignet

* Angst ist unangebracht — aber Herausforderungen wollen gestaltet werden:
technisch, ethisch, wirtschaftlich, gesellschaftlich

Py e :
BEdatalab
ﬂ « Leiter ZHAW Datalab, Vice President SGAICO, Board Data+Service

www. zhaw. ch/datalab « thilo.stadelmann@zhaw.ch
swiss group for artificial intelligence . 058 934 72 08
and cognitive science

*  www.zhaw.ch/~stdm

61‘“&0) Mehr zum Thema:

*  KI: http://www.s-i.ch/en/fachgruppen-und-sektionen/sqgaico/
 Verband Data & Service Science: www.data-service-alliance.ch
+ Gemeinsame Projekte: datalab@zhaw.ch

Swiss Alliance for
Data-Intensive Services

= Fragen Sie gerne an.
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Quelle: http://vision03.csail.mit.edu/cnn_art/data/single_layer.png
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