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Disclaimer
FUr diesen Vortrag wurden keinerlei KI-
Werkzeuge eingesetzt (nicht zur
ldeengenerierung, Strukturierung oder
Zusammenfassung 0.a.)
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. KI —was ist das?

ARTIFICIAL
INTELLIGENCE

MACHINE

LEARNING
DEEP

LEARNING

N\ !

1950's 1960s 1970's 1980°s 1990s 2000's 2010's

Since an early flush of optimism in the 1950's, smaller subsets of artificial intelligence - first machine learning, then
deep leamning, a subset of machine learning - have created ever larger disruptions.

Rev.com, 2020




. KI — frihe Beispiele: ELIZA (1966)

Eliza

Eliza [Weizenbaum, 1966] simuliert einen Humanistischen Psychotherapeuten [Rogers].
Weizenbaums Skript bestand als eines der ersten Kl-Programme einen eingeschrankten
Turingtest. Der Name Eliza entstammt der gleichnamigen Hauptrolle in Shaws » Pygmalion«.

Um mit Eliza zu sprechen, stellen Sie sich vor, Sie sind unglticklich, angstlich o. &. und Eliza
ein Therapeut. Eliza ist allerdings nicht besonders intelligent ...

Im Gegensatz zur englischen Version beherrscht der deutsche Klon auf Grund der
schwierigen Wortflexion im Deutschen einen geringeren Wortschatz.

Hinweis: SpaBorientierten Zeitgenossen seien Sina oder Tom empfohlen.

Fragen Sie mich

Schon, fahren Sie fort.



https://www.flickr.com/photos/pepihasenfuss/361777845

. KI —was ist das?

Rules / Models Rules / Models

Expert Machine
Data i mm) Results Data i

Results

Council of Europe, 2022
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. Kl-Technologien

Natural language
processing (NLP)

Speech recognition

Image recognition
and processing

Autonomous agents

Affect detection

Data mining for prediction

Artificial creativity

Al'to automatically generate texts (as in
auto-journalism), and interpret texts,
including semantic analysis (as used in
legal services and translation).

NLP applied to spoken words, including
smartphones, personal assistants, and
conversational bots in banking services.

Includes facial recognition (e.g. for

e-passports); handwriting recognition
(e.g. for automated postal sorting);
image manipulation (e.g. for deep-

fakes); and autonomous vehicles.

Includes computer game avatars,
malicious software bots, virtual
companions, smart robots, and
autonomous warfare.

Includes text, behaviour and facial

sentiment analyses.

Includes financial predictions, fraud
detection, medical diagnoses, weather
forecasting, business processes and
smart cities.

Includes systems that can create new
photographs, music, artwork, or stories.

Machine leaming (especially deep
learning), regression, and K-means.

Machine leaming, especially a deep
learning recurrent neural network
approach called long short-term
memory (LSTM).

Machine leaming, especially deep

learning convolutional neural networks.

GOFAl and machine leaming (for
example, deep leaming self-organizing
neural networks, evolutionary leaming
and reinforcement leaming).

Bayesian networks and machine

learning, especially deep learning.

Machine leaming (especially supervised
and deep learning), Bayes networks and
support vector machines.

Generative adversarial networks (GANs),

atype of deep learning involving
two neural networks pitted against
each other.

Autoregressive language models
that use deep learning to produce
human-like text.

NLP, speech recognition, and image

recognition have all achieved accuracy

in excess of 90%. However, some

researchers argue that, even with more
| data and faster processors, this will

not be much improved until a new Al

paradigm is developed.

Research efforts are focusing on
emergent intelligence, coordinated
activity, situatedness, and physical
embodiment, inspired by simpler forms
of biological life.

Multiple products are being developed
globally; however, their use is
often controversial.

Data mining applications are growing
exponentially, from predicting shopping
purchases to interpreting noisy
electroencephalography (EEG) signals.

‘ GANs are at the cutting edge of Al, such
that future applications are only slowly
becoming evident.

An autoregressive language model
known as GPT-3 can produce impressive
human-like text. However, despite
appearances, the system does not
understand the text that it outputs.'®

Otter'?

Alibaba Cloud'3

Google Lens™

Woebot'®

Affectiva'®

Research project’”

This Person Does
Not Exist'

GPT-3 (Brown et
al,, 2020)

UNESCO, 2021




. Machine Learning

Arten von
Machine Learning (maschinelles Lernen)

Untberwachtes Lernen

Erkennt interessante,
versteckte Muster
in Daten.

Clustering

Uberwachtes Lernen Klassifikation

Machine Learning Vorhersagen und

Prognosen
fur unbekannte Daten.

