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Hochschulrahmengesetz (HRG)
§ 2 Aufgaben

(1) Die Hochschulen dienen entsprechend ihrer Aufgabenstellung der Pflege
und der Entwicklung der Wissenschaften und der Kunste durch Forschung,
Lehre, Studium und Weiterbildung in einem freiheitlichen, demokratischen und
sozialen Rechtsstaat. Sie bereiten auf berufliche Tatigkeiten vor, die die
Anwendung wissenschaftlicher Erkenntnisse und wissenschaftlicher Methoden

oder die Fahigkeit zu kunstlerischer Gestaltung erfordern.



Forschung Lehre Berufliche Tatigkeit

www.nature.com/scientificreports o o v il Projected US Job Displacem: X + $ Ask Gemini
° o go < c 25 jobsdata.ai/predictions/overall-us-displacement DA W O o Work :
) @® v 3§ Aljustsolved an 80-year-old X = + # Ask Gemini sc‘entlflc re po rts
& Cc 25 scientificamerican.com/article/ai-just-solved-an-80-year-old-erdos-problem-and-mathematicians-... ¥ ¥ 9 o Work H T jobsdata, Q_ Search 563 sources... Action Plan v Predictions Analysis v Learn v About m

W) Check for updates

g%/} The Young American Scientists Event—Register Now @ .-

OPEN Al tutoring outperforms in-class ® What researchers project
active Iearning: an RCT introd Ucing Forward-looking estimates from structural models, institutional surveys, and expert forecasts. All

projections target by 2030, shown by the reference line. The wide range (0-18%) reflects different

OpenAI announces Al’s biggest math a nove' researCh-baSEd deSign in an model assumptions about reinstatement effects, demand elasticity, and adoption speed, not just
breakthrough yet authentic educational setting parameter uncertainty.

Greg Kestin3*J, Kelly Miller%3, Anna Klales?, Timothy Milbourne! & Gregorio Pontil 26%

May 21,2026 | 5 min read G Add Us On Google (i

A chatbot’s result for the 80-year-old “unit distance” conjecture is the first Al

0 g 5 ’ 5 5 Advances in generative artificial intelligence show great potential for improving education. Yet little
prOOf that would hkely be Puthhed m math S tOp )ournal lf humans had done is known about how this new technology should be used and how effective it can be compared to
current best practices. Here we report a randomized, controlled trial measuring college students’
learning and their perceptions when content is presented through an Al-powered tutor compared with
an active learning class. The novel design of the custom Al tutor is informed by the same pedagogical
BY JOSEPH HOWLETT EDITED BY LEE BILLINGS best practices as employed in the in-class lessons. We find that students learn significantly more in less

it alone

time when using the Al tutor, compared with the in-class active learning. They also feel more engaged Management L
and more motivated. These findings offer empirical evidence for the efficacy of a widely accessible Al- Transportation Business & finance
powered pedagogy in significantly enhancing learning outcomes, presenting a compelling case for its
broad adoption in learning environments. Production

o
| N
o

Computer & math 2.99 n 1.9%

With their human-like conversational style and knowledge drawn from extremely large data sets, generative
artificial intelligence (GAI) chatbots have inspired visions of expert tutors available on demand through every i i
smartphone’. The President of the United States, at the time of this investigation in 2023, pledged to “shape AI's Installation & repair
potential to transform education by creating resources to support educators deploying Al-enabled educational
tools, such as personalized tutoring in schools.”! Despite this recent excitement, previous studies show mixed
results on the effectiveness of learning, even with the most advanced Al models®*. While these models can
answer technical questions, their unguided use‘lets students complete assignments wit}llout engaging in cri?ical Construction
thinking. After all, AI chatbots are generally designed to be helpful, not to promote learning. They are not trained
to follow pedagogical best practices (e.g., facilitating active learning, managing cognitive load",! and promoting
a growth mindset).> Another well-known flaw of Al tutors is their uncanny confidence when giving an incorrect
answer or when marking a correct reply as incorrect®.? As reported here, a carefully designed Al tutoring system,
using the best current GAI technology and deployed appropriately, can not only overcome these challenges but
also address significant known pedagogical challenges in an accessible way that can offer world-class education
to any community or learning environment with an internet connection.

