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Chèr·e·s membres de la VSH-AEU 

Le début d’une nouvelle année est toujours une 

bonne occasion de s’y projeter et de tenter d’es-
quisser ce qu’elle va nous apporter. Bien sûr, je 

vous la souhaite pleine de bonheur, de succès et 

de bonne santé ! Je pourrais jouer à Cassandre, et 

m’étendre à nouveau sur les coupes budgétaires 
de la Confédération, et sur les conditions de plus 

en plus restrictives d’accès aux subsides du FNRS. 
Je m’y abstiendrai, mais soyez assuré·e·s que la 

VSH-AEU travaille activement à défendre les inté-

rêts des enseignant·e·s, en particulier à travers 
swissfaculty. Ces dernières semaines, lors de plu-

sieurs interviews dans des cadres aussi divers que 
la chimie, l’enseignement ou l’édition de revues 

scientifiques, m’a été posée la question : « quel 

développement majeur voyez-vous dans votre ac-

tivité ? », et la réponse à chaque fois était : 
« l’usage de l’IA ». Ce n’est évidemment pas une 

coïncidence, et vous toutes et tous ont sans doute 

été confronté-e-s à cette réflexion. Et donc il nous 
semblait naturel de dédier un bulletin à cette 

brusque accélération de l’usage de l’IA depuis 
2023. 

Comme l’expriment un certain nombre des ar-

ticles qui suivent, « intelligence artificielle » est un 
terme générique, qui englobe une multitude d’ou-

tils distincts, allant des LLMs (Large Language  

Models), tels que Chat-GPT, au MLs (Machine Lear-

ning), tels que AlphaFold, logiciel de modélisation 

de la structure des protéines, dont les auteurs ont 

reçu le prix Nobel de chimie en 2024. Ces divers 

outils sont très différents, avec leur propre profil 

d’avantages et d’inconvénients. On a de la peine à 
imaginer les risques qu’un biologiste ait à utiliser  

AlphaFold (bien sûr autre que de simplement se 

tromper !), alors que les bénéfices peuvent être 

massifs. A l’autre extrémité du spectre, l’usage 
aveugle d’un LLM par des enfants, sans en com-

prendre les limitations, peut représenter des 

risques immenses. L’actualité regorge d’exemple 

d’abus, tels que les biais, la désinformation ou la 
pornographie, pour n’en citer que quelques-uns. 

Les articles proposés dans ce bulletin couvrent un 
éventail assez large de perspectives, allant d’as-

pects techniques aux aspects légaux, sans oublier 

quelques éléments d’histoire de l’IA. L’éducation 
étant au cœur de l’activité de notre Association, 

l’usage, l’utilité et surtout l’impact de l’IA sont 
également abordés. En particulier, l’un des ar-

ticles utilise le qualificatif de « prothèse cogni-

tive », terme qui en illustre parfaitement l’utilité et 

le danger. Dans cette perspective, et les lecteurs 
me pardonneront les anglicismes, les concepts de 

de-skilling, un-skilling et up-skilling sont discutés, 

se référant respectivement à la perte, au manque 
d’acquisition et au renforcement des compé-

tences. 

Conclusion en forme de clin d’œil, cet éditorial n’a 

bénéficié d’aucune prothèse cognitive, ni dans sa 

conception, sa rédaction et même sa correction. 
Comme dans l’alimentation, où certains produits 

sont garantis bio par un sigle approprié, l’usage 

d’un formalisme similaire devrait se généraliser. 