Prognose

Verstarkendes Lernen

Algorithmen interagieren mit
der Umgebung und lernen
durch ein Belohnungssystem.

Arten von Machine Learning Algorithmen.

Datasolut/Laurenz Wuttke, 2022




. Kiinstliche Neuronale Netze

Eingabeschicht

verborgene Schicht Ausgabeschicht

Datasolut/Laurenz Wuttke, 2022




. Machine Learning Beispiel

Daten Vorhersage

2

Sonnenstrahlung + Windstarke

+ Wochentag Strompreis (morgen)

[ covID-19

Rontgenaufnahme der Brust Ansteckungswahrscheinlichkeit

-

Wahrscheinlichkeit einer seltenen

A ; Krankheit

Email Text Spam oder kein Spam

Datarevenue/Markus Schmitt, 2022




. Machine Learning Beispiel

P.. Training Accuracy ...’
4 16/16 100% 26/26 s

Datarevenﬁe/Markus Schmitt, 2022 R2D3, 2017




. Deep Learning Beispiel

O ° OO0.000 003 - Tanh - None - 0 - Classification
[y

DATA FEATURES + = 2 HIDDEN LAYERS OUTPUT
: : Test loss 0.508

+ - + -

4 neurons 2 nourons

X,

B
B

l
000

g 24 1
—e neuron

REGENERATE

Ein neuronales Netz lernt eine Grenze zwischen blauen und orangen Punkten zu zeichnen.

Datarevenue/Markus Schmitt, 2022 Tensorflow, 2022




Entwicklungskontext generativer Ki

History of NLP

TheAiEdge.io

Natural Language Processing

Sequence to
2022 ChatGPT 2017 Transformers 2014 sequence
I ing 2013 Word2Vec

T
first Neural 2011) Mo M e
i 1 Statistical Parsing La
1990 990 Messages 2003 mo":ovw

multi-task
2008 learning

1990 1BM dl‘gnmom

1981 Plot Units

tree-based Uniform
1989 model for NLP 1986 parsing

1979 Politics

conceptual
augmented 1972 dependency
1970 vensition

1976 TaleSpin

w—— 1975 MARGIE 1977 QUALM 1978 PAM
1969  networks
Georgetown
1968 casegrammar  19g4 ELIZA 1954 o periment

1968 SHRDLU 1965 generative 1957  grammar 1949 ....m.:n...
¢ Grammar
Neural NLP Symbolic NLP theories
Statistical Conceptual .
e ontologies First models

Key concepts related to Generative Al

ARTIFICAL INTELLIGENCE

MACHINE LEARNING

GENERATIVE Al

LARGE LANGUAGE MODELS

CONVERSATIONAL
AGENTS

CHATGPT

Gimpel, H., Hall, K., Decker, S., Eymann, T., Lammermann, L., Madche, A., Roglinger, R.,
Ruiner, C., Schoch, M., Schoop, M., Urbach, N., Vandirk, S. (2023). Unlocking the Power of
Generative Al Models and Systems such as GPT-4 and ChatGPT for Higher Education:

A Guide for Students and Lecturers. University of Hohenheim.




. Entwicklungskontext generativer Kl

From technology over IT systems to IT use

USER
RAW MODEL

e.g., student

TRAINED SOFTWARE
MODEL SYSTEM

e.g., GPT-3.5, eg.,

LA GPT-4 ChatGPT TASK
e.g., books,

online

. ) e.g., write
discussions, 9.,

thesis

— —
Engineering: creating IT systems IT Use

based on technology

Gimpel, H., Hall, K., Decker, S., Eymann, T., Lammermann, L., Madche, A., Roglinger, R., Ruiner, C., Schoch, M., Schoop, M., Urbach, N., Vandirk, S.
(2023). Unlocking the Power of Generative Al Models and Systems such as GPT-4 and ChatGPT for Higher Education: A Guide for Students and
Lecturers. University of Hohenheim.




. Entwicklungskontext generativer Kl

VECTOR SPACE
MODEL

qV
£
8

sentence n

sentence 2

————_——_————————-’

term 1

7
) A7 sentence 1

ALI MIRAMIRKHANI, 2023




bingo

Embedding Explorer

. Entwicklungskontext generativer Ki

aerospace
subaru

CSss

cir

sku

phentermine

Edwin Chen, 2023
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Slide Dimension 1

Embedding Dimensions

Clusters

Clicked Point




. Large Language Models

gabeschicht verborgene Schicht Ausgabeschl

answer the #Topic following the conditi
C: dynamic asset allocation based on m{
th : aroun d 30000 words

\at: markdown

des title Include subtitles and detail des|
judience: 20 year old students

AUFMERKSAMKEIT NEURONALES FINE TUNING PROMPTING
NETZWERK

WORTER IN ZAHLEN




. Wie funktioniert ChatGPT?
Wahrscheinlichkeiten/Probabilitaten

Andauernde Frage: Angesichts des vorhandenen Texts,
was ware die sinnvollste Erganzung?

