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Johann Sebastian Bach
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WO DEEPART – DA AUCH DEEPBACH?
Wie gut klingt KI heute?

Source:  https://arxiv.org/pdf/1612.01010.pdf

Quelle: 

https://upload.wikimedia.org/wikipedia/commons/6/6a/Johann_Sebastian_Bach.jpg

http://artsites.ucsc.edu/faculty/cope/experiments.htm

Johann Sebastian Bach
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MENSCH GEGEN MASCHINE
SPIELEN
WAHRNEHMEN
TEXTVERSTEHEN
KREATIVITÄT



SPIELEN: SCHACH MATT.
Mit Positionsbewertung und Brute Force zum Erfolg.

Quelle: http://blogs-images.forbes.com/davidewalt/files/2011/05/garry-kasparov-deep-blue-ibm.jpg
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1997
Garry Kasparov, Schach Weltmeister,  
verliert gegen Deep Blue von IBM



SPIELEN: GO – EIN „PERFECT INFORMATION“ GAME.
Die letzte Bastion ist gefallen.

Quelle: http://images02.futurezone.at/46-79007756.jpg/186.421.945

2016
Lee Sedol, einer der stärksten Go Spieler der 
Welt, verliert im März 2016 4 von 5 Partien 
gegen AlphaGo von Google DeepMind. 
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POKER – EIN NON-INFORMATION COMPLETE GAME.
No he can‘t read my Pokerface.
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Source: Noah Brown: From Poker AI to Negotiation AI: Dealing with Hidden Information.
TTI Vanguard Conference:June 2018

2018



STARCRAFT 2: TERRANS VS PROTOSS VS ZERG.
Auch Multiplayer Games? – Auch Multiplayer Games! 
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2019

 AlphaStar won 61 of 90 games

 Is among the Top 0,15% of
90.000 players

 Training took 44 days

 AlphaStar can select from 1026 
actions at any time

 World Best Player(s) still beat
AlphaStar

Quelle 1: https://starcraft2.com/de-de/media

Quelle 2: https://www.scientificamerican.com/article/ai-beats-top-human-players-at-strategy-game-starcraft-ii/



WENN AUS SPIEL ERNST WIRD.
Noch ist es Simulation.

918.02.2020

Quelle: http://magazine.uc.edu/editors_picks/recent_features/alpha.html

“The artificial intelligence, dubbed 
ALPHA, was the victor in that 
simulated scenario, and according to 
Lee, is ‘the most aggressive, 
responsive, dynamic and credible AI 
I’ve seen to date’. (…)

Not only was Lee not able to score a 
kill against ALPHA after repeated 
attempts, he was shot out of the air 
every time during protracted 
engagements in the simulator.”

2016
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DEEP NEURAL NETWORKS: 
Vom Konkreten zum Abstrakten.

Source: Learning Deep Architectures for AI; Yoshua Bengio 2009.

Abstraktionsgrad

Source: http://theanalyticsstore.ie/deep-learning/.
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WETTBEWERBE IN COMPUTER VISION.
MNIST. CIFAR. ILSVRC. …

MNIST Mixed National Institute 
of Standards and Technology

CIFAR Canadian Institute for
Advanced Research

ImageNet Large Scale Visual 
Recognition Challenge

 60.000 Trainings Bilder

 10.000 Test Bilder

 Fehlerrate eines CNN 
(Convolutional Neural
Network): 0.23 %) 2012 
Schmidhuber Schweiz.

 The CIFAR-10 (100) dataset consists 
of 60000 32x32 colour images in 10 
(100) classes,

 50000 training images and 10000 
test images.

 Winner 2014: 4,5% Error Rate Deep 
CNN (Graham, Uni Warwick)

 200 object classes with
456,567 images for detection

 1000 object classes with
1,431,167 images for localisation

 Winner 2014 Det: GoogLeNet with
top-5 error-rate of  7% (Deep CNN) –
wins 142 out of 200 cl.
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WETTBEWERBE IN COMPUTER VISION.
Welche Trennschärfe wird benötigt?

Source: Going deeper with convolutions.  arxiv: 1409.4842v1 Sep 2014
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DER ILSVRC – ENTWICKLUNG BIS 2017.
Immer Besser. Immer Tiefer. Woanders.

Source: ImageNet 2017 
Challenge. E Park et.al.  und  
ICML 2016 Tutorial on Deep
Residual Networks. Kaiming
He.
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CONVOLUTIONAL NEURAL NETWORKS: 
Die dominierende KI Architektur der Bildverarbeitung/-erkennung.

Feature Learning Classification

Learn weights for convolutional filters and fully connected layers

Quelle: introtodeeplearning.com
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Das GLUE Leaderboard.

Source: Going deeper with convolutions.  arxiv: 1409.4842v1 Sep 2014

Quelle: https://gluebenchmark.com/leaderboard/
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WHAT IS GLUE? (I)
General Language Understanding Evaluation.

