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➀
What is Intelligence?



What is Intelligence?
Recognizing Regularities

2, 4, 8, 16, ?
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What is Intelligence?
Recognizing Regularities

2, 4, 8, 16, ?

2, 8, 26, 80, ?
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What is Intelligence?
Recognizing Regularities

2, 4, 8, 16, ?

2, 8, 26, 80, ?

2, 3, 5, 7, 11, ?
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What is Intelligence?
Recognizing Analogies

A

B

C 1 32

4 5

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
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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

"‘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?

Alan Turing (1912 - 1954)

“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
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https://en.wikipedia.org/wiki/The_Imitation_Game


What is Intelligence?
The Turing Test (Alan Turing 1950)

A

B

C

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)

3 + 4 = 7

4 x 4 = 16

8 - 3 = 5
Frage

Antwort

8 - 3 

3 + 7
3 + 7

4 x 4

14 © WEBIS 2024



What is Intelligence?
The Two (Main) Views on Artificial Intelligence

1. Weak AI.

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 AI.

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 AI = a computer simulates intelligence

Strong AI = a computer is intelligent

The Turing Game

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


➁
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:
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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 Classic Period

1956
-

1965

Search for general principles to solve arbitrary problems. Applying the principles to simple

problems (Blocks World among others).

A D

E

C

B

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
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History of Artificial Intelligence Romantic Period

1965
-

1975

Specialized programs. Concentration on basic methods and techniques:

– 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
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History of Artificial Intelligence Modern 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
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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 AI 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
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➁
History of Artificial Intelligence (continued)

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:

(a) 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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Statistical machine translation

A statistical language model

is a probability distribution over all possible texts.
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Statistical machine translation

A statistical language model

is a probability distribution over all possible texts.

(1) i love my ?

(2) see ... works.
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https://netspeak.org/#q=i+love+my+?
https://netspeak.org/#q=see+...+works
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Statistical machine translation

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 love my car) > p(i love my family)
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Statistical machine translation

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 love my car) > p(i love my family), where

p(i love my cat) = p(i) · p(love | i) · p(my | i love) · p(cat | i love my
︸ ︷︷ ︸

order of the LM

)
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Statistical machine translation

A statistical language model

is a probability distribution over all possible texts.

(1) i 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)
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Neural machine translation

A neural language model

tackles the probability maximization via loss minimization.
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Feedforward Neural Network (implementation of single perceptron, Rosenblatt 1958)

A neural language model

tackles the probability maximization via loss minimization.

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

A neural language model

tackles the probability maximization via loss minimization.

A

B
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Multilayer Perceptron with backpropagation (Werbos 1982, Rumelhart 1982)

Backpropagation with automatic differentiation (Linnainmaa 1970)

A neural language model

tackles the probability maximization via loss minimization.

Σ

=1

Σ

.

.

.
.
.
.

=

=
Σ

=

.

.

.

Σ

w10
h

wlp
h

w1p
h

wl1
h

w11
h

wl0
h

w10
o

wkl
o

w1 l
o

wk1
o

w11
o wk0

o

y (output)

yk

y1

ck

c1

=
?

∆
c (target)

x1

xp

1

x (input) y
h

34 © WEBIS 2024



S
e

le
c
te

d
 b

a
s
is

te
c
h

n
o

lo
g

y

1980 1990 1995 20001950 19701960 2010 2011 2012 20132002 20082006 2014 20202004 2021 2022 2023 2024 2025 202620192015 2016 2017 2018

Recurrent Neural Network (Hopfield 1982)

A neural language model

tackles the probability maximization via loss minimization.
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Neural language model (Bengio et al. 2000) Recurrent neural language model with attention (Bahdanau et al. 2014)

A neural language model

tackles the probability maximization via loss minimization.

<start>cats  do   not  like  dogs

katzen

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

A neural language model

tackles the probability maximization via loss minimization.

<start>cats  do   not  like  dogs

katzen

Encoder Decoder

mògen

katzen

37 © WEBIS 2024



S
e

le
c
te

d
 b

a
s
is

te
c
h

n
o

lo
g

y

1980 1990 1995 20001950 19701960 2010 2011 2012 20132002 20082006 2014 20202004 2021 2022 2023 2024 2025 202620192015 2016 2017 2018

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

A neural language model

tackles the probability maximization via loss minimization.

<start>cats  do   not  like  dogs

katzen

Encoder Decoder

mògen

katzen

hunde

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

A neural language model

tackles the probability maximization via loss minimization.

<start>cats  do   not  like  dogs

katzen

Encoder Decoder

mògen

katzen

hunde

mògen

nicht <end>

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

A neural language model

tackles the probability maximization via loss minimization.