T e asn
vorherzusagen 3,5%
. . vy . . machen 3,2 %
Das Beste an Kl ist die Fahigkeit, zu ’
verstehen 3,1%
tun 2,9%

Stephen Wolfram, 2023




. Wie funktioniert ChatGPT?

sentence
Noun Phrase Verb Phrase Punctuation
Noun Phrase Prepositional Phrase Verb Noun Phrase
Determiner Adjective Noun PrepositionNoun Phrase is Pronoun Noun Clause
The best thing about Proper Noun its ability Verb Phrase
Al Preposition Verb Phrase

to Verb Prepositional Phrase
learn PrepositionNoun Phrase
from Noun
experience

Stephen Wolfram, 2023
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Stand der Forschung vor ChatGPT




. Kl in der Bildung: Lange Tradition

IAI E D Volume 1(1989) "
1(4)

32 (2022)

31 (2021)

1.1.1937 Theoretical foundations for intelligent tutoring systems ig ggfg;
John A. Self

28 (2018)

> Read More 27 (2017)

26 (2016)
25 (2015)
24 (2014)




. Kl in der Bildung: Profilanalyse und Vorhersage

Zugang zu und Taktung von Kursen

Vermeidung v. Abbruch/Verbesserung von

Erfolg(schancen)

Lernermodellierung und Einfluss auf

Abschlussergebnisse

Zawacki-Richter, Marin, Bond & Gouverneur, 2019




. Kl in der Bildung: Intelligente Tutorielle Systeme

Adaptation von Lerninhalten

Performanceanalyse und automatisiertes Feedback

Zusammenstellung von Lerninhalten

Unterstltzung von Zusammenarbeit

Zawacki-Richter, Marin, Bond & Gouverneur, 2019




. Kl in der Bildung: Prifungs- und Testsysteme

Automatisierte Benotung

Sicherung von Verstandnis, Aktivierung und Integritat

Lehrevaluation

Zawacki-Richter, Marin, Bond & Gouverneur, 2019




. Kl in der Bildung: Adaptive Systeme und Personalisierung

Empfehlung Unterstitzung von
Einsatz in der Lehre personalisierter Lehrenden und
Inhalte Designprozessen

Studentische Daten Darstellung von
zur Orientierung Wissen mit
und Hilfestellung Wissenslandkarten

Zawacki-Richter, Marin, Bond & Gouverneur, 2019




. Kl in der Bildung: Zusammenfassung

Sehr wenige Implementations- und Wirkungsstudien

Kaum Reflexion zu ethischen und padagogischen
Implikationen

Kaum Einbeziehung von Padagog:innen

Zawacki-Richter, Marin, Bond & Gouverneur, 2019




. Kl in der Bildung (Vor GAI)

Theor

L
x
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. Generative Kl eroffnet ein neues Zeitalter

Erstmalig breite Verfligbarkeit
Scheinbar intelligente Texte/Produkte
Verschiedene Medien

xperimentation eintach moglic




IS

> Theor

1S -

. Kl in der Bildung (Nach GAl)
Prax




. Neues Umgehen mit digitaler Technologie

IT'S THE END OF
THEWORLD AS
WE KNOW IT
(AND | FEEL FINE)

REM




. Das Ende der Objektifizierung von Bildungstechnologie

Fertige Inhaltspakete { Fertige Technologien

Gur & Wiley, 2007




. Technologischer Determinismus (Chandler, 1995)

* Reduktionismus

* Reifikation: homogene Merkmale
* Technologische Autonomie

* Neutralitat von Technologie

Technology as a “discrete force with a discernible
direction and influence” (Pannabecker, 1991)




. Alternative Konzepte (strukturierungstheoretisch)

Institutional

0

d

Technology

Human agents

G 0 ot

technology as a product of human agency
technology as a medium of human action

institutional conditions of interaction with technology
institutional consequences of interaction with technology

| 1er mace, see www.theery arg.ukt/giodens

Figure 2: Structurational model of technology (Orlikowoski, 1992)