Although passive lectures are among the least effective modes of instruction, they remain in wide use in
science, technology, engineering, and mathematics (STEM) courses®8. Passive lectures have several long-known
issues: 1. They move too quickly for some students and too slowly for others because the teacher controls the
pace of instruction; 2. Students do not receive personalized feedback to their questions as they arise; and 3. They Office & admin

Architecture & engineering

Life & social sciences

Agriculture Social services

Q4 '25 Q1'26 Q2 '26
Legal

Sales Education & library
! Cognitive load refers to the total amount of mental effort used in the working memory. This concept emphasizes that
learners have a limited capacity to process new information and that instructional design should aim to manage cognitive
load effectively.

2Growth mindset refers to the belief that one’s abilities and intelligence can be developed through effort and learning.
3“ChatGPT sometimes writes plausible-sounding but incorrect or nonsensical answers.” https://openai.com/blog/chatgpt#O Personal care
penAlL

Arts & media

Grounds maintenance Healthcare practitioners

1Department of Physics, Harvard University, 17 Oxford Street, Cambridge, MA 02138, USA. ?School of Engineering
and Applied Sciences, Harvard University, 29 Oxford Street, Cambridge, MA 02138, USA. 3Greg Kestin and Kelly

Miller contributed equally to this work. ““email: Kestin@fas.Harvard.edu Healthcare support

Food & serving
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service

Scientific Reports|  (2025) 15:17458 | https://doi.org/10.1038/s41598-025-97652-6 nature portfolio

Anthropic,“Labor Market Impacts of Al,” March 2026
Selingo (2026), Designing the Al University



Test scores of Al systems on various capabilities relative to human performance

Within each domain, the initial performance of the Al is set to -100. Human performance is used as a baseline, set to zero.
When the Al’s performance crosses the zero line, it scored more points than humans.

B8 Table l~2 Chart

20 ~ Reading comprehension
/_—- L Image recognition

/ Language understanding
/. — Handwriting recognition
0 2003 Elr_‘ﬂan.[)Pl'fﬁ"'“ S ey nark,.is.Jet.to.zero 1 Speech recognition
Predictive reasoning
B Handwriting recognition -26.67
-20
-40
-60
-80
-100 Thé-capability of-each-Al-system-is normalized-to ln initial perfirman > of =100
| l | I | | |
1998 2000 2005 2010 2015 2020 2023

Data source: Kiela et al. (2023) - Learn more about this data




Biased Al Writing Assistants Shift Users’
Kl kann Meinungen pragen und Vorurteile verstarken. Attitudes on Societal Issues

AUTHORS
Sterling Williams-Ceci, Maurice Jakesch, Advait Bhat, Kowe Kadoma, Lior Zalmanson, and Mor Naaman

THE LANCET i
Gastroenterology & Hepatology ubmi

Thisjournal  Journals Publish Clinical  Global health Multimedia Events  About Search for...

Kl kann zu Lernverlust fuhren.

ARTICLES - Online first, August 12,2025

Endoscopist deskilling risk after exposure to artificial intelligence in
colonoscopy: a multicentre, observational study

. i fg .
% of subjects who could quote from their essay Hans O Adaml’ MD etal. Show more

THE NEW YORKER (0
The Creative Link Between Words and Ideas is Weakening

Elegante Formulierungen, langweilige ldeen. ——

Al 1S HOMOGENIZING
OUR THOUGHTS

° ) ) L
K I ve r r I n g e rt K re at I v I tat Kibum Moon!*, Kostadin Kushlev!, Andrew Bank!, Benjamin Lira?, Indre Viskontas?, James C.
°

Kaufman*, Dan R. Johnson®, Angela L. Duckworth®, and Adam E. Green!”