<start>cats  do   not  like  dogs

katzen

Encoder Decoder

mògen

katzen

hunde

mògen

nicht <end>

nichthunde

Attention
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The Transformer (Vaswani et al., Google 2017)

n ×

n ×

Multi-head

attention

Add & norm

Add & norm

Add & norm

Add & norm

Positional

encoding

Positional

encoding ⊕ ⊕

cats do not like dogs <start> katzen mògen hunde nicht

katzen mògen hunde nicht <end>

Add & norm

Feed forward

Feed forward
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BERT (Devlin et al., Google 10/2018)

GPT (Radford et al., OpenAI 6/2018)

n ×

n ×

Multi-head

attention

Add & norm

Add & norm
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Add & norm

Positional

encoding

Positional

encoding ⊕ ⊕

cats do not like dogs <start> katzen mògen hunde nicht
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Feed forward
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Multi-head

attention

Multi-head

attention

Masked multi-

head attention

GPT

<prompt>

<answer>

Parameters

BERT

<sentence>

<context-dependent representation>

Transformer models catalog (Amatriain 2023)

https://docs.google.com/spreadsheets/d/1ltyrAB6BL29cOv2fSpNQnnq2vbX8UrHl47d7FkIf6t4
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InstructGPT (Ouyang et al., OpenAI 2022)

RLHF (Christiano et al., OpenAI, Google 2017)

Training Corpora Sources

Wikipedia 11GB Books 21GB

Journals 101GB Reddit 50GB

Common Crawl 570GB

Parameters

175,000,000,000

(175 · 109)

Computing / Training

• 355 years on a single Tesla V100 GPU.

• ≈ 34 days on 1,024 x A100 GPUs.

• $4.6M costs a single training run.
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GPT-3 [Jun. 2020]

Transformer models catalog (Amatriain 2023)

https://docs.google.com/spreadsheets/d/1ltyrAB6BL29cOv2fSpNQnnq2vbX8UrHl47d7FkIf6t4
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RLHF (Christiano et al., OpenAI, Google 2017)

Training Corpora Sources

Wikipedia 11GB Books 21GB

Journals 101GB Reddit 50GB

Common Crawl 570GB

Parameters

175,000,000,000

(175 · 109)
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• 355 years on a single Tesla V100 GPU.

• ≈ 34 days on 1,024 x A100 GPUs.
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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.

↓
GPT-3.5 (InstructGPT) [Jan. 2022]

Transformer models catalog (Amatriain 2023)

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

↓
GPT-3.5 (InstructGPT) [Jan. 2022]

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

↓
ChatGPT [Nov. 2022]

Transformer models catalog (Amatriain 2023)
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+ 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.

↓
GPT-3.5 (InstructGPT) [Jan. 2022]

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

↓
ChatGPT [Nov. 2022]

Transformer models catalog (Amatriain 2023)
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➂
AI Research at the Webis Group



AI in ML Education. The InfoBot Project

AI in Media Design. Futuring Machines

AI in Authorship Analytics. LLM detection

AI in the Humanties. Automatic discourse generation

AI in NLP research. Identifying the values behind arguments

AI in Political Sciences teaching. The SKILL project

AI in Social Sciences research. Curating social media feeds

AI in Web Search. Retrieval augmented generation
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The Infobot Project (resources)

lecturenotes.webis.de

49 © WEBIS 2024

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


The Infobot Project (resources)

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


The Infobot Project

https://infobot.webis.de

❑ exploit own teaching resources

→ recognize formalization dialectics

❑ consider all Webis courses

→ show impact on related fields

❑ combine slides with explanations

→ show additional connections

→ provide the best entry points

❑ consider dialog context

→ allow for followup question

❑ learning theory perspective

• encourage to draw conclusions

• consider individual prior knowledge

• construct individual mental model

51 © WEBIS 2024

https://infobot.webis.de/


Futuring Machines

https://futuringmachines.webis.de

Write stories about the future with the help of AI

(funded by Bauhaus Forschungswerkstatt)

❑ let the AI write parts of your story

• continue the story

• add a new perspective

• condense passages

• elaborate on passages

❑ reflect on what the AI suggests

→ are you describing utopia or dystopia?

→ when would things develop differently?
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https://futuringmachines.webis.de


➃
AI 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.

54 © WEBIS 2024

https://www.deepl.com


4b. Transcription
OpenAI 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.
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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 AI

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

Example: Faculty board reports

56 © WEBIS 2024

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
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https://notebooklm.google/


4d. Text Generation
Perplexity

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

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

befristet nach dem Wissenschaftszeitgesetz?
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https://www.perplexity.ai/


4d. Text Generation
Academic Cloud Chat AI (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 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.
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https://chat-ai.academiccloud.de/


4d. Text Generation
ChatGPT

Problem: Draft an administrational text.
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https://chatgpt.com/


➄
AI Tools for other Tasks



5a. Music Generation
Suno AI (requires account)

Problem: Create a song to a specific event.

