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Recognizing Regularities
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What is Intelligence?

Recognizing Analogies

c |

Given: Boxes A and B

Task: From the boxes 1 to 5, select the one that relates to C in the same way as B relates to A.



What is Intelligence?

Certain human activities require intelligence (regardless of the definition of the term), e.g.,

planning a combined train-bus journey
proving mathematical theorems
seeing and recognizing objects
creating medical diagnoses

arguing in a discussion

o 0O 0 U o
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What is Intelligence?

Certain human activities require intelligence (regardless of the definition of the term), e.g.,

planning a combined train-bus journey
proving mathematical theorems
seeing and recognizing objects
creating medical diagnoses

arguing in a discussion

o U 0 U o

“Artificial Intelligence is the science
of making machines do things
that would require intelligence if done by men.
[Marvin Minsky 1966]

"

Marvin Minsky (1927 - 2016)



What is Intelligence?

“Computing Machinery and Intelligence” is a seminal
paper written by Alan Turing on the topic of artificial
intelligence. The paper, published in 1950 in the MIND
journal, was the first to introduce his concept of what is
now known as the Turing test to the general public.

— a movie tip

Alan Turing (1912 - 1954)
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https://en.wikipedia.org/wiki/The_Imitation_Game

What is Intelligence?

The Turing Test (Alan Turing 1950) O
o

The Turing Game



https://turing-test.web.webis.de/

What is Intelligence?
The Chinese Room (John Searle 1980)
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What is Intelligence?
The Chinese Room (John Searle 1980)
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What is Intelligence?
The Chinese Room (John Searle 1980)

V

3+4=7
4Xx4 =46
!; 8-3x5

L7

DL




What is Intelligence?

The Two (Main) Views on Atrtificial Intelligence

1. Weak Al.
A computer (plus program) is capable of performing a specific task that it is designed to do.
A computer (plus program) is only an instrument for investigating cognitive processes.

2. Strong Al.
The “correctly” programmed processes in the computer are mental processes.

Computers that are equipped with the “correct” programs can be said to have
understanding.

Weak Al = a computer simulates intelligence

Strong Al = a computer is intelligent

The Turing Game



https://turing-test.web.webis.de/

History of Artificial Intelligence

Trends and Periods between 1956 and 1990



History of Artificial Intelligence Hour of Birth

1956 Summer seminar in Dartmouth.
Founded by Marvin Minsky, John McCarthy, Allen Newell, Herbert A. Simon, and others:

HxBE
 WAVER
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https://www.google.com/maps/place/Dartmouth+College/@43.7044406,-72.2912684,17z/data=!3m1!4b1!4m6!3m5!1s0x4cb4c9dd4f758911:0xbdb8574c4db908cc!8m2!3d43.7044406!4d-72.2886935!16zL20vMDJicXk

History of Artificial Intelligence ciassic period

1956 Search for general principles to solve arbitrary problems. Applying the principles to simple
1965 problems (Blocks World among others).
I
E

General Problem Solver, GPS, by Newell, Shaw, and Simon.

(some success, but could not be generalized; development discontinued).
Findings:

— guided traversal of the search space as a form of problem solving

— efficient search requires powerful heuristics

— general problem solving is too difficult



History of Artificial Intelligence Romantic Period

1965 Specialized programs. Concentration on basic methods and techniques:

1975 _ problem description and formalization

— knowledge representation
— search strategies

Findings:
— some progress, but no breakthrough; no results that can be used in practice
— general-purpose — multi-purpose

©WEBIS 2024



History of Artificial Intelligence wmodem period

>1975 Recognizing the importance of problem-specific knowledge. Problem-solving ability
depends more on specific knowledge than on the general problem-solving strategy.

Addressing practical problems, interviewing experts, developing expert systems.

Famous application: MYCIN (1976)
— supporting doctors in the diagnosis of bacterial infections

— MYCIN simulates the ability of an expert in a narrow area, whereby the expert’s
knowledge must be available in a formalized form.

Findings:

— “In the knowledge lies the power.” [Davis 1982

— methods for knowledge acquisition and representation are essential
— multi-purpose — special-purpose

20 ©WEBIS 2024



History of Artificial Intelligence

>1985 Development of direct and inductive knowledge acquisition components to overcome the
“knowledge engineering bottleneck”.

Temporal logic, non-monotonic and uncertain reasoning, fuzzy logic, natural-analog search
methods (neural networks, genetic algorithms, simulated annealing)

Insight:

— expert systems are not a panacea



History of Artificial Intelligence
>1985 Development of direct and inductive knowledge acquisition components to overcome the
“knowledge engineering bottleneck”.

Temporal logic, non-monotonic and uncertain reasoning, fuzzy logic, natural-analog search
methods (neural networks, genetic algorithms, simulated annealing)

Insight:

— expert systems are not a panacea

>1990 Distributed Al systems, multi-agent systems.
Specialization of methods for specific applications.

Extension of natural analogue search methods with problem-specific components:
knowledge-intensive search and optimization techniques.

Insight (again):
— in the knowledge lies the power



History of Artificial Intelligence (continueq

Language Models



“You shall know a word by the company it keeps.”

[John Rupert Firth, 1957]

Keyword: “Distributional Semantics” (Key players: J. R. Firth, Zellig S. Harris, in the 1950s)


https://en.wikipedia.org/wiki/John_Rupert_Firth

“You shall know a word by the company it keeps.”

[John Rupert Firth, 1957]

We interpret words (give them meaning) through their context.

Example:
(@) I saw a jaguar in the =zoo.

(b) The jaguar won the formula 1 race.

Keyword: “Distributional Semantics” (Key players: J. R. Firth, Zellig S. Harris, in the 1950s)


https://en.wikipedia.org/wiki/John_Rupert_Firth
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Selected basis
technology

A statistical language model
is a probability distribution over all possible texts.
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7 -
/ Statistical machine translation

2000 2002 2004 2006 2008 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026

technology

Selected basis

1950 1960 1970 1980 1990 1995

A statistical language model
is a probability distribution over all possible texts.

