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Die KI-Revolution
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ObJekterkennung
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https://medium.com/@jonathan_hui/real-time-object-detection-with-yolo-yolov2-28b1b93e2088




Segmentierung

person 1.00

persbn 0.98

person 0.99

https://github.com/facebookresearch/Detectron




Vorhersage von Augenbewegungen

Augenpositionen

Kimmerer, Theis, Bethge, 2015, ICLR Workshop




Smart cropping: Twitter

Jetzt: Smart Crop
Vorher: Bildmitte durch neuronalem Netz

Eleanor Harding | = @t... - 08/01/2018 Eleanor Harding | = @t... - 08/01/2018
@ Couple of weeks at home in SA and my @ Couple of weeks at home in SA and my

gallery is now 80% cat photos. She's gallery is now 80% cat photos. She's
called Phish. She likes to mlem. called Phish. She likes to mlem.

Lucas Theis @ Twitter
Kimmerer, Theis, Bethge, 2015, ICLR Workshop




Spracherkennung: Siri, Alexa etc.




Automatische Ubersetzung

e Deepl Translator Linguee Deepl Pro Blog Info 2
Translate from German (detected) Translate into English

Die Europdische Zentralbank hat das Ende The European Central Bank has decided to
ihrer Anleihenk&dufe beschlossen. Nur noch end its bond purchases. Only until the end of
bis zum Jahresende will die Notenbank the year does the central bank intend to
zusdtzliche Milliarden in Wertpapiere von invest additional billions in securities of
Staaten und Unternehmen stecken, wie die states and companies, as the ECB
EZB am Donnerstag in Frankfurt mitteilte. announced in Frankfurt on Thursday. It will
AnschlielRend |dsst sie das Programm then phase out the programme.
auslaufen.

A Translate document

https://deepl.com
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Sprachsynthese
= 4 <)

WaveNet l[aunches in the
Google Assistant

Just over a year ago we presented WaveNet, a new deep
neural network for generating raw audio waveforms that
is capable of producing better and more realistic-
sounding speech than existing techniques. At that time,
the model was a research prototype and was too
computationally intensive to work in consumer products.

https://deepmind.com/blog/wavenet-launches-google-assistant/



Fortschritte in der KI primar durch
Neuronale Netze / Deep Learning

Kinstliche Intelligenz

Maschinelles Lernen

Deep Learning
(kinstliche neuronale Netze)




Objekterkennung: IMAGENET

Datensatz mit Benchmark zur Klassifikation von Bildern
o 1 Million Bilder mit “ground truth labels” zum Training (von Hand annotiert)

o 1000 Objektkategorien

Deng et al., CVPR 2009
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Die K| Revolution: Neuronale Netze
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Mit Hilfe von Deep Learning
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Wie funktionieren
neuronale Netze?

VOM GEHIRN ZUM KUNSTLICHEN NEURONALEN NETZ



Vom Auge zum Kortex

Electrode

V1 neuron’s
receptive field

Stimulus

Optic tract Lateral geniculate V1 neuron
, , Retina
Visual field nucleus

V1 = Primary visual cortex




The visual system: two streams

Dorsal stream:
where?

Primary
visual
cortex

https://en.wikipedia.org/wiki/Two-streams_hypothesis



How do neurons communicate?

Cell body:

o

S A

Dendrltes Cell body Axon

Collect Integrates incoming Passes electrical signals

electrical signals and generates to dendrites of another

signals outgoing signal to cell or to an effector cell
axon

https://www.thinglink.com/scene/762090261831483394




Hierarchische Datenverarbeitung

https://neuwritesd.org/2015/10/22/deep-neural-networks-help-us-read-your-mind/
G. Zaharchuk et al. AJNR Am J Neuroradiol doi:10.3174/ajnr.A5543




Hierarchische Datenverarbeitung

\

input retina LGN V1 V2 V3 LoC

https://neuwritesd.org/2015/10/22/deep-neural-networks-help-us-read-your-mind/




Kinstliche neuronale Netze
(Perceptron, Rosenblatt 1958)