THEORY.ORG.UKTRADING CARD

— R —

| Anthony Giddens |

British social theorist, boen 1938, Prolific owtput, |
A Theory of ‘structuration” solved problem of whether

individual acts, or major soclal forces, shape soclety,
by asserting that it Is human agency which continuo-

Giddens fashioned theory on how selves find meaning,
and create narratives of identity, in modern society,

[Card 107 12)

| (STRENGTHS: Social amatysis mixing chassic and modern )

(RISKS: Misguided postamodernists may attack D

| (SPECIAL SKILLS: Appreciation of impact of feminkm )

usly reproduces sociol structure. This relationship |
| means individeals can bring change. In the 19985,




. Adaptive structuration theory

It's goal is to confront ,structuring’s central paradox:
identical technologies can occasion

” (Barley 1986)

Jhere is no doubt that technology properties and contextual

contingencies can play critical roles in the outcomes of advanced
information technology use. The difficulty is that there are

indicating that some technology properties are contingencies
” (DeSanctis &

Poole 1994, S. 124).




. Das Ende von Medienvergleichsstudien

To prove or improve, that is the question: the resurgence
of comparative, confounded research between 2010 and

2019

Peter C. Honebein &5 & Charles M. Reigeluth

Educational Technology Research and Development 69, 465-496 (2021) | Cite this article

1022 Accesses | 12 Citations | 8 Altmetric | Metrics

Computers & Education
Volume 195, April 2023, 104711

oW ¥

ELSEVIER

Media comparison studies dominate

comparative research on augmented reality

in education ¥

b

Josef Buchner ® 2 =, Michael Kerres

Published: 26 July 2020

The research we have is not the research we need

Thomas C. Reeves & Lin Lin &3

Educational Technology Research and Development 68, 1991-2001 (2020) | Cite this article

7794 Accesses | 50 Citations | 29 Altmetric | Metrics

Abstract

The special issue “A Synthesis of Systematic Review Research on Emerging Learning
Environments and Technologies” edited by Drs. Florence Martin, Vanessa Dennen, and Curtis
Bonk has assembled a noteworthy collection of systematic review articles, each focusing on a
different aspect of emerging learning technologies. In this conclusion, we focus on these
evidence-based reviews and their practical implications for practitioners as well as future
researchers. While recognizing the merits of these reviews, we conclude our analysis by
encouraging readers to consider conducting educational design research to address serious
problems related to teaching, learning, and performance, collaborating more closely with
teachers, administrators, and other practitioners in tackling these problems, and always

striving to make a difference in the lives of learners around the world.




. Strukturierungstheoretisches Paradigma

/Institutioneller Kontext \
@dagogischer Rahmen \
Dida :




Embrace

change/chaos
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. Didaktischer Raum der Hochschuldidaktik

Y-Achse

Handlungs-

ebene

entwickeln
konstruieren

entdecken
handeln

entscheiden
auswahlen

anwenden
nachahmen

rezipieren
erinnern

konte)itfreie
F_akten

Problem-

Regeln,
Kontext

Muster

.'.v

Z~Achse

Ebene d. sozialen

betreuen, kooperieren

Organisation

(Coach)

beobachten, helfen (Tutor)

lehren, erklaren (Transfer)
komplexe
Situation
Gestalt,

Lehr/Lern- X-Achse

ebene

Baumgartner, 2003




. Didaktischer Raum der Hochschuldidaktik

Y-Achse
.'.v
Handlungs- ~ —~ ~ ~ ~ ~  Z-Achse
ebene
entwickeln
konstruieren
Wissen
td k generieren
entdecken "
handeln Ebene d. sozialen
| Erlerntes . a
srtachsiden Wisan o Organisation
auswahlen Fahigkeiten
anwenden
anwenden | betreuen, kooperieren
nachahmen Rl SEE ; (CoaCh)
o Konzepte '
reezl'!mﬁg?‘g aneignen beobachten, helfen (TUtOI")
. lehren, erklaren (Transfer)
kontextfreie Problem- komplexe
Fakten losen Situation

Regeln, ,
Koot o Lehr/Lern- X-Achse
ebene cccceeeeeeeeees >

Baumgartner, 2003




Didaktische Implikationen

*Being a model to train Al
*Feeding Al systems about their professional development
> *Feeding Al algorithms with student information and behaviors |
*Checking accuracy of assessments
eDetermining assessment criteria
*Providing pedagogical guidance for material selection
*Providing feedback about technical issues

ARTIFICIAL
TEACHERS INTELLIGENCE
i F *Receiving information *Timely monitoring *Automated assessment and
student background eImmediate feedback evaluation
*|dentifying the need of the Timely intervention *Providing feedback about
students sSelecting the optimum effectiveness of
*Planning activities learning activity instructional practice
eTracking student progress *Better prediction of
*Making teaching more KRS [P T
interesting OHelpi'ng to make clinical
decision