(1) i love my ?

(2) see ... works.

©WEBIS 2024

27


https://netspeak.org/#q=i+love+my+?
https://netspeak.org/#q=see+...+works

//_/////////////////_/////

7 -
; Statistical machine translation

2000 2002 2004 2006 2008 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026

Selected basis
technology

1950 1960 1970 1980 1990 1995

A statistical language model
is a probability distribution over all possible texts.

(1) 1 love my ?

(2) see ... works.

Word prediction means probability maximization -

p(i love my cat) > p(i lovemy car) > p(i love my family)

©WEBIS 2024
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https://netspeak.org/#q=i+love+my+?
https://netspeak.org/#q=see+...+works

Selected basis
technology

7 //_/////////_////////_/////
/ Statistical machine translation

1950 1960 1970 1980 1990 1995

A statistical language model
is a probability distribution over all possible texts.

(1) i love my ?

(2) see ... works.

Word prediction means probability maximization:
p(i love my cat) > p(i lovemy car) > p(i love my family), where

11 t) = 1) - p(l 1) - 11 - t| 11 |
p(i love my cat) = p(i)-p(love | i) p(my | i love): p(cat| ilovemy )
order of the LM

29
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https://netspeak.org/#q=i+love+my+?
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/ Statistical machine translation

2000 2002 2004 2006 2008 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026

Selected basis
technology

1950 1960 1970 1980 1990 1995

A statistical language model
is a probability distribution over all possible texts.

(1) 1 love my ?

(2) see ... works.

Sentence translation means probability maximization :

p(ich liebe meine katze | i love my cat) >
p(ich jage meine katze | i love my cat) >

p(ich habe keine katze | i love my cat)
©WEBIS 2024
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https://netspeak.org/#q=i+love+my+?
https://netspeak.org/#q=see+...+works

Selected basis

3

technology

1950

1

1960

1970

1980

1990

v /////////////////////
g// Neural machine translation //

1995 2000 2002 2004 2006 2008 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026

A neural language model
tackles the probability maximization via loss minimization.

©WEBIS 2024



Selected basis
technology

i Feedforward Neural Network (implementation of single perceptron, Rosenblatt 1958)

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026

1995 2000 2002 2004 2006 2008 2010 2011

1950 1960 1970 1980 1990

A neural language model
tackles the probability maximization via loss minimization.

Wy

> Output
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i Feedforward Neural Network (implementation of single perceptron, Rosenblatt 1958)
2022 2023 2024 2025 2026

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

1950 1960 1970 1980 1990 1995 2000 2002 2004 2006 2008 2010 2011

A neural language model
tackles the probability maximization via loss minimization.
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i Multilayer Perceptron with backpropagation (Werbos 1982, Rumelhart 1982)
i Backpropagation with automatic differentiation (Linnainmaa 1970)

Selected basis
technology

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026

1980 1990 1995 2000 2002 2004 2006 2008 2010 2011

1950 1960 1970

A neural language model
tackles the probability maximization via loss minimization.

Y (output) € (target)

A

N
N
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i Recurrent Neural Network (Hopfield 1982)
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A neural language model
tackles the probability maximization via loss minimization.

t=1...T
©WEBIS 2024
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i Recurrent neural language model with attention (Bahdanau et al. 2014)

technology

i Neural language model (Bengio et al. 2000)
2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

2022 2023 2024 2025 2026

Selected basis

1995 2000 2002 2004 2006 2008 2010 2011

1950 1960 1970 1980 1990

A neural language model
tackles the probability maximization via loss minimization.

katzen

f
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Neural language model (Bengio et al. 2000) Recurrent neural language model with attention (Bahdanau et al. 2014)

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026

1950 1960 1970 1980 1990 1995 2000 2002 2004 2006 2008 2010 2011

A neural language model
tackles the probability maximization via loss minimization.
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1990

Neural language model (Bengio et al. 2000) Recurrent neural language model with attention (Bahdanau et al. 2014)
1995 2000 2002 2004 2006 2008 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

2022 2023 2024 2025 2026

A neural language model
tackles the probability maximization via loss minimization.

start> katzen mdgen
LA LA
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Selected basis
technology

1950
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1970

1980

1990

i Neural language model (Bengio et al. 2000) i Recurrent neural language model with attention (Bahdanau et al. 2014)
1995 2000 2002 2004 2006 2008 2010 2011

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

2022 2023 2024 2025 2026

A neural language model
tackles the probability maximization via loss minimization.

(A SRR SR SR
ogs <start> katzen mdgen hunde nicht
LA LA LA LA
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Selected basis
technology

1950

1960

1970

1980

1990

i Neural language model (Bengio et al. 2000) i Recurrent neural language model with attention (Bahdanau et al. 2014)
1995 2000 2002 2004 2006 2008 2010 2011

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

2022 2023 2024 2025 2026

A neural language model
tackles the probability maximization via loss minimization.

______________ Attention, :
: <end>
R (R T S S T R

(A SRR SR SR
ogs <start> katzen mdgen hunde nicht
LA LA LA LA
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i The Transformer (Vaswani et al., Google 2017)
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technology

1950 1960 1970 1980 1990 1995 2000 2002 2004 2006 2008 2010 2011

<context-dependent representation>
A

BERT
p
—>( Add & norm )
T
( Feed forward )
n>< “
—>( Add & norm )
T
Multi-head
attention
N )

L
D

Positional
encoding J
A

<sentence>

Transformer models catalog (Amatriain 2023)

{ BERT (Devlin et al., Google 10/2018)
QPT (Radford et al., OpenAl 6/2018)
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GPT

_|.->- Parameters


https://docs.google.com/spreadsheets/d/1ltyrAB6BL29cOv2fSpNQnnq2vbX8UrHl47d7FkIf6t4

InstructGPT (Ouyang et al., OpenAl 2022)
i RLHF (Christiano et al., OpenAl, Google 2017)

Selected basis
technology

2022 2023 2024 2025 2026

2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

1995 2000 2002 2004 2006 2008 2010 2011

1950 1960 1970 1980 1990

________________________________________ Computing / Training
Wikipedia 11GB Books 21GB 175,000,000,000 355 years on a single Tesla V100 GPU.
Journals 101GB  Reddit 50GB (175 - 10%) * ~ 34 days on 1,024 x A100 GPUs.
Common Crawl 570GB + $4.6M costs a single training run.