(Crédits: Vecteezy.com) 
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INCREASINGLY USED, SCEPTICALLY VIEWED: THE ROLE OF ARTIFICIAL 

INTELLIGENCE IN SCIENCE COMMUNICATION IN SWITZERLAND 
Mike S. Schäfer (University of Zurich) & Julia Metag (University of Münster) 

 

Introduction 

Is climate change real? Do vaccinations work? Are 

there microplastics in drinking water? Questions 

like these are asked millions of times every day to 

AI chatbots powered by large language models 

(LLMs) such as ChatGPT, Google Gemini, or Mi-
crosoft Copilot. People use these systems to sum-

marise complex information, get writing support, 

and answer questions they have. Generative AI 
has rapidly become embedded in daily life. As AI 

tools become more frequently used for routine in-

formation seeking, their spread raises far-reach-

ing political, economic, and social questions for 
individuals, organisations, and society – and they 

increasingly shape how scientific knowledge is ac-
cessed, presented, interpreted, and ultimately 

trusted.1 

AI is not only becoming increasingly important 
within science – as an analytical and methodolog-

ical tool and as an object of research – but also for 
science communication, as it is turning into a cen-

tral channel through which many people encoun-

ter scientific claims. This creates major opportuni-

ties: automated content creation, translation, and 
multimodal, dialogic formats can increase effi-

ciency, tailor complexity to diverse audiences, and 

 

 

1 Generative AI was used to improve the language of the article. 

The authors thank Niels G. Mede for helpful comments as well 

as Xiran Liu, Gerta Lokaj and Damiano Lombardi who did part 

of the analysis reported here. 
2  Baake, J., Schmitt, J. and Metag, J. (2025). Balancing realism and 

trust: AI avatars in science communication. JCOM: Journal of Sci-

ence Communication, 24(02), A03. doi.org/10.22323/2.24020203. 
3  Kessler, S. H., Mahl, D., Schäfer, M. S., & Volk, S. C. (2025). All eyez 

on AI: a roadmap for science communication research in the age 

of artificial intelligence. JCOM: Journal of Science Communica-

tion, 24(2), Y01. doi.org/10.22323/2.24020401. 
4  Guenther, L., Kunert, J. and Goodwin, B. (2025). “Away from this 

duty of chronicler and towards the unicorn”: how German sci-

ence journalists assess their future with (generative) Artificial In-

telligence. JCOM: Journal of Science Communication, 24(02), 

potentially enhance engagement (e.g., Baake et 
al., 20252; Kessler et al., 20253). Yet these benefits 

come with substantial risks, including unreliable 

or low-quality outputs, biases embedded in train-

ing data or processes, large-scale misinformation, 

as well as new structural pressures on science 
communicators and science journalism, such as 

shifting roles, dependencies on intransparent dig-

ital infrastructures, and job insecurity (Guenther 

et al., 20254; Schäfer, 20235). 

Since recent research has pointed to cross-na-

tional differences in the perception and use of AI 

for science communication (Greussing et al., 
20256), the Science Barometer 2025 examines how 

the Swiss population perceives and uses AI, and 
how it assesses AI’s role in science and science 

communication. 

The Science Barometer is based on a representa-
tive population survey conducted using online and 

paper questionnaires, drawing on the Swiss Fed-
eral Statistical Office’s sampling frame for person 

and household surveys (SRPH).7 Every three years, 

the Barometer covers the Swiss population aged 16 

and older. In 2025, 1’548 respondents were ques-
tioned, and questions about AI were administered 

to half of them using a split-ballot design. 

A06. doi.org/10.22323/2.24020206. 
5  Schäfer, M. S. (2023). The Notorious GPT: science communica-

tion in the age of artificial intelligence. JCOM: Journal of Science 

Communication, 22(2), Y02. 
6  Greussing, E., Guenther, L., Baram-Tsabari, A., Dabran-Zivan, S., 

Jonas, E., Klein-Avraham, I., Taddicken, M., Agergaard, T. E., 
Beets, B., Brossard, D., Chakraborty, A., Fage-Butler, A., Huang, 

C.-J., Kankaria, S., Lo, Y.-Y., Nielsen, K. H., Riedlinger, M., & Song, 

H. (2025). The perception and use of generative AI for science-

related information search: Insights from a cross-national study. 

Public Understanding of Science, 34(5), 599-615. 
doi.org/10.1177/09636625241308493. 