*Increasing interaction
*Reducing teacher workload

Celik, Dindar, Mukkonen & Jarvela, 2022




. Grundlegende Konzepte aneighen

Fachspezifische KI-Tutoren Generierung von

zur Aneignung von Wissensfragen und
Fachwissen passendem Feedback
Zusammenhange zwischen  Generierung von
Konzepten uber kurze Erklarvideos Uber
Prompts verifizieren/ eigene Faktenwissen und
Interpretationen testen prozedurales Wissen
Alternative

Argumentationen oder
Denkweisen explorieren

Sprachlichen Ausdruck
verbessern

Kanseci et al., 2023; Sharples, 2023




. Erlerntes Wissen und Fahigkeiten anwenden

Handlungsplane und Falle und (halboffene)
Vorgehensweisen Problemstellungen
entwickeln generieren

Probleme in Teilprobleme Anwendungsbeispiele
zerlegen generieren

Sokratischer Dialogpartner

Handlungsstrategien
eruieren

Kanseci et al., 2023; Sharples, 2023




. Wissen generieren

KI als Co-Designer in Komplexe, offene Probleme
Gestaltungsprozessen generieren

Kritisches Denken liben Forschungsfragen

identifizieren
% Kl generiert Daten, die
% analysiert werden

Kanseci et al., 2023; Sharples, 2023




. LLMs & KI entmythifizieren: Technologisches Wissen

Dokumente: 12 +

Text erzeugen

Ter
S k, Dokumentl ' B
0 e I O GPT _Da Rumpelstilzchen.
Es war einmal ein Miiller, der war
Der arm, aber er hatte eine schone
; ey - ' Tochter. Nun traf es sich, dass er
Schreibe mir ein Marchen. mit dem Konig zu sprechen kam,
5 und um sich ein Ansehen zu
in den geben, sagte er zu ihm ,ich habe
eine Tochter, die kann Stroh zu
X . ) . : Gold spinnen.” Der Konig sprach
Es war einmal ein altes Schloss mitten in einem . Als zum Miiller ,das ist eine Kunst, die
mir wohl gefallt, wenn dein_e
grossen dicken Wald darinnen wohnte eine alte : HOCHEE b geRchickt st wietd iy
. Sie sagst, so bring sie Morgen in mein
2 2 7 < Schloss, da will ich sie auf die
Frau ganz allein. Sie war eine Erzzauberin. Am Probe stellen” Als nun das
_Das M_a‘dchen zu.ihn_'n gepracht wa[d,
Tage machte sie sich zur Katze oder zur Nachteule < 3
V2 D
- . . . © H
des Abends aber wurde sie wieder ordentlich wie x . Die g
=
e = < 2 © @
ein Mensch gestaltet. Sie konnte das Wild und die z i dia E Dokumentd /' ©
- - - = ©
Vogel herbei locken und dann schlachtete sie ] o) Rapunzel.
BC .Er =

kochte und briet es. Wenn Jemand auf hundert

Schritte dem Schloss nahe kam so musste er stille

stehen und konnte sich nicht von der Stelle und als ikttt
N AR Aus diesem konnte man in einen
bewegen bis sie ihn los SpraCh- . prachtigen Garten sehen, der voll
und die der schonsten Blumen und Krauter
-+ — stand; er war aber von einer hohen
0 I_D E Mauer umgeben, und niemand
.Es wagte hinein zu gehen, weil er
einer Zauberin gehorte, die grosse
Macht hatte und von aller Welt
= P ondilaids
o automatisch fortsetzen @ selbst auswahlen . Und

und sprach

1 Liahar

https://www.soekia.ch/GPT/

Es war einmal eine Frau und ein
Mann, die winschten sich schon
lange vergeblich ein Kind, endlich
machte sich die Frau Hoffnung der
liebe Gott werde ihren Wunsch
erfiillen. Die Leute hatten in ihrem



https://www.soekia.ch/GPT/

. Didaktische Implikationen: Die Macht des Prompting
e

CRAF Power Prompts for Educators:

C CONTEXT: Be specific in telling the Al any additional details or information to help it understand what you need. )

Context is everything!
EX. “My students read below grade level” “This is an advanced level group who needs to be challenged” “include
opportunities for collaboration in small groups” “Align the lesson with Bloom’s Taxonomy”. etc

ROLE: Assign the Al a role and audience so it will provide a better answer. Think, “Who do | wish | had access to to
help me with this task?”