MNLI 
Multi-Genre Natural 
Language Inference

QQP
Quora Question Pairs

QNLI Question Natural Language 
Inference

SST-2 Stanford Sentiment 
Treebank

Given a pair of
sentences, the goal is to 
predict whether the 
second sentence is an 
entailment, contradiction, 
or neutral with respect to 
the first one.

is a binary classification
task where the goal is to 
determine if two
questions asked on 
Quora are semantically 
equivalent

The positive examples are (question,
sentence) pairs which do contain the 
correct answer, and the negative 
examples are (question, sentence) from 
the same paragraph which do not
contain the answer.

binary single-sentence 
classification task 
consisting
of sentences extracted 
from movie reviews
with human annotations 
of their sentiment

Example: Die 
Demonstration verlief 
friedlich. Es gab 50 
Verletzte.

Unterschied zwischen A 
und B; vs B und A

Wer schlug die Reformationsthesen an 
die Kirchentür zu Wittenberg?  (Luther 
vs sein Diener)

…mein Lieblingsfilm vs
schau ich mir kein 2. mal 
an.

Source: BERT: Pre-training of Deep Bidirectional 
Transformers for Language Understanding
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WHAT IS GLUE? (II)  
General Language Understanding Evaluation. 
CoLA The Corpus of 
Linguistic 
Acceptability

STS-B The Semantic 
Textual Similarity 
Benchmark

MRPC Microsoft 
Research Paraphrase 
Corpus

RTE Recognizing
Textual Entailment

WNLI Winograd NLI  
Natural Language
inference dataset

Is a binary single-
sentence classification 
task, where
the goal is to predict 
whether an English 
sentence
is linguistically 
“acceptable” or not

is a collection of sentence 
pairs drawn from news 
headlines and other 
sources. They were 
annotated with a score 
from 1 to 5 denoting how 
similar the two sentences 
are in terms of semantic
meaning.

Consists of sentence 
pairs automatically 
extracted from online 
news sources, with 
human annotations for 
whether the sentences 
in the pair are 
semantically equivalent

is a binary
entailment task 
similar to MNLI, 
but with much
less training data

is a reading 
comprehension task in 
which a system must read 
a sentence with a pronoun 
and select the referent of 
that pronoun from a list of 
choices.

Example: They can
sing. Usually, any lion
is majestic.

How old are you? What is
your age? How are you?

Das Rote Meer trennt 
Afrika von Asien. 
Zwischen Afrika und 
Asien verläuft das RM.

Beide mochten 
den Ort. (Mag 
Peter den Ort?)

Jim [yelled at/comforted] 
Kevin because he was so 
upset. Who was upset? 
Answers: Jim/Kevin.
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ARCHITECTURE AND PRINCIPLES OF BERT
Bidirectional Encoder Representations from Transformers. 

Source: BERT: Pre-training of Deep Bidirectional 
Transformers for Language Understanding. Devlin et.al.
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KÜNSTLICHE KUNST
Mit wenigen Klicks zum eigenen Van Gogh!

A Neural Algorithm of Artistic Style. Leon A. Gatys, Alexander S. Ecker, 
Matthias Bethge Arxiv: 2015.
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KÜNSTLICHE KUNST
Mit wenigen Klicks zum eigenen Van Gogh!
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KÜNSTLICHE KUNST
Mit wenigen Klicks zum eigenen Munch!
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KÜNSTLICHE KUNST
Das erste KI Portrait – Versteigert bei Christie‘s: 432.500 $

 Portrait of Edmond de Belamy

 From a distance, the 70 cm by 70 cm portrait printed 
on canvas and hung in a gilded wood frame, looks like 
it belongs in a museum of classical art. But upon closer 
inspection, the artist’s signature — the mathematical 
formula that created it (min G max D x [log (D(x))] + 
z [log (1 – D (G(z)))]) — reveals that the artist was not 
human.

 But in November 2019, another in the Belamy series, 
“La Baronne de Belamy,” sold at Sotheby’s without the 
same success. “La Baronne” sold for only US$25,000, 
just slightly more than its estimated value. 

Source: theconversation.com



18.02.2020Aktueller Stand künstlicher Intelligenz          Prof. Dr. Frank Schönefeld 28

KÜNSTLICHE KUNST
Do we like it?

Quelle: A. Elgammal: CAN Creative Adversarial Networks Generating Art by Learning 

about Styles and deviating from Style norms. https://arxiv.org/pdf/1706.07068.pdf

Q1: Do you think the work is created by an artist 
or generated by a computer? The User has to 
choose one of two answers: artist or 
computer.

Q2: User asked to rate how they like the image in 
a scale 1 (extremely dislike to 5 (extremely 
like).
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AUCH GEDICHTE?
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AUCH GEDICHTE?
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AUCH GEDICHTE?

the sun is shining
the wind moves

naked trees
you dance
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KÜNSTLICHE SOFTWARE
Wenn das Netz das Netz trainiert.

Quelle: Zoph and Le (Google Brain): Neural Architecture Search with Reinforcement Learning.  Arxiv: 1611.01578



TÄUSCHUNG VON KI
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TÄUSCHUNG VON KI
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KANN MAN KI TÄUSCHEN?
Wie man zur Hyäne oder auch zum Killerwal wird - DEMO.