In just 5 minutes help us improve arXiv:

Cornell University

Kl kann Abhangigkeiten erzeugen und R CTR——

Computer Science > Human-Computer Interaction

menschliche Beziehungen verandern.

"My Boyfriend is Al": A Computational Analysis of Human-Al Companionship in Reddit's Al
Community

Help | Adv.

Pat Pataranutaporn, Sheer Karny, Chayapatr Archiwaranguprok, Constanze Albrecht, Auren R. Liu, Pattie Maes




& “Technology is neither good nor bad;

nor is it neutral.’

Melvin Kranzberg




“Open” als Alternative




Epoch Capabilities Index (ECI)
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A. Open Models Share of Token Usage B. Open Models Share of Revenue
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Figure 1: The Market for LLM Inference. The * is added next to First-Party Inference providers to
indicate that they may also provide inference services through commercial cloud partnerships (such
as OpenAl with Microsoft Azure or Anthropic with Google Cloud). In this case, such a service
would be second-party inference, served alongside first-party.

Nagle,Yue (2005) The Latent Role of Open Models in the Al Economy



Kosten

Price Changes (January 1998 to June 2019)

Selected US Consumer Goods and Services, Wages

ospital Services

Hospital Services
200% -
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Standards

80%

64%

48%

32%

16%

0%

- Chrome < IE < Firefox <O Safari <O Opera <O Android UC Browser <O Samsung Internet

<> Edge

— Other (dotted)

https://gs.statcounter.com/browser-market-share#monthly-200901-202606




Spielraum

Open Source als Teil der “Tech Sovereignty Package”: € 2 Mrd/ 7 Jahre

European Competitiveness Fund: € 48,5 Mrd / 6 Jahre (2028-2034)

EU Ausgaben (IT Produkte & Services): € 1,320 / 5 Jahre (264 Mrd * 5)
Capex Data Center Infrastruktur: $ 7,000 Mrd / 5 Jahre

$ 4,000 Mrd Compute

Neues Soziales Kapital (Philanthropy) $ 250 Mrd / 5 Jahre

https://www.techpolicy.press/how-the-eus-tech-sovereignty-package-finally-puts-open-source-to-the-test/
https://www.mckinsey.com/industries/public-sector/our-insights/the-data-center-balance-how-us-states-can-navigate-the-opportunities-and-challenges



https://www.techpolicy.press/how-the-eus-tech-sovereignty-package-finally-puts-open-source-to-the-test/

Estimated 2026 Al / Infrastructure Spend Comparison (in Billions USD)

Amazon _

(AMZN) $2008B

Alphabet _

(GOOGL) 175B — 185B

Microsoft _

(MSFT) $145B

Meta _

115B — 135B
(META)

OpenAl* - $50B

Anthropic* - 40B — 55B

Apple _

13B —14B
(AAPL)

*Note: Pure-play Al developers reflect operational commitments to third-party cloud compute.

Source:Various (Goldman Sachs hyperscaler CapEx research, Financial filings)



Wo investieren?

Enterprise Adoption

Attributes

Tech Stack
Product/UX

Output settings

Documentation Integration mit bestehenden Systemen

: Evaluation Tools Publication (Blog post, Pre-print
UVAPI | andResuts ModelCards and peer reviewed paper)

System Prompts

User/Model interaction guidelines i Sample Model V‘g'&"""ﬂ .I:';m'“g‘".“g'.‘u e é RI S I I(O / C O m P I I a n C e