EX. “You are an exceptional algebra teacher”, “You are a professional chemist”, “You are a excellent math tutor”, “You
are Harriett Tubman”, “You are an experienced behaviorist skilled with managing disruptive classroom behaviors”

group.
Ex “Highschool students”, “5th grade math students”, “Middle school ESL students”,“school board members”,

“perspective employer”, “11th grader with severe dyslexia”, “angry parent”, etc

FORMAT: Text models can produce more than just sentences. Ask for the format you want. It may also help to
provide an exemplar. Ex. “write each analogy in this format‘aistob as istoy’”
Ex. Bulleted list, paragraphs, 500 words or less, Mark down, poem, haiku, limerick, rhyme, rap song, table, HTML,

Python, C++, Google sheets formula, etc etc.

/n AUDIENCE: Providing the tartget audience helps the Al adjust the level and tone to that particular person or

L LY

1
L
|
)
i
I

L@_J Use AI Ethlcally EVER Tlme i
T o conr romewere v cresenbyme Vo oo | Gubero, 2023




.Didaktische Implikationen: Das 2-Sigma Problem

CONVENTIONAL

1-30%

MASTERY LEARNING

*Teacher-student ratio

Summative Achievement Scores

Bloom, 1984

Conventional: 30 Schiler:innen pro
Klasse & frontal

Mastery learning: 30 Schiiler:innen pro
Lehrenden plus formatives Feedback und
Anweisungen zu Verbesserungen

Tutorial: Tutor plus 1 — 3 Schiiler:innen.
Direktes Feedback und Scaffolding.




Didaktische Implikationen: Anfanger vs. Expert:innen
Figure 7: Experts vs Novices in the World of Al

2-5x increase in productivity

+  Already has deep domain knowledge

. Uses Al to extend their advanced capabilities

*  Understands the artifacts produced by Al

= Extends these outputs again

Expert Humans become Elite by riding the machines

Reduction in Skills of

Novices

*  Machines can perform task
much better than them

. Limited motivation to learn —
they will (possibly) never
operate at machine level of
competence

. Develop skills in
prompting/instructing the
machines but do not
understand the outputs

Novice Humans remain Novice by

riding the machines

Expertise

Hamilton, William & Hattie, 2023




. Mensch/KI-Arbeitsteilung

Offloading
Cognitive .
offloading Co-regulation
(Calculator)
s ] Collaborative
Extended mind Hybrid

Extending Lodge, Yang, Furze, & Dawson, 2023




. Geteilte Regulation: HHAIR-Modell und Beispiel

Personalized dashboards Planning Monitoring
High swimmer Immadiatedrop  You alraady know this skall. Youraccsmacy is high well done!
- -> Plaase practics a different skill.
You have leamed this skill quickly Youraccunacy is high well dona!
after the teacher explainad it.
- You can practice until you have X . v .
reached proficiency (graen dciphin) Learner characteristics SRL during learning » Deep learning
and then continue on the nextskll. Age, gender. ability and prior knowledge /| Accuracy. effort, patterns Knowledge gain an transfer of knowledge
_ B : Task characteristics / Adaptive Leaming Technology (ALT) SRL skills for Future learning
You have leamad this skill in two > Plaase monitor your accuracy Domain and topics - - MESH and sequential and temporal patterns
stages dosing guided instmctionand  during practice. Degrees of hybrid regulation
class wide practice. > Do yo faal that you can gotin 1. Self-regulation Active leamer
-> Please practice until you have alittle more effort? 2. Shared-regulation t
reachad proficiency. ik 3. Co-regulation
Try tobecome aquick riser! 4. Al-regulation Passive leamer
Dashboards | Al-algorithm

You are leaming this skall hat -> Plaase monitor your accuracy
slowly. during practicing.
- Please continue to practice in - Do you feel that you can ptin
adaptive mode until you haversached  alittle more effort?
proficiency.

Try tobacome a fiser in two
stages!

Riser and descender Separate You are leaming this skall quite slowly. - Plaase monitor your accuracy

nwltiple spikes 3Pl e o prackics s durng practicing.
S adaptive mode
- If you cannot master this skall - Do you feel that you can potin
please noti fy your taacher alittle more effort?

Try to become a slow riser!

Molenaar, 2023




. Didaktische Implikationen: Geteilte Regulation (SRL)

Human-Al Shared Regulation

Human Artificial Intelligence (Al)

Learner

Al Models
Models (S)SRL
— Trigger —
' onitoring SOUFCES oni orlng‘

(S)SRL Triggers Signals Detect

Traces Diagnose
Regulatory

Responses

Support

Metacognitive Learning
Products Outcomes

FIGURE 2 Human-Al shared regulation in learning (HASRL) model.