Creating Adversarial Examples – Using
Tensorflow. Source: https://github.com/Hvass-
Labs/TensorFlow-utorials Pedersen
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KANN MAN KI TÄUSCHEN?
Man kann.

Adversarial Patch [Tom B. Brown, Dandelion Mané, 
Aurko Roy, Martín Abadi and Justin Gilmer/Neural
Information Processing Systems 2017] 

We present a method to create universal, robust, 
targeted adversarial image patches in the real world. The 
patches are universal because they can be used to 
attack any scene, robust because they work under a 
wide variety of transformations, and targeted because 
they can cause a classifier to output any target class. 
These adversarial patches can be printed, added to any 
scene, photographed, and presented to image 
classifiers; even when the patches are small, they cause 
the classifiers to ignore the other items in the scene and 
report a chosen target class. 
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MAN KANN MAN KI TÄUSCHEN!
Adversarial Examples – Von FGsM zu DeepFool.

Adversarial Examples: 

Sammlung von Methoden, um KI (Neuronale Netze) 
systematisch in die Irre zu führen.

 Blackbox vs Whitebox Methoden

 Iterative vs Non-iterative Methoden

 Targeted Attacks vs Non-Targeted Attacks

 Adversarial Examples Methods

 Basic iterative Method

 Carlini-Wagner Method

 DeepFool Method

 Fast Feature Gradient Method

 Fast Gradient (Sign) Method

 Projected Gradient Descent Method

 Momentum Difference Method

 Jacobian-based saliency Method

 …see Source: https://cleverhans.readthedocs.io/en/latest/source/attacks.html



?
WEITERE OFFENE FRAGEN ??
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DEBIASING. EXPLAINABILITY. AI ETHICS.
Ich weiß nicht, was soll es bedeuten.

Oriental fairy tale or

Indian Bride?
Source: Gunning, DARPA. XAI: Explainable Artificial
Intelligence. TTI Vanguard June 2018.



WOHIN FÜHRT DAS?
BEDROHUNGEN?
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STUFEN DER KÜNSTLICHEN INTELLIGENZ.

Artificial Narrow Intelligence

Artificial General Intelligence

Artificial Super Intelligence

Le
ve

l

Elon Musk

Stephen Hawking
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KI IN (MY) BUSINESS

DIGITAL TRUST TESTED QUALITY AGILE OPERATIONS

Usage in KI to push DR

Smart Disk Check

White Noise Filter

Anomaly Detection

Error Recognition in DevOps 
Pipelines

Predict Time to Market

Support Approval Process

Solution ChatBot
EXABEAM

CEO FRAUD

Smart Regression Test

Smart Layout Test

Artificial Inteligence Basement

Deep Learning Supervised Learning

Reinforcement Learning ClassificationRegression

General Adversarial Networks



18.02.2020Aktueller Stand künstlicher Intelligenz          Prof. Dr. Frank Schönefeld 43

SMART REGRESSION TESTS



FAZIT

18.02.2020Aktueller Stand künstlicher Intelligenz          Prof. Dr. Frank Schönefeld 44



18.02.2020Aktueller Stand künstlicher Intelligenz          Prof. Dr. Frank Schönefeld 45

FAZIT
Going Deeper.

2.
Diese Ansätze führen zu vielen verbesserten Anwendungen, die auf ausreichend stabiler Erkennung basieren. Nach wie vor können 

diese Ansätze überlistet werden (adversarial examples). Sie liefern heute eng umrissene Anwendungen, der Lernfortschritt basiert 

auf einer großen Menge an Daten. 

3.
Obwohl auch in Gebieten, die man gemeinhin mit Kreativität verbindet (Musik, Malstile, Software-Schreiben) zum Teil 

überraschende Ergebnisse vorliegen ist das Erreichen fortgeschrittener, allgemeiner künstlicher Intelligenz noch sehr weit entfernt. 

Für viele Fragen (z.B. eigener Wille, Selbst-Bewusstsein, emotionale Intelligenz) gibt es keine (kaum) Forschungsansätze.  

1.

Künstliche Intelligenz hat seit 2012 enorme Fortschritte gemacht und insbesondere im Bereich Erkennung/Perception

(Wahrnehmung) dramatische Verbesserungen erreicht. Diese beruhen insbesondere auf der Anwendung der DeepLearning (und 

hier insbesondere CNNs) Technologie für Bild-, Video- und Spracherkennung (Attention based Mechanisms). Ein weiterer 

Fortschritt  für Lernen ohne Vorwissen wurde mit Reinforcement Lernansätzen erreicht. (GO)
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https://www.kunsthalle-kuehlungsborn.de/category/ausstellungen/



Vielen Dank
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Kontakt: 

Prof. Dr. Frank Schönefeld
T-Systems Multimedia Solutions
Geschäftsleitung

+49 351 2820 2500
Frank.Schoenefeld@t-systems.com