Parameters

N

GPT-3 [Jun. 2020]

Transformer models catalog (Amatriain 2023)
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InstructGPT (Ouyang et al., OpenAl 2022)
i RLHF (Christiano et al., OpenAl, Google 2017)
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Parameters Computing / Training

Wikipedia 11GB Books 21GB 175,000,000,000 355 years on a single Tesla V100 GPU.
» ~ 34 days on 1,024 x A100 GPUs.

Journals 101GB Reddit 50GB (175 - 109)
Common Crawl 570GB + $4.6M costs a single training run.

N

GPT-3 [Jun. 2020]

+ Learn to follow instructions and to comply with answer policies.
(1) Fine-tuning of GPT-3 to follow instructions: 13,000 popular prompts with hand-written answers.

(2) Training of a reward model: 33,000 prompts with 4-9 answers, ranked from best to worse.
(3) Training of the fine-tuned GPT-3 model from Step (1) to follow the reward policy.

7

GPT-3.5 (InstructGPT) [Jan. 2022]

Transformer models catalog (Amatriain 2023)
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InstructGPT (Ouyang et al., OpenAl 2022)
{ RLHF (Christiano et al., OpenAl, Google 2017)
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Parameters Computing / Training

Wikipedia 11GB Books 21GB 175,000,000,000 355 years on a single Tesla V100 GPU.
» ~ 34 days on 1,024 x A100 GPUs.

Journals 101GB Reddit 50GB (175 - 109)
Common Crawl 570GB + $4.6M costs a single training run.

N

GPT-3 [Jun. 2020]

+ Learn to follow instructions and to comply with answer policies.
(1) Fine-tuning of GPT-3 to follow instructions: 13,000 popular prompts with hand-written answers.

(2) Training of a reward model: 33,000 prompts with 4-9 answers, ranked from best to worse.
(3) Training of the fine-tuned GPT-3 model from Step (1) to follow the reward policy.

7

GPT-3.5 (InstructGPT) [Jan. 2022]

+ Fine-tuning of GPT-3.5 to comply with even stricter guardrails.

T

ChatGPT [Nov. 2022]

Transformer models catalog (Amatriain 2023)
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InstructGPT (Ouyang et al., OpenAl 2022)
i RLHF (Christiano et al., OpenAI, Google 2017)
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» ~ 34 days on 1,024 x A100 GPUs.

Journals 101GB Reddit 50GB (175 - 109)
Common Crawl 570GB + $4.6M costs a single training run.
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GPT-3 [Jun. 2020]

+ Learn to follow instructions and to comply with answer policies.
(1) Fine-tuning of GPT-3 to follow instructions: 13,000 popular prompts with hand-written answers.

(2) Training of a reward model: 33,000 prompts with 4-9 answers, ranked from best to worse.
(3) Training of the fine-tuned GPT-3 model from Step (1) to follow the reward policy.

7

GPT-3.5 (InstructGPT) [Jan. 2022]

+ Fine-tuning of GPT-3.5 to comply with even stricter guardrails.

T

ChatGPT [Nov. 2022]

Transformer models catalog (Amatriain 2023)
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Al Research at the Webis Group
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Al in ML Education.

Al in Media Design.

Al in Authorship Analytics.
Al in the Humanties.

Al in NLP research.

Al in Political Sciences teaching.

Al in Social Sciences research.

Al in Web Search.

The InfoBot Project

Futuring Machines

LLM detection

Automatic discourse generation
|dentifying the values behind arguments
The SKILL project

Curating social media feeds

Retrieval augmented generation

©WEBIS 2024



The Infobot PrOjeCt (resources)

Webis.de » Lecturenotes » Courses Map

Courses Map

The table below organizes the Webis courses (see copyright), which cover relevant contents from our research areas. Clicking a table cell will bring you to the respective course slides.
criterion to see at which universities or at what level our courses are taught.

Click here to filter..

Graphalgorithmen

Konzey Br L e ] - Entwurfsthearie Physischer
Datenbanken Einfuhrung ik sqQL relationaler Datenbank-
entwurf Datenbanken entwurf
; - ix Vet Kumrnumkalmz] Dokument- Server- Client- Architekturen und :
‘Web-Technologie Einfithrung und Protokolle fiir | Semantic Web
E= sprachen Technologien Technologien Middleware
Web-Systeme

TextModels  Language Modeis Words

Semantics Discourse Bias and Fairness

NLP Applications

Die

Hypothesentests
MNormalverteilung »

Support Vector

lecturenotes.webis.de

©WEBIS 2024


https://webis.de/lecturenotes/courses-map.html

The Infobot PrOjeCt (resources)

Courses Map

The table below organizes the Webis cours

criterion to see at which universities or aty

Click here to filter..

Algorithmen und
Datenstrukturen

Datenbanken

Web-Technologie

Information
Retrieval

Natural
Language
Processing

Wahrscheinlich-
keitstheorie und
Statistik

Machine

Kon £
Einfihrung Da ¥
e ¥
Kami
Einfiihrung und Pi

Vel Evsluating Effectveness

Logistic Regression

Waht
kel

Einfiihrung

Machi

From Regrossion 1o Cia:

[r—

Evatuating Effectveness

[ —

Logestic Regression

From Regreasion 1o Classification

Evatuating Effectiveness

Dutrmnan s psse

Logmtic Regreasion

LECTUREN!