Jarvela, Nguyen, & Hadwin, 2023




. Didaktische Implikationen: UNESCO framework for teachers

Progression
Aspe Cts Understand Apply Create
Human-centred Critical Views of Al Contextual Steering long-term
Mindset adoption strategies | impact
Ethics of Al Human agency Human-centred use | Al society skills
Foundation Al “Algorithm and data Use Al analytics Coding and data
knowledge literacy” or Al literacy models
Al skills Test and use Infusing uses Integrating Al tools
Al pedagogy Al for teaching Al to deepen Al for co-creation
learning
Professional Al to assist Al for curriculum Al empowering
development administrative tasks design and delivery | teaches

UNESCO, 2023




. Didaktische Implikationen: UNESCO framework for learners

Human-centred mindset

Understand

Apply

Create

Critical Reflections on Al

Safe and Responsible
Use

Self-actualization in
the Al Era

Ethics of Al

Human Agency

Ethics by Design

Al Citizenship

Al Foundations

Data, Algorithms, and
Models

Programming and
Data Analysis

Modeling and Visual
Representations

Al skills

Al Techniques and
Applications

Al Programming

Creating Al Products

Al for problem solving

UNESCO, 2023

Problem Scoping

Co-design

Co-creation and
Feedback Loops




. Keine neuen Kompetenzen

Medienkritik/
Kritisches Denken

KI-Modelle und
Algorithmen

Selbstregulation

Wissen Uber...

Nutzung von KI-
Systemen
(Prompts)

Problemlésekompetenz

Ethische
Dimensionen von
KI




. Den didaktischen Raum bespielen

Lernende Lehrende
b Iati - Werkzeuge - Fakten - Modelle
- Se strclegg ation - Prompts - Konzepte - Heuristiken
- Koregu ation - - Plattformen - Prozeduren - AnaIOglen
- Externe Regulation | Medien - Theorien - Probleme

Lodge, de Barba, Broadbent, 2023




. Passende didaktische Ansatze

Projektbasiertes | Problembasiertes
Lernen Lernen
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OpenAl, 2023

gpt-4 1

gpt-4 (no vision)

gpt3.5 W

Exam

0%

Exam results (ordered by GPT-3.5 performance)

Estimated percentile lower bound (among test takers)

100% —
80% —
60% —
40% —
20% —

. Praktische Implikationen




. Didaktische Imp

ikationen: Epistemologie, Ontologie, Axiologie

The sequential or hierarchy
development of knowledge
through the qualitatively
distinct stages students
progress through that are
culturally and contextually
aligned with their ability to
position this to their own
discursive practices or social
constructions.

Richardson (2013)

Books Interactives

Readings Podcasts Videos

When considering Al in Learning and Teaching

Epistemology
The knowledge of...

Assessment in
Higher Education

vs individual mastery to prioritise
manifestation of human qualities
creativity, productivity, ethics and

Assessment can evaluate the process
of inquiry as much as the product,
placing more value on interpretive,
contextual and reflective learning. It
may be continuous and programmatic.
Collaborative knowledge construction

critical thinking, become more central.

The development of an
educated ‘self’, through an
empathic, relational
intersubjectively (where | fit in
to this discipline) that is
sensitively and creatively
attuned to the world, through
the application of a
contemplative educational

pedagogy.
Gunnlaugson, et.al. (2023)

Group work

LMS Demonstrations

ePortfolio Tutorials
Peer interactions

Lectures

Axiology

The value of...

the
like

MR/AR/VR/XR Placements

References

The prescribed value (arguably, some
being intrinsic value), that society and
the higher education community
believe is important to do in higher
education or what it should be like and
contribute back.

Lomer, et.al. (2023)

©®S0O)  https://michaelsankey.com
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. Epistemische Implikationen

Jack Ma on the future of education at the World Economic Forum 2018
Disclaimer: Edited by me




. Didaktische Implikationen: Kognitives Abladen

Arten kognitiver Belastung

Intrinsic load
(Aufgabenschwierigkeit) Germane load

(Gesamtkapazitdt nach ¢ AUSIagern von kOgnItIV

Abzug des intrinsic und

extraneous loads) anspruchsvollen Aufgaben an
ein externes Werkzeug

e oder an ein Kl-Tool

Extraneous load
(Gestaltung des Lernmaterials)