Example prompt (ChatGPT):

Schreibe ein Lied zu diesem Seminar:

ViFi: Nutzung von KI im Universitätsalltag - Prof.

Benno Stein zeigt, was möglich ist

Anschreiben verfassen . . .

Example prompt (Suno AI):

[Strophe 1]

Willkommen im Seminar, im Poolraum hier,

Prof. Stein zeigt uns heut’, was geht mit KI!

Von Anträgen und Texten bis zur Literatur,

KI macht uns schlauer, gibt uns Struktur.

. . .
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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.
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https://www.midjourney.com


5c. Video Generation
invideo AI

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

Exampe: Create an advertisement video for the Webis group.
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https://invideo.io/
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➅
Risks of AI Usage



Risks of AI Usage: Bias
A Concept Learning Task
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Risks of AI Usage: Bias
A Concept Learning Task

four legs,

brown color
Chair:
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Risks of AI Usage: Bias
A Concept Learning Task

four legs,

brown color
Chair:

?
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Risks of AI Usage: Bias
A Concept Learning Task

four legs,

brown color
Chair:

?

?
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Risks of AI Usage: Bias
A Concept Learning Task

four legs,

brown color
Chair:

?

?

❑ Economical: We quickly (from few examples) learn to identify many chairs.

❑ Deficit in precision: We classify non-chairs as chairs.

❑ Deficit in recall: We cannot identify all chairs.

70 © WEBIS 2024



Inductive bias

Cognitive bias
Bias in algorithms

Bias in data

Statistical bias
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Inductive bias

Cognitive bias
Bias in algorithms

Bias in data

Statistical bias
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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.
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Inductive bias

Cognitive bias
Bias in algorithms
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Inductive bias

Cognitive bias
Bias in algorithms

Bias in data

Statistical bias
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Inductive bias

Cognitive bias
Bias in algorithms

Bias in data

Statistical bias
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Not enough meaning.  Need to act fast.

 What should we remember? 

We reduce events and lists 

to their key elements 

We discard specifics 

to form generalities 

We edit and reinforce some 

memories after the fact 

We favor simple-looking options 

and complete information over 

complex, ambiguous options  

To avoid mistakes, we aim to 

preserve autonomy and 

group status, and avoid 

irreversible decisions   

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  

To act, we must be confident we 

can make an impact and feel what 

we do is important  

We think we know what 

other people are thinking 
We project our current mindset and 

assumptions onto the past and future 

We simplify probabilities and numbers 

to make them easier to think about 

We imagine things and people we're 

familiar with or fond of as better 

We fill in characteristics from 

stereotypes, generalities, 

and prior histories  

We tend to find stories 

and patterns even when 

looking at sparse data 

We notice flaws in others 

more easily than we 

notice flaws in ourselves 

We are drawn to details that 

confirm our own existing beliefs 

We notice when 

something has changed

Bizarre, funny, visually striking, or 

anthropomorphic things stick out more 

than non-bizarre/unfunny things

We notice things already primed in 

memory or repeated often 

We store memories differently based on 

how they were experienced 

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

Not enough meaning.  Need to act fast.

 What should we remember? 

We reduce events and lists 

to their key elements 

We discard specifics 

to form generalities 

We edit and reinforce some 

memories after the fact 

We favor simple-looking options 

and complete information over 

complex, ambiguous options  

To avoid mistakes, we aim to 

preserve autonomy and 

group status, and avoid 

irreversible decisions   

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  

To act, we must be confident we 

can make an impact and feel what 

we do is important  

We think we know what 

other people are thinking 
We project our current mindset and 

assumptions onto the past and future 

We simplify probabilities and numbers 

to make them easier to think about 

We imagine things and people we're 

familiar with or fond of as better 

We fill in characteristics from 

stereotypes, generalities, 

and prior histories  

We tend to find stories 

and patterns even when 

looking at sparse data 

We notice flaws in others 

more easily than we 

notice flaws in ourselves 

We are drawn to details that 

confirm our own existing beliefs 

We notice when 

something has changed

Bizarre, funny, visually striking, or 

anthropomorphic things stick out more 

than non-bizarre/unfunny things

We notice things already primed in 

memory or repeated often 

We store memories differently based on 

how they were experienced 
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Too much information. 

Not enough meaning.  Need to act fast.

 What should we remember? 