Outputs documentation  (Ex. Datasheet)
Telemetry

_____________________________________________

............................................ Kosten

Model Components

Datasets Code Model Weights

Data (pre)-processing Base/pretrained
Code weights

Licensing

Pre-training dataset

I
I
I
I
I
I
I
Intermediate training \
I
I
I
I
I
I

Evaluation dataset Inference Code checkpoints weights °
ey g e | s Developer Adoption
S Training Code Downstream task Licenses Licenses Licenses Service
fine-tuning dataset adaptation model’s
Evaluation Code weights 1 |
Preference dataset Fine-tuning code Compressed weights I N oo d E o I I b
: ; Qualitat der Entwickler Umgebung
| |
] |
Model Architecture : Sa feg ua rd S '
f | |
Infrastructure | Accessand | . . o
' Moderation Governance release Disclosures and e S C W I n I (e It
: strategies watermarks :
Firmware and Drivers Hardware - '
| |
| ]
Compliers Chips ' Auditing, Evals, Safety :
o | RRee(:)tretianm";?\'d finetuning, Policies Refusal ! ° .o
Libraries Storage : s s alignment Mechanism 7
, - strategies .
mechaniam . ualitat:
ML Frameworks Comm Infra l
|

Drivers

Towards a Framework for Openness in Foundation Models, https://arxiv.org/pdf/2405.15802