Drei Arten kognitiver Belastun

AI I pa ka 2022 Quelle: In Anlehnung an SweHgér, 1994
U




. Didaktische Implikationen: Kognitives Abladen

8 Openaccess =@ ® | Researcharticle | Firstpublished online March 22, 2021

Consequences of cognitive offloading: Boosting performance but diminishing memory

Sandra Grinschgl (® ™, Frank Papenmeier, and Hauke S Meyerhoff View all authors and affiliations

Volume 74, Issue 9 https://doi.org/10.1177/17470218211008060

Auslagern kann kurzfristig
Performance erhohen, aber

langfristig Behaltensleistung
vermindern

Grinschgl, Papenmeyer & Meyerhoff, 2021




. Von der 1-zu-1 Interaktion zum didaktischen Raum

Prompts.

Human - - Al
Responses
Prompts_
Human §= >, Al
Responses
P Prompts.__
Human - = Al
Responses
Prompts._
Human f- = Al
Responses
P Prompts_
Human {= = Al
, Prompts._ Responses
Human - —— Al
Responses

Sharples, 2023




. Epistemische Implikationen




Epistemische Implikationen

® Live TV

Ow R ® Live TV
Mayor of Kybv Vitall Kinschio

POLITICS | GERMANY
POLITICS | GERMANY

Vitali Klitschko fake tricks Berlin mayor Russian prankstess posmugas Ukraines

Berlin Mayor Franziska Giffey spoke for 15 minutes with a man posing as Kyiv Mayor Vitali
Klitschko. But then the suspicion arose that her part was a deepfak 02/20/2023

Germany's former chancellor received a prank call from a pair claiming to be Ukraine's former
President Petro Poroshenko. During the call, she apparently said the Minsk peace deal had bought
time for Ukraine.

f v v

f v v




. Epistemische Implikationen

"ChatGPT rejects any notions of creative
struggle, that our endeavours animate
and nurture our lives giving them depth
and meaning. It rejects that there is a
collective, essential and unconscious
human spirit underpinning our existence,
connecting us all through our mutual
striving.

It renders
our participation in the act of creation as
valueless and unnecessary."

Nick Cave, 2023
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. Ethische Implikationen

Real world patterns of health Discriminatory
inequality and discrimination data
Unequal access Discriminatory Biased clinical Sampling biases and Patterns of bias and
and resource healthcare decision World — Data lack of representative  discrimination baked
allocation processes making I datasets into data distributions
Application U Desi Biased Al design and
injustices S RESED deployment practices
ﬁ? LIJ y 1 .‘x
- - "' @ 5] -
SSE ol A i e % %
Disregarding Exacerbating global Hazardous and Powerimbalances in Biased and exclusionary Biased deployment,
and deepening health inequality and discriminatory repurposing agenda setting and design, model building explanation and system
digital divides rich-poor treatment gaps of biased Al systems problem formulation and testing practices monitoring practices

Leslie et al., 2021




. Ethische Implikationen
EU Artificial Intelligence Act: Risk levels

Social scoring, mass
surveillance, manipulation of

Prohibited

behaviour causing harm

Access to employment, Conform ity

education and public services,

safety components of vehicles, assessment

law enforcement, etc.
Impersonation, Chatbots, J\l Trans parency
emotion recognition, bligati
biometric categorization obligation
deep fake

4
S 4 No
Remaining Minimal risk S 14 gl
g |obligation

(Source: Telefonica)




. Okologische Implikationen

Pfad fiir Einhaltung von 1,5-Grad’
Verbleibende Emissionsmenge fur Deutschland

Mt CO,
700
600
500
400
300
200
100

4200 Millionen Tonnen

©® Quellen: SRU, Wuppertal Institut | *50% Wahrscheinlichkeit

Deutsche Welle, 2020

ChatGPT deutlich ressourcenhungriger

Bei GPT-3 von OpenAl verursacht ein Training schon mehr Emissionen. 552
Tonnen sollen es laut Forscher*innen von Google und der Universitat Berkeley
sein, 1.287 Megawattstunden Energie wurden zum Training bendétigt. Das
entspricht dem Energieverbrauch von 320 Vierpersonenhaushalten in einem
Jahr. Die erste Version des Bildgenerators Stable Diffusion wurde 200.000
Stunden lang in Amazons AWS-Rechenzentren an der US-Ostkuste trainiert und

soll dabei 15 Tonnen CO2-Aquivalent erzeugt haben.




Forschung & Entwicklung im Dienst von OpenAl?

5
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Fig. 1. A timeline of existing large language models (having a size larger than 10B) in recent years. We mark the open-source LLMs in yellow color.

Nextbigfuture, 2023
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