We reduce events and lists 

to their key elements 

We discard specifics 

to form generalities 

We edit and reinforce some 

memories after the fact 

We favor simple-looking options 

and complete information over 

complex, ambiguous options  

To avoid mistakes, we aim to 

preserve autonomy and 

group status, and avoid 

irreversible decisions   

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  

To act, we must be confident we 

can make an impact and feel what 

we do is important  

We think we know what 

other people are thinking 
We project our current mindset and 

assumptions onto the past and future 

We simplify probabilities and numbers 

to make them easier to think about 

We imagine things and people we're 

familiar with or fond of as better 

We fill in characteristics from 

stereotypes, generalities, 

and prior histories  

We tend to find stories 

and patterns even when 

looking at sparse data 

We notice flaws in others 

more easily than we 

notice flaws in ourselves 

We are drawn to details that 

confirm our own existing beliefs 

We notice when 

something has changed

Bizarre, funny, visually striking, or 

anthropomorphic things stick out more 

than non-bizarre/unfunny things

We notice things already primed in 

memory or repeated often 

We store memories differently based on 

how they were experienced 
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Too much information. 

Not enough meaning.  Need to act fast.

 What should we remember? 

We reduce events and lists 

to their key elements 

We discard specifics 

to form generalities 

We edit and reinforce some 

memories after the fact 

We favor simple-looking options 

and complete information over 

complex, ambiguous options  

To avoid mistakes, we aim to 

preserve autonomy and 

group status, and avoid 

irreversible decisions   

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  

To act, we must be confident we 

can make an impact and feel what 

we do is important  

We think we know what 

other people are thinking 
We project our current mindset and 

assumptions onto the past and future 

We simplify probabilities and numbers 

to make them easier to think about 

We imagine things and people we're 

familiar with or fond of as better 

We fill in characteristics from 

stereotypes, generalities, 

and prior histories  

We tend to find stories 

and patterns even when 

looking at sparse data 

We notice flaws in others 

more easily than we 

notice flaws in ourselves 

We are drawn to details that 

confirm our own existing beliefs 

We notice when 

something has changed

Bizarre, funny, visually striking, or 

anthropomorphic things stick out more 

than non-bizarre/unfunny things

We notice things already primed in 

memory or repeated often 

We store memories differently based on 

how they were experienced 
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Too much information. 

Not enough meaning.  Need to act fast.

 What should we remember? 

We reduce events and lists 

to their key elements 

We discard specifics 

to form generalities 

We edit and reinforce some 

memories after the fact 

We favor simple-looking options 

and complete information over 

complex, ambiguous options  

To avoid mistakes, we aim to 

preserve autonomy and 

group status, and avoid 

irreversible decisions   

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  

To act, we must be confident we 

can make an impact and feel what 

we do is important  

We think we know what 

other people are thinking 
We project our current mindset and 

assumptions onto the past and future 

We simplify probabilities and numbers 

to make them easier to think about 

We imagine things and people we're 

familiar with or fond of as better 

We fill in characteristics from 

stereotypes, generalities, 

and prior histories  

We tend to find stories 

and patterns even when 

looking at sparse data 

We notice flaws in others 

more easily than we 

notice flaws in ourselves 

We are drawn to details that 

confirm our own existing beliefs 

We notice when 

something has changed

Bizarre, funny, visually striking, or 

anthropomorphic things stick out more 

than non-bizarre/unfunny things

We notice things already primed in 

memory or repeated often 

We store memories differently based on 

how they were experienced 
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‘Leading’ query: “Why is a high protein diet the best for losing weight quickly?”
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Inductive bias

Cognitive bias
Bias in algorithms

Bias in data

Statistical bias

82 © WEBIS 2024



Inductive bias

Cognitive bias
Bias in algorithms

Bias in data

Statistical bias

Training Corpora Sources

Wikipedia 11GB Books 21GB

Journals 101GB Reddit 50GB

Common Crawl 570GB

Parameters

175,000,000,000

(175 · 109)

Computing / Training

• 355 years on a single Tesla V100 GPU.

• ≈ 34 days on 1,024 x A100 GPUs.

• $4.6M costs a single training run.

|


y

|

GPT-3 [Jun. 2020]
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Risks of AI 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

2. Logic. Lacks a formal reasoning system, but

❑ it can generate text that appears logically sound

❑ it can deal with small reasoning problems

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

❑ 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 AI Usage
Where ChatGPT can Struggle (continued)

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

❑ 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.

❑ However, the information it provides may seem credible and is well presented.

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

❑ ChatGPT is unaware of the details of its own architecture. This lack of understanding may have been

intentionally imposed by OpenAI to protect the information about the model.

Human versus AI comparsion: [GPT-4 vs human, Mar. 2023] [LLM tests, Nov. 2022]
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