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Al in Finance 2018
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So, Al has many faces
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The Quest for
a ,good” Al

How could an Al 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?

, 1 he Ethics of Artificial
Intelligence” Cambridge ‘
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Handbook of Artificial :
Intelligence, 2011 -M M [

Nick Bostrom

Eliezer Yudkowsky

MACHINE INTELLIGENCE
RESEARCH INSTITUTE




One of the
key questions:

Can we teach

morality
to machines?







alNIERE
are

smart

https://www.youtube.com/watch?v=
XQ79UUI0eWc



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

Al asks, can
machines be
smart, too?

,,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?

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

Al = Algorithms for ...
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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)
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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

1

John McCarthy
Turing Award 1971

Marvin Minsky
Turing Award 1969

Allen Newell
Turing Award 1975

Herbert A. Simon
Turing Award 1975
Nobel Prize 1978



The Perceptron to
distinguish As an Bs

1) present pattern

output neuron
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2) some first layer neurons spike
layer of neurons

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”

input pattern




The Perceptron
Learning Algorithm

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

* change nothing
layer of neurons

output neuron

4) if output incorrect:

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

correctly

5) repeat until no more errors




A very short history of Al

expert systems
neural networks

‘ Peaks of Inflated Expectations (_ | I ?

Plateau of Productivity

Slope of Enlightenment

Troughs of Disillusionment

Technology Trigger

1956




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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https://www.youtube.com/watch?v=sdUHX72qxeY

Current Biology

« Pyveveing Ataw Volume 27, ssue Y8, pRIT- 3812 2l 19 September 2017 Mo ATuve >
R rORT Swich » Suaandar? Vieow
Humans, but Not Deep Neural Networks, Often Miss Giant Targets in
Scenes
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Jacky lives on @jalcine@playvicious.social now. W
@jackyaicine

Google Photos, y'all fucked up. My friend's not a gorilla.
2,368 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

14 Apr 20
3

| Original Finding __Our Finding
Target words  Attrib. words Ref | N d > N Na | d >
Howeesvs Pleasantvs | o | 59 | 135 | 108 |25x2 | 25x2 | 1.54 | 107
insects P
Instrumeats vs | Pleasantvs | o) | 39 | 65| 10-10 |25y | 25x2 | 1.63 | 108
weapons I
B o Pleasant vs
vs Afr.-American ) | 26 |117| 1075 |32x2|25%x2 | 0.58 | 10~2
unpleasant
names
Eur.-American Pl Vs
vs Afr.-American @ Not applicable 18x2 | 25x2 | 1.24 | 1073
unpleasant
names
Eur.-American Pleasant vs
vs Afr.-American unpleasant (7 Not applicable 18x2 | 8x2 | 0.72 | 1072
names from (5)
Malevsfemale | Careervs | ) | g9; | 072 | 10-2 |8x2|8x2 | 1.89 | 104
L Damics _ family B i i : i d !
Math vs arts e vs 9 | 28k | 082 | <102 | 8x2|8x2 | 097 | .027
| |_female terms | it i 1 ! ,
Science vs arts AERA v o) | 91 147 102 |8x2|8x2 | 124 | 102
female terms
P =
Wi PORRIYVS | 23)| 135 | 101 | 1078 | 6x2|7x2 | 1.30 | .012
AUty P ohd Pleasant vs | g | 4oy | 149 | <102 | 8x2 | 8x2 | —.08 | 0.57
people’s names unpleasant




So, Is
teaching
morality

to machines
hopeless?
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The Moral Choice Machine <z

L AAAI / ACM conference on

Not all stereotypes are bad B e

Generate embedding for new
question ,,Should | ... ?“
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[Jentzsch, Schramowski, Rothkopf,

The Moral Choice Machine «esing Aeszoie
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kultur,sendung-56324.html Darmstadt versuchen, Maschinen ... [Videoseite]
hauptsache kultur | 14.03.19, 22:45 Uhr



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

Algorithms of intelligent behaviour
teach us a lot about ourselves

TSI S P PR L~ .

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.

‘ - T
ol SRR
: Centre for Cognitive Science at TU Darmstadt
. Establishing cognitive science at the Technische Universitat Darmstadt is a long-term commitment across Centre for
"' multiple departments (see Members to get an impression on the interdisciplinary of the supporting groups m Cognitive
and departments). The TU offers a strong foundation including several established top engineering groups in Science

* Germany, a prominent computer science department (which is among the top four in Germany), a

".' ~ t—‘_ o4

Josh Tenenbaum, MIT

Lake, Salakhutdinov, Tenenbaum, Science 350 (6266), 1332-1338, 2015
Tenenbaum, Kemp, Griffiths, Goodman, Science 331 (6022), 1279-1285, 2011




So yes there seems
to be ways to teach
moral to machines

but there is still a lot to be
done! Al is a team sport.
We need you!




