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So, Al has many faces

Is Al the saviour of the ... or will
world ... autonomous self- -

- _aware robots bring

about the downfall

of humanity?










Can
machines
be smart,

too?




Al

,,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 Al does
not have to confine itself to
methods that are biologically
observable.

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




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




An Algorithm Is

... an unambiguous specification
of how to solve a class of
problems — in finite time.



t as a recipe

Think of



Learning Thinking

Al = Algorithms for ...

Behaviour jaElellgle




Machine
Learning

the science "concerned with
the question of how to
construct computer programs
that automatically improve with

experience” .
- Tom Mitchell (1997) CMU § &
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a form of machine
learning that makes
use of artificial
neural networks

Geoffrey Hinton Yann LeCun Yoshua Bengio

Google Facebook (USA) Univ. Montreal (CAN)
Univ. Toronto (CAN)




Overall Picture

Deep Machine Artificial

Learning Learning Intelligence




ONEE

1950s:  Birth of Artificial Intelligence
1960s: Era of the Perceptrons

1970s:  First Al Winter

1980s: Era of Expert Systems

1990s: Second Al Winter

2000s: Era of Statistical Machine Learning
2010s:  Era of Deep Learning



1956
Al is Born

A Proposal for the

DARTMOUTH SUMMER RESEARCH PROJECT ON ARTIFICIAL INTELLIGENCE

We propose that a 2 month, 10 man study of artificial intelligence be
carried out during the summer of 1956 at Dartmouth College in Hanover, New
Hampshire. The study is to proceed on the basis of the conjecture that every
aspect of learning or any other feature of intelligence can in principle be so pre-
cisely described that a machine can be made to simulate it. An attempt will be
made to find how to make machines use language, form abstractions and concepts,
solve kinds of problems now reserved for humans, and improve themselves. We
think that a significant advance can be made in one or more of these problems if

a carefully selected group of scientists work on it together for a summer,

Dartmouth Conference

John McCarthy
Turing Award 1971

Herbert A. Simon
Turing Award 1975
Nobel Prize 1978
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-, Inspiration from the brain:

74

e many small interconnected units (neurons)
-

e learning happens by changing the
N

strength of connections (synapses)

Rosenblatt
(1928-1971)
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The Perceptron

output neuron
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The Perceptron

output neuron
1) present pattern
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The Perceptron

| output neuron
1) present pattern S

connections /7 i }

2) first layer neurons spike

layer of
neurons




The Perceptron

output neuron
1) present pattern

connections </

2) first layer neurons spike

layer of
neurons

3) output neuron accumulates
signals from previous layer; it is
above threshold, so the output
neuron spikes




The Perceptron

output neuron
1) present pattern

connecﬂons//ify
2) first layer neurons spike

layer of
neurons

3) output neuron accumulates
signals from previous layer; it is
above threshold, so the output
neuron spikes

4) prediction is “A”




The Perceptron

output neuron
1) present pattern

connectlons
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The Perceptron

output neuron
1) present pattern
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The Perceptron

output neuron
1) present pattern :
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2) first layer neurons spike

layer of
neurons

3) output neuron accumulates
signals from previous layer; it is not
above threshold, so the output
neuron does not spike




The Perceptron

output neuron
1) present pattern
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2) first layer neurons spike

layer of
neurons

3) output neuron accumulates
signals from previous layer; it is not
above threshold, so the output
neuron does not spike

4) prediction is “B”




The Perceptron
Learning Algorithm

output neuron
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The Perceptron
Learning Algorithm

output neuron
1) present pattern
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The Perceptron
Learning Algorithm

output neuron
1) present pattern b, N
2) wait for output to be produced — connections .~ i1 Ny

layer of
neurons

input pattern




The Perceptron
Learning Algorithm

output neuron
1) present pattern

2) wait for output to be produced — connections .~ i1 Ny
3) if output correct gy
* change nothing

layer of
neurons




The Perceptron
Learning Algorithm

Outputneuron
1) present pattern

2) wait for output to be produced Connection_f,"':,'.‘g::f:'g;:f
3) if output correct ey
« change nothing

