
A Short History of Time
Artificial Intelligence, Machine
Learning, and Deep Learning

X Kristian 
Kersting

Thanks to Christoph Lampert and Constantin Rothkopf for some of the slides
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The dream of an artificially 
intelligent entity is not new

Talos, an ancient mythical
automaton with artificial intelligence



Leibniz „philosophises about `artificial
intelligence‘ (AI). In order to prove the
impossibility of thinking machines, Leibniz 
imagines of `a machine from whose structure
certain thoughts, sensations, perceptions
emerge“ — Gero von Randow, ZEIT  44/2016

The dream of an artificially 
intelligent entity is not new



AI today



AI today



Downfall of 
humanity… AI is the saviour of

the world?

So, AI has many faces

Saviour of
the world



But, what
exactly is AI?
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Humans are
considered
to be smart

https://www.youtube.com/watch?v=
XQ79UUIOeWc

https://www.youtube.com/watch?v=XQ79UUIOeWc


Are flies smart?



What about orangutans?
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Intelligence has 
many qualities. 

It is difficult to directly 
capture/measure it.



„the science and engineering of
making intelligent machines, 
especially intelligent computer
programs. 

It is related to the similar task of
using computers to understand
human intelligence, but AI does
not have to confine itself to
methods that are biologically
observable.“

- John McCarthy, Stanford (1956),
coined the term AI, Turing Awardee

The 
Definition of AI



Turing Award = 
Nobel Prize for Computing

Named after Alan Turing, a British mathematician at 
the University of Manchester. Turing is often
credited as being the key founder of theoretical
computer science and AI.



AI wants to build intelligent computer 
programs. How do we do this?

We use algorithms: 
unambiguous specifications 
of how to solve a class of 
problems – in finite time.



Always follow the
right-hand path. If you
reach a dead-end, go
back to the last choice
point and take the next
unexplored path to the
right.
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Think of it as a recipe!



Learning Thinking Planning

Vision Behaviour Reading



Machine 
Learning

the science "concerned with 
the question of how to 
construct computer programs 
that automatically improve with 
experience”
- Tom Mitchell (1997) CMU



Deep 
Learning a form of machine

learning that makes
use of artificial
neural networks

Geoffrey Hinton
Google
Univ. Toronto (CAN)

Yann LeCun
Facebook (USA)

Yoshua Bengio
Univ. Montreal (CAN) Turing Awardees 2019



Computer Science

Artificial
Intelligence

Machine 
Learning

Deep
Learning

Overall Picture



A closer look at 
the history of AI



1956 Birth of AI
John McCarthy
Turing Award 1971

Marvin Minsky
Turing Award 1969

Allen Newell
Turing Award 1975

Herbert A. Simon
Turing Award 1975
Nobel Prize 1978

… and of
Cognitive Science



Artificial Neural Networks



slide after C. Rothkopf (TUD), after J.Tenenbaum (MIT)

Artificial Neural Networks



Lake, Salakhutdinov, Tenenbaum, Science 350 (6266), 1332-1338, 2015

Tenenbaum, Kemp, Griffiths, Goodman, Science 331 (6022), 1279-1285, 2011

The twin science: cognitive science
"How do we humans get so much from so little?" and by that 

I mean how do we acquire our understanding of the world 
given what is clearly by today's engineering standards so little 
data, so little time, and so little energy.

Josh Tenenbaum, MIT

Algorithms of intelligent behaviour
teach us a lot about ourselves



slide after C. Rothkopf (TUD)

Computational
Why do things work the
way they work? What is
the goal of the
computation? What are
the unifying principles?

Algorithmic
What represetation can
implement such 
computations? How does
the choice of the
representation determine
the algorithm

Implementational
How can such a system
be built in hardware? 
How can neurons carry 
out the computations?

1982

Three levels
of description



Artificial Neural Networks
Inspiration from the brain:

● many small interconnected units (neurons)
● learning happens by changing the 

strength of connections (synapses) 
● behavior of the whole is more than 

the sum of the parts

Frank 
Rosenblatt

(1928-1971)

Illustration Nanina Föhr



1) present pattern

2) some first layer neurons spike

3) output neuron accumulates 
signals from previous layer; if it is 
above a threshold, the output 
neuron spikes and predicts an A; if 
not, then it does not spikes and 
predicts a b
4) prediction is “B”

The Perceptron to
distinguish As an Bs

output neuron

layer of neurons 

input pattern

connections



1) present pattern 
2) wait for output to be produced 
3) if output correct

• change nothing
4) if output incorrect:

• adjust connection strength 
(positive or negative) to make
the pattern be classified 
correctly

5) repeat until no more errors

The Perceptron
Learning Algorithm

output neuron

input pattern

connections

layer of neurons 



Artificial Neural Networks
= Stacking of many artificial neurons
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neural networks
expert systems

1956 2019

?