From Regression 1o Classification

[ - p——

Evaiuating Effectiveness

L

From Regreasion 1o Classification

From Regression o Classification

Mbrvarzm WSS o v o b

Evaiuating Effectrveness



https://webis.de/lecturenotes/courses-map.html

The Infobot Project

a exploit own teaching resources
— recognize formalization dialectics

Infobot

o consider all Webis courses
— show impact on related fields

o combine slides with explanations
— show additional connections
— provide the best entry points

o consider dialog context
— allow for followup question

o learning theory perspective
» encourage to draw conclusions

Enfer your message...

« consider individual prior knowledge
https://infobot.webis.de « construct individual mental model
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https://infobot.webis.de/

Futuring Machines
Write stories about the future with the help of Al

Weimar in 2050
o (funded by Bauhaus Forschungswerkstatt)
’1.".I1(.: pr.ot.ag.cmiér ,

Ursula is retired

- She previously worked at a restaurant ) |et the Al Write parts Of your Story

- She feels pain moving her legs

* continue the story

The smart city where they live

- Weimar, Germany in 2050 ° add a new perSpeCtlve
The topic & themes ® Condense passag es
Mobility for elderly people
- Omnipresent use of smartphones ° elaborate on passages

- Connection between her smartphone and the city. e.g.. the traffic

lights, buses, refreshment offerings, calling a doctor

o reflect on what the Al suggests
— are you describing utopia or dystopia?

Ursula leaned against the counter in her cozy Weimar apartment,
wincing as she shifted her weight onto one leg. Her hushand, Hans.

looked up from his tablel. concern etched on his I'uce_| N When wou Id thlngs deve|op dlffe rently?

prompts

Fdl . Lo i o AT
| continue writing || continue with tone || address impacts || question || wildcards |
', N R AN . 4

< P4

I(add new perspective ‘|I' push timeline ‘_I
2 R 4% g

&

b

¥ Al hx)

https://futuringmachines.webis.de
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https://futuringmachines.webis.de

Al Tools for Administrative Tasks

https://files.webis.de/teaching/buw-ki-inhouse-seminar-24/


https://files.webis.de/teaching/buw-ki-inhouse-seminar-24/

4a. Translation
DeepL

Problem 1: Translate text.

Problem 2: Improve foreign language writing.

—_— ®
g DeepL | Translator v | ® 9 Start free trial = Menu
%, [Transiate text @ Translate files A DeepL Write

A 33 languages pdf, docx, .pptx “* Al-powered edits

German (detected) v 2 English (American) v @D Glossary

X

Nutzung von Kl im Universitatsalltag Use of Al in everyday university life

Alternatives:

Using Al in everyday university life
Use of Al in day-to-day university life

Use of Al in everyday life at the university

©
J
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https://www.deepl.com

4b. Transcription
OpenAl Whisper

Problem: Record the spoken word of a meeting or talk and convert it into text.

Example: “The agenda items of the next faculty board meeting include updates from the dean,
discussions on curriculum changes, faculty hiring and development, student enrollment trends,
budget planning, and campus facilities projects.”

Transcription from recording or real-time transcription.

Whisper Large V3: Transcribe Audio

Transcribe long-form microphone or audio inputs with the click of a button! Demo uses the OpenAl Whisper checkpoint apenai/whisper-large-v3 and & Transformers

to transcribe audio files of arbitrary length.

> @ 0:00 o) — The agenda items of the next faculty board meeting include updates
from the Dean, discussions on curriculum changes, faculty hiring and
development, student enroliment trends, budget planning and
campus facilities projects.

o transcribe translate

Clear Submit


https://openai.com/index/whisper/
https://huggingface.co/spaces/openai/whisper
https://huggingface.co/spaces/KingNish/Realtime-whisper-large-v3-turbo

4c. Document Summarization
Smallpdf Al

Problem: Get a summary of a (long) PDF document and ask questions about its content.

Example: Faculty board reports

]

Fasse fiir mich die Ergebnisse aller Abstimmungen zusammen

n' Die Ergebnisse der Abstimmungen sind wie folgt:
1. Berufungskommission: Einstimmige Zustimmung mit 12 Stimmen dafiir, 0 dagegen, 0 Enthaltungen.
2. Empfehlung fiir Hochschulpreis: Relative Mehrheit mit 8 Stimmen dafiir, 0 dagegen, 4 Enthaltungen.

3. Evaluierung: Einigkeit tiber die Durchfiihrung alle zwei Semester, jedoch keine Abstimmungsergebnisse
angegeben.

Insgesamt gab es keine Gegenstimmen oder Enthaltungen bei den wichtigsten Abstimmungen.
p.l1 p.2 p.3 p5 p6 pT
Suggested questions
What was the date and location of the faculty council meeting?

Who were the attendees present at the meeting?

What was the outcome of the vote regarding the representation of the Media Economics professorship? »


https://smallpdf.com/ai-pdf

4c. Document Summarization

NotebookLM (requires Google account

Problem: Get a summary of a (long) PDF document and ask questions about its content.

Example: Faculty board reports

57

& Quellenlibersicht

Forschi beit hit 151 *innen der

Da Frau Dr. Hegner kein Mitglied der Universitat ist, kann sie formal nicht an Sitzungen der
Berufungskommissionen teilnehmen. Die Vergabe des entsprechenden Mitgliedschaftsrechts an der
Bauhaus-Universitit Weimar organisiert die Universititsleitung in enger Absprache mit dem Justitiariat
iber eine Zweithdrerschaft, Ober die Aufnahme als beratendes Mitglied in die jeweilige

: ion besch i Aus diesem Grund bittet der Dekan um ein Votum

e
gemah falgendem Beschlussvorschlag.