1. Gewichtete Summe der Eingangssignale

y w : Gewichte

2. Schwelle

& S =

j = l/>
Dendrites Cell body




Mehrschichtige neuronale Netze

Beispiel: Klassifikation handgeschriebener Ziffern

Input layer Output layer
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Training neuronaler Netze

Gewichte anpassen
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Convolutional neural networks (CNN)
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https://adeshpande3.github.io/A-Beginner's-Guide-To-Understanding-Convolutional-Neural-Networks/



Neuronale Netze werden tiefer

Top 5 error rate
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Architecture




Gelernte Reprasentationen sind
denen im Gehirn sehr ahnlich

Encoding Decoding
Stimulus » Neurons » Behavior

PIT CIT AlT
—>> @—> —>
< ---- <-- .

Spatial convolution

|
over image input : ]

Yamins & DiCarlo 2016




/Wischenfazit

VIELE GEMEINSAMKEITEN ZWISCHEN
REPRASENTATIONEN IM GEHIRN UND
DEEP NEURAL NETWORKS






















A Neural Algorithm of Artistic Style

Gatys, Ecker, Bethge (CVPR 2016)




Neural Style Transfer

Bildinhalt

Gatys, Ecker Bethge, CVPR 2016




Neuronale Bildreprasentationen

p
Gehirn

Hubel 1995

Zusammenhang

Yamins & DiCarlo 2014, Guiclu & van Gerven 2015,
Khaligh-Razavi & Kriegeskorte 2014
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pooling
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Krizhevsky et al. 2012
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Neuronale Bildreprasentationen

P
Gehirn

Hund
Katze
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Bildverstandnis

Yamins & DiCarlo 2014, Guiclu & van Gerven 2015,
Khaligh-Razavi & Kriegeskorte 2014
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Krizhevsky et al. 2012
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Style loss Content loss
~ 2 ~ 2
Lstyle = Z(Gij = Gij) + Lemmierie — E(q)ijk = CI)ijk)
ij Ljk

C Zconvs_3 —s gl |G| %
L~ 1 v

G Gradient < T Q

SN Gradient descent —" Gatys, Ecker Bethge, CVPR 2016




Timelapse

Gatys, Ecker Bethge, CVPR 2016



G% @ deepart.io

pﬂ]’m Latest artworks =~ CREATE YOUROWN  Videos  Offer  About Register  Signin

Kunst zum Selbermachen
https://deepart.io

TURN ANY PHOTO INTO AN ARTWORK - FOR FREE!

We use an algorithm inspired by the human brain. It uses the stylistic elements of one image to draw the
content of another. Get your own artwork in just three steps.

a Upload photo Q Choose style 9 Submit

The first picture defines the scene you would Choose among predefined styles or upload Our servers paint the image for you. You get
like to have painted. your own style image. an email when it's done.



















Computer = Gehirn?




Unterschiede zwischen Mensch und
Maschine: ,Adversarial examples”
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Tiger Cat Adversarial Perturbation » Ostrich «

(contrast 10x exaggerated)

Rauber & Brendel, https://robust.vision
S OREEOROOOOOOOROOOOEEEEGGEGGS



Risiko fur selbstfahrende Autos?

(a) original image (b) adv. example

Fischer et al. ICLR 2017



Real-world Beispiel




Unterschiede Teil II:
Katze oder Elefant?

(a) Texture image (b) Content image
81.4% Indian elephant 71.1%  tabby cat
10.3% indri 17.3% grey fox
8.2% black swan 3.3% Siamese cat

Geirhos et al., arXiv 2018
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Mensch vs. KNN: Form oder Textur?

@® Human observers

Shape categories

Fraction of 'shape' decisions
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Geirhos et al., arXiv 2018




Zusammenfassung

Enorme Fortschritte in der KI durch Deep Learning.

GroRe Ahnlichkleiten ... GroRe Unterschiede ...

... Zwischen den gelernten Reprasentationen im Gehirn
und in tiefen neuronalen Netzen.