4) if output incorrect: layer of
neurons

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




The Perceptron
Learning Algorithm

1) present pattern

2) wait for output to be produced ~ connections %7

3) if output correct
* change nothing

4) if output incorrect: layer of
neurons

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

5) repeat until no more errors

output neuron




Multi-Layer Networks
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More powerful models:
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2010s: “Deep Learning”

Peaks of Inflated Expectations [_

Plateau of Productivity

Slope of Enlightenment

Troughs of Disillusionment

Technology Trigger




What’s dlfferent B R
now than it #1 models are blgger
used to be? #2 we have more data

“#3 we have meore compute power

#4 the systems actually work (for several tasks):




Al does the
laundry
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Schachmatt durch ,CrazyAra™
Kiinstliche Intelligenz schldgt mehrfachen Weltmeister im Einsetzschach

Der von den TU-Studierenden Johannes Czech, Moritz Willig und Alena Beyer entwickelte Bot
LLrazyAra"™ hat den Schachprofi Justin Tan in einem Online-Match der Schach-Variante
JCrazyhouse™ mit 4:1 geschlagen. Gelernt hat der Bot mittels kiinstlicher neuronaler Netze,
was ihm erfaubt, vorausschauend Entscheidungen zu treffen. Das Besondere: Die Studierenden
konnten damit einen Erfolg auf einem Feld feiern, das sonst von Giganten wie Google dominiert
wird,
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Al assists you




However, Al is harder then you think!



However, Al is harder then you think!



\

T

—————————————

However, Al is harder then you think!
\ RN



Current Biology

< Prowuns Alaw Volume 27, hage S, pDIT-J822. 00, 19 Septarmber 2017
sErosT o 2 View
Humans, but Not Deep Neural Networks, Often Miss Giant Targets in
Scenes —p—
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However, Al is harder then you think!



Exploit the difference of heights, hence
viewing angles, of the camera and the driver

Self-driving car’s
@ camera sees “no
overtaking™ sign

Human driver sees
“speed limit (60)" sign

Fake traffic Sign
(Lenticular Attack) 0,

-4

Self-driving car

[Sitawarin et al. arXiv 1802.06430, 2018]

Dos WEAT Bias Don’ts WEAT Bias

smile 0.116 0.348 rot -0.099 -1.118
sightsee  0.090 0.281 negative -0.101 -0.763
cheer 0.094 0.277 harm -0.110 -0.730 sosourbe
celebrate  0.114 0.264 damage -0.105 -0.664
picnic 0.093 0.260 slander -0.108 -0.600
snuggle  0.108 0.238 slur -0.109 -0.569

[Jentzsch, Schramowski, Rothkopf, ‘e%e.
Kersting AIES 2019] X§I

AAAI /| ACM conference on
ARTIFICIAL INTELLIGENCE,
ETHICS, AND SOCIETY

SHARE

Jacky lives on @jalcine@playvicious.social now. W
@jackyalcine

Google Photos, y'all fucked up. My friend's not a gorilla.
02,368 2:22 AM - Jun 29, 2015

© 3,515 people are talking about this >

REPORTS PSYCHOLOGY
Semantics derived automatically from language
corpora contain human-like biases

Aylin Caliskan'-', Joanna J. Bryson'~-", Arvind Narayanan'-*

+ See all authors and affiliations

Science 14 Apr 2017
334

Vol. 356, Iss
DO 10.112

However, Al is harder then you think!
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Getting deep systems that know when
they don’t know and co-evolve with the
humans

Teso, Kersting AIES 2019
s1ell the Al when it is w

. X ) AAAI / ACM conference on
right for the wrong B R B .x;’x. ARTIFICIAL INTELLIGENCE,
reasons and it adapts Wﬁﬁ?#mmmzmwmm ° ’.I. ETHICS, AND SOCIETY

ist behavior”
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Centre for Cognltlve Science at TU Darmstadt
) 7 LRGSR
The twin science: cognitive science
"How do we humans get so much from so little?" and by that
| 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 Ilttle energy.
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Josh Tenenbaum, MIT
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Lake, Salakhutdinov, Tenenbaum, Science 350 (6266), 1332-1338, 2015
Tenenbaum, Kemp, Griffiths, Goodman, Science 331 (6022), 1279-1285, 2011
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What can | help
you with?

And this is Al

It Is a revolution but there is
still a lot to be done!

’ ——.—..—
Prof. Dr. Kristian Kersting
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