Der erweiterte Fakultitsrat beschlieBt, Frau PD Dr. Victoria Hegner fir die Berufungskommission
o i und Theorie der Kulti n* (W3-Professur) als zusitzliches beratendes Mitglied
gemaf Berufungsordnung § 5 (4) zu benennen.

dafir: 10
dagegen; [+]
Enthaltung: 1

TOP& fiir

Der Dekan leitet diesen Tagesordnungspunkt ein, merkt an, dass die Entwurfsfassung der
Rahmenordnung den Mitgliedern des Fakultatsrats mit der Einladung zugegangen sei und abergibt das
Wort an Dr. Jakoby. Dieser erliutert die aktuelle Fassung der Ordnung, die er vor cinigen Wochen in
seiner Funktion als Studiendekan an die Lehrenden der Fakultit Medien Obermittelt hat. Dr. Jakoby
merkt an, dass es bereits einige schriftliche Rickmeldungen von den Lehrenden dazu gab, die er
gesammelt hat, Im heutigen Fakultitsrat solle es die Miglichkeit einer Diskussion dariiber geben
Ebenso fordert er die Anwesenden auf, weiterhin Anmerkungen schriftlich an ihn zu richten.

Dr. Jakoby Gbergibt das Wort an Frau Reese, die erganzt, dass die Rahmenordnung gemal den
Richtlinien des ThirHG so schmal wie maglich gehalten werden solle, um vorzubeugen, dass weiterhin

alle Studien- und P der Bauh, Weimar gepriift und geandert werden
miissten, sobald das Ubergeordnete ThirHG gedndert wilrde, In der Rahmenordnung seien allgemeine
Dinge geregelt, berichtet Frau Reese. Die finale wird im huss im Mai und

ggf. auch im Juni besprochen, erliutert sie.

In der sich anschlieBenden Diskussion gibt Dr. Jakoby seinen Bedenken Ausdruck, dass die

dber den studi ischen Studien- und Prifungsordnungen stehe. Diese
Bedenken liegen ihm auch als schriftliche Rickmeldung aus dem Kollegium vor. Prof. Hornecker merkt
an, dass es beispielsweise problematisch sein kanne, wie in § 5 Absatz 2 der Rahmenordnung geregelt,
dass das erste Fachsemester nicht im Sommersemester begonnen werden konne, explizit weil andere
Universititen konkret damit werben

Dr. Jakoby ruft dazu auf, Rickmeldungen zur Rahmenordnung bis zum Freitag, 17.05.2024 um
12:00 Uhr an ihin zu senden, damit er die Anmerkungen aufnehmen kénne und diese an den
Studienausschuss/Frau Kopf weiterleiten konne.

Er weist nochmals darauf hin, dass Doppelungen vermieden werden sollen, was also berelts in der
Rahmenordnung geregelt sei, solle nicht nochmals in den studiengangspezifischen Studien- und
Prafungsordnungen geregelt werden, um diese generell verschlankt und zusammengefasst zu erstellen,
nachdem die Rahmenordnung durch den Senat verabschiedet worden sel.

TOP 7 - Bauhaus-Module

Praf Finmann aroraift dac Wart ind arliubert dan Hintararind der Rahane-Madils cn dacs dines

Fasse fiir mich die Ergebnisse aller Abstimmungen zusammen

Zusammenfassung der Abstimmungsergebnisse

In der Sitzung des Fakultatsrats der Fakultat Medien an der Bauhaus-Universitat
Weimar am 15. Mai 2024 wurden mehrere Abstimmungen durchgefiihrt. Hier ist eine
Zusammenfassung der Ergebnisse:

@ TOP 6: Rahmenoerdnung fiir die Bachelorstudiengénge: Der Fakultatsrat einigte
sich einstimmig auf die von Dr. Jakoby vorgeschlagene Rahmenordnung fir die
Bachelorstudiengénge. 1

@ TOP 8: Universitatspreis fiir Studierende und
Nachwuchswissenschaftler:innen:

©In der Kategorie Studierende wurde Morris Florek mit &6 Stimmen fiir den
Universitatspreis ausgewahlt. 2

@ In der Kategorie Nachwuchswissenschaftler:innen wurde Herr Tim Othold
seine Dissertation vorgeschlagen und einstimmig nominiert. 3

Die weiteren Tagesordnungspunkte wurden ohne Abstimmung diskutiert. 2 4 5 &

i} cn 1 In Notiz speichern

Wie beurteilt der Dekan die Wichtigkeit der Bauhaus-Module? Was war das Thema d >

=
=

Text eingeben...

Chat schlieBen 10Quelle ) % Notebook-Ubersicht

NotebookLM kann Fehler machen, also (berprifen Sie die Antworten.
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4d. Text Generation
Perplexity

Problem: Ask questions and receive an answer text and references to related resources.

Example question: Auf wie viele Jahre sind Vertrage von wissenschaftlichen Mitarbeitern

befristet nach dem Wissenschaftszeitgesetz?

Auf wie viele Jahre sind Vertrage von
wissenschaftlichen Mitarbeitern befristet nach
dem Wissenschaftszeitgesetz?

oo Sources

Wissenschaftszeitvertrag  [PDF] Wi haftlich Wi tezeitvertrag | hew 9.? a;'
- Wikipedia Mitarbeiterinnen und - BMBF
Mitarbeiter nach dem .
w dewikipodia -1 i hity - 2 L hbmibl 3 Show all
%1 Answer

Das Wissenschaftszeitvertragsgesetz (WissZeitVG) regelt die Befristung von
Arbeitsvertragen fur wissenschaftliches Personal in Deutschland. Die wichtigsten Punkte
zur Befristung sind:

Befristungsdauer

« Vor der Promotion: Wissenschaftliche Mitarbeiter, die noch nicht promoviert sind,
kénnen Vertrage bis zu einer Dauer von sechs Jahren abschliefen 2 5.