owners

powered by Mozilla

A B c « 5 G H I J K L M N 0 “» Q R
1 Layer Subcategory Description :r::d‘:z:i:: Ease of Adoption Documentation Community Activity Perf%r;:\:x oo 'Ez::;':::: Interoperability Sustainability Standardization Criteria Avg Maturity Parity Verdict
2 Stack category Specific component What this layer covers Ready for real-world How easy to get Quality of docs and Active contributors How does it compare  Security, compliance, Works well with other Long-term funding and Common formats and Mean of all criteria Overall ecosystem maturity Open source vs. closed
deployment? started? guides and maintainers? to proprietary? support tools? governance APIs? scores standing
3 Infrastructure Cloud Compute GPU and CPU cloud services for training and inference 4 3 4 4 3 3 3 4 2 34 ( l Competitive
4 Infrastructure Communication Libs Libraries for distributed computing across machines 4 3 4 4 3 2 3 4 2 3.3 ‘ l Competitive
5  Infrastructure Compilers Jels for specific har 3 3 3 4 2 2 3 3 2 29 ( ‘ Closed leads
6  Infrastructure Firmware Drivers Low-level software that talks to accelerator hardwz 3 3 4 4 2 3 3 4 3 33 ( Closed leads
7 Infrastructure Hardware Chips Al-specific chips and accelerators 2 2 3 3 _ 2 2 3 2 23 Early stage Closed leads
8 Infrastructure ML Frameworks Core frameworks like PyTorch, JAX, TensorFlow 5 4 5 5 4 4 3 5 3 43 Strong Competitive
9 Infrastructure Storage Data storage and retrieval for large-scale ML 4 3 4 4 3 2 3 4 3 34 ( l Closed leads
10 Model Components: Datasets Benchmark Eval Data Standard datasets for measuring model performance 4 4 4 5 4 3 3 4 3 39 Strong Competitive
11 Model Components: Datasets Data Preprocessing Tools for cleaning, filtering, and preparing training data 4 3 4 4 3 3 3 4 2 34 ( ! Competitive
12 Model Components: Datasets Preference Alignment Data Human feedback data for RLHF and alignment 4 4 3 5 5 3 4 4 3 4 Strong Unigue to open source
13 Model Components: Datasets Pretraining Data Large-scale corpora used to train foundation models 3 3 3 4 3 2 3 4 2 31 [ Closed leads
14 Model Components: Datasets Synthetic Data Machine-generated data for training augmentation 3 3 4 3 3 2 2 3 2 29 Closed leads
15 Model Components: Code Evaluation Code Scripts and tools for benchmarking model 3 3 3 4 3 2 3 3 2 3 ( Competitive
16 Model Components: Code Finetuning Code Code for adapting pretrained models to specific tasks 3 3 3 4 3 2 3 4 = 31 ( | Competitive
17 Model Components: Code Inference Code Code for running models in production 4 4 4 5 4 3 3 4 3 39 Strong Competitive
18 Model Components: Code Model Architecture Neural network structure definitions 3 3 3 4 2 2 3 3 2 29 ( ! Closed leads
19 Model Components: Code Supporting Libraries Utility libraries for tokenization, data load 4 4 4 5 4 3 4 4 4 4 Strong Competitive
20 Model Components: Code Training Code End-to-end training pipelines and scripts 4 4 4 5 4 3 3 4 3 38 Strong Competitive
21 Model Components: Weights Base Pretrained Foundation model weights before finetuning . 4 4 4 5 4 3 3 4 3 39 Strong Competitive
22 Model Components: Weights Compressed Weights Quantized or pruned models for efficiency 3 3 4 4 3 2 3 3 2 31 Closed leads
23 Model Components: Weights Domain Weights Models finetuned for specific fields (medical, legal, etc 3 3 3 4 3 2 3 3 2 3 ‘ . Closed leads
24 Model Components: Weights Finetuned Chat Instruction-tuned and chat-optimized model weights 3 3 3 4 3 2 3 3 2 3 ( | Closed leads
25 Model Components: Weights Multimodal Weights Models handling text, images, audio, or video 4 3 3 4 3 2 3 4 2 3.2 ( l Competitive
26 Product / UX Deployment Tools for serving and scaling models in producti 4 4 4 4 4 3 4 4 3 3.8 Strong Competitive
27 Product / UX Orchestration Agents Frameworks for chaining LLM calls and tool use 3 3 3 4 3 2 2 4 2 3 ( Competitive
28 Product / UX Output Settings Controls for temperature, tokens, response format 3 3 4 4 3 2 2 3 2 3 Closed leads
29  Product / UX System Prompt System-level prompt configuration and management 3 3 3 4 3 2 3 3 2 3 Closed leads
30 Product / UX Telemetry Observability Monitoring, logging, and debugging for LLM apps 4 3 4 4 3 2 3 4 3 34 ( ! Closed leads
31 Product / UX Ui Api User-facing interfaces and API endpoints 3 3 3 4 2 2 3 3 2 29 [ l Closed leads
32 Documentation Data Documentation Data cards, provenance, and lineage docs 4 3 3 4 3 2 3 3 2 31 ( l Closed leads
33 Documentation Eval Results Published benchmark results and comparisons 3 3 3 4 3 2 3 3 2 3 ( | Closed leads
34  Documentation Model Cards Standardized model documentation (capabilities, limits 3 3 3 4 2 2 2 3 2 2.7 ( Closed leads
35  Documentation Sample Outputs Demos Example outputs and interactive demos 4 4 4 5 4 3 3 4 3 39 Strong Competitive
36  Licensing Code Licenses License terms for source code 3 4 4 3 2 2 3 3 3 3 Closed leads
37 Licensing Dataset Licenses License terms for training data 5 4 4 4 3 3 4 4 4 39 Strong Competitive
38 Licensing Terms Of Service Usage policies and acceptable use terms 2 3 2 2 2 _ 2 2 _ 19 Early stage Closed leads
39 Licensing Weight Licenses License terms for model weights 4 3 3 3 3 3 2 4 2 31 ( l Competitive
40  safeguards Access Release How models are distributed and access-controlled 4 4 4 5 3 2 3 4 2 35 e, bu Closed leads
41 Safeguards Auditing Reporting Third-party audits and transparency reports 3 3 3 4 3 2 3 3 2 3 ( Closed leads
42 Safeguards Governance Decision-making structures and oversight 3 3 4 4 3 2 3 4 2 3.2 ( Closed leads
43 Safeguards Moderation Content filtering and safety guardrails 3 3 3 3 2 2 2 3 2 2.6 Closed leads
44 Safeguards Safety Alignment Techniques to align model behavior with human values 3 3 3 4 3 2 3 3 2 3 ‘ | Closed leads

https://docs.google.com/spreadsheets/d/ | ApSQ9r I sTsLcUiwBPWU2CW]dgn|VcVrTediv]|68o0Q/edit?’gid=1019453008#gid=1019453008



EntwicklerInnen

“Closed Al systems are winning
today because they are genuinely
easier to use. If you're a
developer with an idea you want
to test, you can have a working
prototype in minutes using a single
API call to one of the major
providers. GPUs, models, hosting,
guardrails, monitoring, billing — it all
comes bundled together in a
package that just works."