The history of AI in a nutshell



#1  models are bigger
#2  we have more data

#3  we have more compute power 
#4  the systems actually work for several tasks

What’s different 
now than it 
used to be?















But



But



AI has many
isolated talents



AI is not superhuman

DARPA challenge (2015)



And this also holds as of today

AI is not superhuman



Fundamental Differences

as of today



Google, 2015 

Sharif et al., 2015 

Brown et al. (2017)

Fundamental Differences



Deep Probabilistic Learning

My team and I in the Machine Learning 
lab together with our colleagues at the
Centre for Cognitive Science would like to
make computers learn so much about the
world, so rapidly and flexibly, as humans.



SVHN SEMEIONMNIST

Train & Evaluate Transfer Testing
[Bradshaw et al. arXiv:1707.02476 2017]

Many neural networks have no probabilistic
semantics. They are not 
calibrated joint distributions.

[Peharz, Vergari, Molina, Stelzner, Trapp, Kersting, Ghahramani UAI 2019]
Input log „likelihood“ (sum over outputs)

fre
qu

en
cy

P(Y|X) ≠ P(Y,X)

Many neural etworks
cannot distinguish

the datasets



Deep networks that know when they do not know
[Peharz, Vergari, Molina, Stelzner, Trapp, Kersting, Ghahramani UAI 2019]

prototypes
outliers

prototypes
outliers

input log likelihood

fre
qu

en
cy

SPNs can distinguish the
datasets

Build a random SPN 
structure. This can be 
done in an informed 
way or completely at 
random

SPNs can have
similar predictive
performances as

(simple) DNNs
SPNs know when they do 

not know by design



The Quest for
a „good“ AI
How could an AI programmed
by humans, with no more
moral expertise than us,
recognize (at least some of) 
our own civilization’s ethics as
moral progress as opposed to
mere moral instability?

Nick Bostrom Eliezer Yudkowsky„The Ethics of Artificial
Intelligence“ Cambridge 
Handbook of Artificial
Intelligence, 2011



The Moral Choice Machine
Not all stereotypes are bad

Generate embedding for new
question „Should I … ?“

Embedding of
„Yes, I should“

Embedding of
„No, I should not“

Calculate
cosine similarity

Calculate
cosine similarity

Report most
similar asnwer

[Jentzsch, Schramowski, Rothkopf, 
Kersting  AIES 2019]



[Jentzsch, Schramowski, Rothkopf, 
Kersting  AIES 2019]

https://www.hr-fernsehen.de/sendungen-a-
z/hauptsache-kultur/sendungen/hauptsache-
kultur,sendung-56324.html

The Moral Choice Machine
Not all stereotypes are bad

https://www.hr-fernsehen.de/sendungen-a-z/hauptsache-kultur/sendungen/hauptsache-kultur,sendung-56324.html


The future of AI



AI systems that can acquire
human-like communication and
reasoning capabilities, with the
ability to recognise new
situations and adapt to them.

The future of AI
The third wave of AI

Human-like

Handcrafted

1980

Learning

2010

soon



Meeting this grand challenge 
is a team sport !





And this is AI! 
Still a lot to be 

done! It is a 
team sport. 
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Kersting · Lam
pert · Rothkopf  Hrsg.

Kristian Kersting · Christoph Lampert
Constantin Rothkopf Hrsg.

W
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aschinen lernen

Wie Maschinen lernen
Wissen Sie, was sich hinter künstlicher Intelligenz und maschinellem 
Lernen verbirgt? 

Dieses Sachbuch erklärt Ihnen leicht verständlich und ohne kompli-
zierte Formeln die grundlegenden Methoden und Vorgehensweisen 
des maschinellen Lernens. Mathematisches Vorwissen ist dafür nicht 
nötig. Kurzweilig und informativ illustriert Lisa, die Protagonistin des 
Buches, diese anhand von Alltagssituationen. 

Ein Buch für alle, die in Diskussionen über Chancen und Risiken der 
aktuellen Entwicklung der künstlichen Intelligenz und des maschi-
nellen Lernens mit Faktenwissen punkten möchten. Auch für Schü-
lerinnen und Schüler geeignet!

Der Inhalt
 • Grundlagen der künstlichen Intelligenz: Algorithmen, 

maschinelles Lernen & Co.
 • Die wichtigsten Lernverfahren Schritt für Schritt anschaulich 

erklärt
 • Künstliche Intelligenz in der Gesellschaft: Sicherheit und Ethik
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Kristian Kersting ist Professor für maschinelles Lernen am Fachbereich 
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Wie Maschinen 
lernen

Künstliche Intelligenz 
verständlich erklärt

Thanks to all students of the
Research Training Group "Artificial
Intelligence - Facts, Chances, Risks“ 
of the German National Academic 
Scholarship Foundation. Special 
thanks to Maike Elisa Müller and
Jannik Kossen for taking the lead
and to Matthias Kleiner, president
of the Leibniz Association, for his
preface
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