» MNach der Promotion: Nach der Promotion kénnen weitere sechs Jahre
hinzukommen, was sine maximale Befristungsdauer von insgesamt zwolf Jahren
ergibt, sofern die Qualifizierung dies erfordert + 2.
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B8 Generate Image
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4d. Text Generation
Academic Cloud Chat Al (login with university account)

Problem: Draft an administrational text.

Exampe prompt: Write an email to students saying that the lecture “Introduction to Machine
Learning” is postponed to the 20th of November at the reqular time (9:15 am). Highlight the
important parts in bold font by adding HTML tags at the appropriate places and provide a
German translation.

Sure! Here is the email:
Subject: Update: Lecture "Intreduction to Machine Learning” postponed
Dear Students,

we would like to inform you that the lecture "Introduction to Machine Learning” has been postponed to November 20th. The lecture will still take place at the
regular time of 9:15 am.

Please update your schedules accordingly. We apologize for any inconvenience this may cause and appreciate your Flexibility.
Thank you For your understanding.

Best regards, [Your Name]

German Translation:

Betreff: Aktualisierung: Vorlesung "Einfuhrung in Machine Learning” verschoben

sehr geehrte Studierende,

Wir méchten Sie dariiber informieren, dass die Varlesung "Einfiihrung in Machine Learning” auf den 20. November verschaben wurde. Die Vorlesung findet
weiterhin zur reqularen Zeit um 9:15 Uhr statt.

Bitte passen Sie lhre Termine entsprechend an. Wir entschuldigen uns fiir eventuelle Unannehmlichkeiten und danken fir Ihre Flexibilitat.

Mit Freundlichen Gruen, [thr Name]


https://chat-ai.academiccloud.de/

4d. Text Generation

ChatGPT

Problem: Draft an administrational text.

60

Write an email to students saying that the lecture “Introduction to Machine Learning” is postponed to the 20th of November at the regular
time (9:15 am). Highlight the important parts in bold font by adding HTML tags at the appropriate places and provide a German translation.

English Version:

Subject: Update: Postponement of "Introduction to Machine Learning" Lecture

Dear Students,

We would like to inform you that the lecture “Introduction to Machine Learning” has been postponed. The session will now take place on November 20th at the regular time, 9:15 am.
Please mark this change in your schedules, and feel free to reach out if you have any guestions or concerns.

Thank you for your understanding.

Best regards,

[Your Name]

[Your Position]

German Version:

Betreff: Aktualisierung: Verschiebung der Vorlesung ,,Einfiihrung in Machine Learning”

Liebe Studierende,

wir méchten Sie dariiber informieren, dass die Vorlesung ,Einfiihrung in Machine Learning” verschoben wurde. Die Veranstaltung findet nun am 20. November zur regularen Zeit um 9:15 Uhr statt.
Bitte tragen Sie diese Anderung in Ihren Kalender ein und melden Sie sich bei Fragen oder Anliegen gern bei uns.

Vielen Dank fur Ihr Verstandnis.

Mit freundlichen Griifien,

[Thr Name]

[Ihre Position]

Let me know if you'd like additional details in the email or any adjustments to the wording!

©WEBIS 2024
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Al Tools for other Tasks



5a. Music Generation
Suno Al (requires account)

Problem: Create a song to a specific event.

Example prompt (ChatGPT): Wb L/ KT am Campus
Schreibe ein Lied zu diesem Seminar: - Teurge Baleae

ViFi: Nutzung von Kl im Universitéatsalltag - Prof. : i e l B
Benno Stein zeigt, was mdglich ist e oo on
Anschreiben verfassen ... - — Novermber 14,2024 a1 631 PM 18
Example prompt (Suno Al): " e
[Strophe 1] o —
Willkommen im Seminar, im Poolraum hier, o argen und Texten bis 2
Prof. Stein zeigt uns heut’, was geht mit Kl! o s schiauer bt uns

Von Antrdgen und Texten bis zur Literatur,
. W am Campus
Kl macht uns schlauer, gibt uns Struktur. = mcrityoons



https://suno.com/
https://chatgpt.com/
https://veranstaltungen.uni-weimar.de/de/events/0191c1d4-953e-740a-9b7d-bebb5c85884b
https://veranstaltungen.uni-weimar.de/de/events/0191c1d4-953e-740a-9b7d-bebb5c85884b
https://veranstaltungen.uni-weimar.de/de/events/0191c1d4-953e-740a-9b7d-bebb5c85884b
https://suno.com/

5b. Image Generation
Midjourney (requires account)

Problem: Generate or edit an image based on text.

Example: Create a photo of a Bauhaus study room.

Imagine 1m = 4 Q Q

A photograph of the study room in an
old school building, featuring yellow
sofas and wooden tables with dark
brown legs, along with floor-to-ceiling
windows that provide views outside.
The space also includes gray built-in
shelves on one side, while there is
carpeted flooring adorned with colorful
patterns. A white wall serves as the
background for the scene. In front of it

Creation Actions Mare options
Vary Subtle Strong
Upscale Subtle Creative
Pan t+ + L >
Zoom = 2

More Rerut Editor
Use Imag Styl Promp
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https://www.midjourney.com

5c. Video Generation
invideo Al

Problem: Generate a video based on an idea or script.

Exampe: Create an advertisement video for the Webis group.



https://invideo.io/
https://files.webis.de/teaching/buw-ki-inhouse-seminar-24/webis-advertisement-video.mp4

Risks of Al Usage



Risks of Al Usage: Bias

A Concept Learning Task

66 ©WEBIS 2024



Risks of Al Usage: Bias

A Concept Learning Task

) four legs,
Chair: 9
brown color
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Risks of Al Usage: Bias

A Concept Learning Task

. fourlegs
Chair: gs,
brown color
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Risks of Al Usage: Bias

A Concept Learning Task

four legs,
brown color

Chair:
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Risks of Al Usage: Bias

A Concept Learning Task

four legs,

Chair:
brown color

a Economical: We quickly (from few examples) learn to identify many chairs.
O Deficit in precision: We classify non-chairs as chairs.

a Deficit in recall: We cannot identify all chairs.