Raffi Krikorian, CTO Mozilla

https://blog.mozilla.org/en/mozilla/mozilla-open-source-ai-strategy/

Sourceforge 2008 GitHub 2010 GitHub 2021
Rank Country Share Country Share Country Share Rank Chg.vs. 2008
1 United States 36.1 United States 38.7 United States 24.6 -
2 Germany 8.1 UK 7.7 China 5.8 +4
3 UK 5.1 Germany 6.2 Germany 5.6 -1
4 (Canada 4.2 Canada 4.3 India 54 +7
5 France 3.8 Japan 3.9 UK 5.0 -2

https://www.sciencedirect.com/science/article/pii/S0040162522000105




Infrastruktur

Share of aggregate Al supercomputer performance by public/private sector over time

Share of aggregate performance (16-bit FLOP/s)
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Hyperscalers kontrollieren >80% des

globalen Compute. Rapide Verschiebung seit

2019.

https://arxiv.org/html|/2504.16026v |

SUPERCOMPUTER CENTER UC San Diego

Offentliche Netzwerke (Forschung)
existieren und konnen gezielt genutzt
werden, um Zugang zu vergrossern.



Open = Kollaboration

nschaffung: University Innovation Alliance

nwendungen: Libre Chat, Edu Gems :

etzwerke: Chief Al Officers

essourcen: ‘Al Starter Kit”
Bildungsangebote: NAAIC (~400 colleges) :
HFD!

Quick Decision Framework: Stop, Caution, or Proceed

Use this framework to quickly assess where you stand. If you hit any STOP criteria, halt the

rocess immediately.
g Do not proceed if ANY of these are true:

» Contract allows vendor to use your data for Al training (even
de-identified)
» No written FERPA compliance certification provided
» Data will be stored or processed outside the U.S. without clear legal
rotections :
. pNo ability to delete data upon contract terminz ® ©@® v @ LibreChat-The Open-Sourc x  +
* Vendor refuses to provide list of subprocessol

data < C % librechat.ai Yo
» Sales rep says 'we'll work that out later' to crit

questions
*  Your legal team has not reviewed and approv ) LibreChat Docs Blog Changelog Q Search

» Contract term exceeds 24 months without cle

| Proceed only with additional safeguards if ANY o

Vendor has not provided SOC 2 Type Il or IS(

Contract lacks specific data retention periods

No audit rights to verify compliance with data &9 Star on GitHub W 39.3k
Unclear intellectual property rights for custom

prompts

* No documentation on bias testing or model )

» Breach notification window exceeds 72 hours
| » Sales pressure includes 'limited time' discoun e pe n ] o u rce

® v © EduGems x  + 4 Ask Gemini

C % edugems.ai w0 @work AI Platform

' EduGems

‘hat brings together all your Al conversations in one unified,
™ Newest EduGems customizable interface

Latest EduGems added to the site
Get Started > Try Demo

.
@ 7 ] -
Career Conference CRA Math EduTrading
Caricature Concierge Activity Cards

= = L

Google Google LETRS Micro-Inquiry Nt
Classroom Forms Lesson Plan Sparks
Header Header

v/ | ! g

Podcast Reading Science What Single Point

Matchmaker @ ©® v ¥ NAACC-Home x o+
<& © 25 naaic.ai

#
A NAAIC o nemre

Building tomorrow's Al workforce, starting today.

The National Applied Al Consortium equips educators with the tools, curriculum, and industry
partnerships to deliver world-class Al education.

Stay ahead. Subscribe for updates.

Stay Connected

W O

4 Ask Gemini

o Work

» &6 0
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Open als Alternative

Cory Doctorow



Hospital Services

College Tuition and Fees
College Textbooks
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