70 ©WEBIS 2024
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Bias in algorithms

Inductive bias
~ Statistical bias

Bias in data
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Bias in algorithms

Inductive bias
~ Statistical bias

Deviation of a random variable / statistic from its true value.

Bias in data

©WEBIS 2024
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Bias in algorithms

Cognitive bias

Inductive bias Bias in data

Principles for the search in the hypothesis space (machine learning).

Deviation of a random variable / statistic from its true value.

©WEBIS 2024
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Bias In algorithms

Inductive bias Bias in data

Rational deviations from logical thought.

Principles for the search in the hypothesis space (machine learning).

Deviation of a random variable / statistic from its true value.

©WEBIS 2024



Bias in algorithms

Cognitive bias

Inductive bias

What should we remember?

We store memories differently based on
how they were experienced PS
We reduce events and lists
1o their key eloments gy

We discard specifics
to form generalities

wouayd onuot o4l 10 AL

unsaL

216009

o oo

We edit and reinforce some
memories after the fact gy

%,
oan,, Sov, o 7%
g e 7
We favor simple-looking options ey
and complete information over ",

complex, ambiguous options C},,yu’t'ca::’s/% °
By Lamg a2
Ay Ot T
N
5-reagy et
Bio,l Macy
Mlopalori’ ®
as g
To avoid mistakes, we aim to .
preserve autonomy and Socil compaes 200 bas o
Y @ o ot <
group status, and avoid v oo o
irreversible decisions Reactanco o
Reverse ps

sychology e
System justfcation

Backiire effect ®

Endowment effect &

processing ificuy eflec
coudocertainty ofe
‘Disposiion €1

To get things done, we tend
to complete things we've
invested time and energy in

To stay focused, we favor the @
immediate, relatable thing in
front of us e

To act, we must be confident we
can make an impact and feel what
we do is important

We project our current mindset and
assumptions onto the past and future

Need to act fast.

Bias in data

Too much information.

We notice things already primed in
memory or repeated often

Bizarre, funny, visually striking, or
anthropomorphic things stick out more
than non-bizarre/unfunny things

We notice when
something has changed

We are drawn to details that
@ confirm our own existing beliefs

We notice flaws in others
more easily than we
notice flaws in ourselves

o
U
by

Confabulation
Clustering ilusion
©

& Musion ofvaiy We tend to find stories
Maskod-man falacy

oncy iluson @ . pattens even when
looking at sparse data

" gy
Corelay
Anthye
e
U
ySonggPiog " o,
”l‘l;o,’./
ot
iy 5
% w,,,."
e S @ Vollincharacteisics rom
o, %‘%::%,:% stereotypes, generalities,
o %,’»,% o and prior histories.
e s}:‘n}’%ﬁs
%46?%,7’6 B Yy 0
RSN
% 5 o ", -
b %,
RN
%
s %, @ We imagine things and people were
% familiar with or fond of as better
%

@ We simplify probabilities and numbers
to make them easier to think about

We think we know what
other people are thinking

Not enough meaning.


https://upload.wikimedia.org/wikipedia/commons/6/65/Cognitive_bias_codex_en.svg

Bias In algorithms

Inductive bias Bias in data

N
“t Not enough meaning.



Bias In algorithms

Inductive bias Bias in data
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Not enough meaning.



Bias In algorithms

Inductive bias Bias in data

Not enough meaning.



Bias In algorithms

Inductive bias Bias in data

Not enough meaning.
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High Protein Diet Benefits — Mozilla Firefox -

High Protein Diet Benefits

e Anonymous
Why is a high protein diet the best for losing weight quickly?

ChatGPT

A high protein diet is often considered effective for losing weight quickly for several reasons:

1. Increased Satiety: Protein is more satiating than carbohydrates or fats. This means that
high-protein foods can help you feel full loenger, reducing overall calorie intake.

2. Higher Thermic Effect: The body uses more energy to metabolize protein compared to fats
and carbohydrates. This process, known as the thermic effect ...

3. Muscle Preservation: When losing weight, it's important to maintain muscle mass. Protein is
essential for muscle growth and repair. A high protein intake can help ...

4. Improved Metabolic Health: High-protein diets have been shown to improve several markers
of metabolic health, including blood sugar levels, ...

. Reduced Appetite: Protein can influence hormones that play a role in hunger and fullness,

[6)]

including ghrelin and GLP-1. By helping to balance these hormones, ...

However, it's important to note that while a high protein diet can be effective for weight loss,
it's not necessarily the best option for everyone. Factors like individual health conditions,

dietary preferences, and long-term sustainability ....

It's always a good idea to consult with a healthcare professional or a registered dietitian
before starting any new diet, especially one that significantly changes your macronutrient
intake.

| Privacy policy

Report content | Termsofuse

‘Leading’ query: “Why is a high protein diet the best for losing weight quickly?”
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https://chat.openai.com/share/4a96ad56-9f28-4d1c-9c79-5daa77d89633

High Protein Diet Benefits — Mozilla Firefox - 0o x

High Protein Diet Benefits

o Why is a high protein diet the best for losing weight quickly? - Google Search — Mozilla Firefox — 0O X "
Anonymous i
Why is a high protein diet the best for losi
owerr ] GO- gle Why is a high protein diet the best for losing weightqr X &) Q
Igh protein aiet Is often considered e

1. Increased Satiety: Protein is more satiat
high-protein foods can help you feel full Images Videos Mews Books Maps Flights Finance
2. Higher Thermic Effect: The body uses m
and carbohydrates. This process, known
3. Muscle Preservation: When losing weigh
essential for muscle growth and repair, A About 354.000.000 resulis (0.51 seconds)
4. Improved Metabolic Health: High-prote|

ormetabolioneatn. neanobloodsudl |t cgn make you eat fewer calories automatically. Bottom Line: Protein

5. Reduced Appetite: Protein can influence

ncuaing ghreinana aLPByheing - Feduces levels of the hunger hormone ghrelin, while it boosts the
However, itsmportant o netetnatwniel - gppPEtite-reducing hormones GLP-1, peptide YY and cholecystokinin.

it's not necessarily the best option for eve

aietary preferences, andlongtermsustal 1 NS [€@ads to an automatic reduction in calorie intake. =o w2022

It's always a good idea to consult with a healthcare professional or a registered dietitian

before starting any new diet, especially one that significantly changes your macronutrient

intake.

Reportcontent | Termsofuse | Privacy policy

‘Leading’ query: “Why is a high protein diet the best for losing weight quickly?”
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https://chat.openai.com/share/4a96ad56-9f28-4d1c-9c79-5daa77d89633
https://www.google.com/search?channel=fs&client=ubuntu-sn&q=Why+is+a+high+protein+diet+the+best+for+losing+weight+quickly%3F
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Bias in algorithms

Inductive bias
- Statistical bias

Bias in data
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Bias in algorithms

Inductive bias Bias in data

Statistical bias

Training Corpora Sources Parameters Computing / Training
Wikipedia 11GB Books 21GB 175,000,000,000 355 years on a single Tesla V100 GPU.
Journals 101GB  Reddit 50GB (175 - 10%) * ~ 34 days on 1,024 x A100 GPUs.
Common Crawl 570GB + $4.6M costs a single training run.

N

GPT-3 [Jun. 2020]

©WEBIS 2024



Risks of Al Usage

Where ChatGPT can Struggle*

1. Reasoning. Lacks an explicit world model, leading to problems with

2. Logic. Lacks a formal reasoning system, but

3. Maths. Is limited in its ability to calculate mathematical expressions.

* Ali Borji. A Categorical Archive of ChatGPT Failures. arXiv:2302.03494v1



Risks of Al Usage

Where ChatGPT can Struggle*

1. Reasoning. Lacks an explicit world model, leading to problems with

spatial reasoning: understand and manipulate relationships between objects
physical reasoning: understand and manipulate physical objects

temporal reasoning: predictions about events and their ordering in time
psychological reasoning: predictions about human behavior and mental processes

U U U U

2. Logic. Lacks a formal reasoning system, but

QO it can generate text that appears logically sound
Q it can deal with small reasoning problems

3. Maths. Is limited in its ability to calculate mathematical expressions.

0 Stephen Wolfram suggests connecting ChatGPT to Wolfram|Alpha and all its computational knowledge
“superpowers”.

* Ali Borji. A Categorical Archive of ChatGPT Failures. arXiv:2302.03494v1
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Risks of Al Usage

Where ChatGPT can Struggle (continued)

4. Bias. Recognizes and generalizes patterns from training data.

5. Factual errors. Cannot access information from external sources.

6. Self Awareness. Cannot access information from external sources.

[GPT-4 vs human, Mar. 2023] [LLM tests, Nov. 2022]



Risks of Al Usage

Where ChatGPT can Struggle (continued)

4. Bias. Recognizes and generalizes patterns from training data.

O The data contains biases from society and history, and if proper measures are not taken, the trained
model is likely to reproduce these biases.

5. Factual errors. Cannot access information from external sources.
0 However, the information it provides may seem credible and is well presented.

6. Self Awareness. Cannot access information from external sources.

a ChatGPT is unaware of the details of its own architecture. This lack of understanding may have been
intentionally imposed by OpenAl to protect the information about the model.
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o6
Natspeak X | +
&« © | & https://netspeak. ora/ta=see+. . .+works e | e fp| Gk IN @D =
Netspeak One word leads to another.
English German

see ... works i

how to ? this The ? finds one word.

see ... works The ... finds many words.

it's [ great well ] The [ ] compare options.

and knows #much The # finds similar words.

{ more show me } The { } check the order.

m...d 7 g?p The space is important.
see how it works 150,000 20%
see if it works 100,000 14%
see works 57,000 7.5%
see how this works 55,000 7.3%
see what works 51,000 6.7%
see the works 51,000 6.7%
see if that works 28,000 3.7%
see your good works 28,000 3.7%
see how that works 25,000 3.3%
see how technorati works 23,000 3.0%
see if this works 17,000 2.3%
see more works 17,000 2.2%
see if it really works 15,000 2.1%
see his works 12,000 1.7%
see how well it works 11,000 1.5%
see other works 8,900 1.2%




2

Netspeak x |+

— @ | & https://netspeak. org/Hg=i+1ovety+? rsa ) | e Py G L | ——

Netspeak One word leads to another.

English German

i love my 7| ‘ 1

how to ? this The ? finds one word.

see ... works The ... finds many words.

it's [ great well ] The [ ] compare options.

and knows #much The # finds similar words.

{ more show me } The { } check the order.

m...d 7 g?p The space is important.
i love my job 72,000 10%
i love my country 44,000 6.2%
i love my family 41,000 5.9%
i love my wife 38,000 5.4%
i love my new 34,000 4.9%
i love my friends 33,000 4.7%
i love my pet 27,000 3.8%
i love my dog 26,000 3.7%
i love my husband 26,000 3.7%
i love my life 24,000 3.4%
i love my baby 24,000 3.4%
i love my soldier 22,000 3.1%
i love my cat 21,000 2.9%
i love my computer 18,000 2.6%
i love my work 16,000 2.4%
i love my mom 16,000 2.3%




