7  For more information about the Science Barometer’s back-

ground, methods, questionnaires and results see www.wis-

senschaftsbarometer.ch. 

https://doi.org/10.22323/2.24020203
https://doi.org/10.22323/2.24020401
https://doi.org/10.22323/2.24020206
https://doi.org/10.1177/09636625241308493
http://www.wissenschaftsbarometer.ch/
http://www.wissenschaftsbarometer.ch/
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The following section presents key data on AI use 

among the Swiss population and on attitudes to-

ward AI-supported science communication. 

How frequently does the Swiss Population use 

AI in general? 

AI is used by a considerable portion of the Swiss 

population. When respondents were asked about 

their general use of AI tools such as ChatGPT, i.e. 
not limited to retrieving information about sci-

ence, 70% reported using AI tools at least some-

times, albeit only 38% reported using them fre-

quently or very frequently. This pattern is con-

sistent with findings from other surveys, which 
show that in many countries, considerable parts 

of the population have tried these tools out, but 
that heavy users still represent a minority, though 

a growing one (Microsoft, 20258; Greussing et al., 

2025, p. 604). 

 

Examining sociodemographic differences in AI use 
reveals patterns in Switzerland that mirror those 

observed in other countries: 

− Male respondents (Mean = 2.9) use AI tools 
more than female respondents (2.7). 

− Younger individuals aged 16 to 34 years (4.0) 

use AI significantly more frequently than those 

aged 35 to 54 (3.1) and 55 and older (1.9). 

 

 

8  Microsoft (2025): AI Diffusion Report 2025. AI Economy Insti-

tute. https://www.microsoft.com/en-us/corporate-responsi-

bility/topics/ai-economy-institute/reports/global-ai-adop-

tion-2025. 

By contrast, patterns related to education are less 

straightforward: 

− Respondents with lower levels of formal edu-
cation (obligatory school or no formal school 

qualification) report the most frequent AI use 

(3.3). 

− Those with medium levels of education (sec-

ondary education) report the lowest use (2.6). 

− Highly educated respondents (tertiary educa-

tion) fall in between (3.1). 

How competent do Swiss people feel and what 

do they know about AI? 

In addition to use, the Science Barometer also 

measured the Swiss population’s knowledge 

about AI using two complementary approaches 

that had been tested in other studies (e.g. Wang et 

al., 20239): a self-assessment and knowledge-
based quiz questions. 

First, we assessed respondents’ self-perceived AI 

competence. To this end, the survey included ten 

items (e.g., “I understand how applications like 
ChatGPT work” or “I can select the most suitable 

tools for a specific task from a range of AI applica-
tions”) capturing how respondents evaluate their 

own competence with regard to AI. Responses to 

these items were aggregated into an index of per-
ceived AI self-competence. 

Overall, respondents’ perceived AI competence is 

moderate (3.3), suggesting that a substantial share 
of the population still feels insecure about AI. There 
are no gender differences in perceived AI compe-

tence, with both men and women reporting identi-
cal mean values (3.3). Younger (3.6) and middle-

aged respondents (3.5) are more confident than 

older respondents (2.9). Respondents with com-
pulsory education – who report the most frequent 

AI use – also indicate the highest levels of confi-

dence (3.5), followed by those with tertiary educa-

tion (3.4) and secondary education (3.2) - but the 

differences are small. 

9  Wang, B., Rau, P. L. P., & Yuan, T. (2023). Measuring user com-

petence in using artificial intelligence: validity and reliability 

of artificial intelligence literacy scale. Behaviour & information 

technology, 42(9), 1324-1337. 

https://www.microsoft.com/en-us/corporate-responsibility/topics/ai-economy-institute/reports/global-ai-adoption-2025
https://www.microsoft.com/en-us/corporate-responsibility/topics/ai-economy-institute/reports/global-ai-adoption-2025
https://www.microsoft.com/en-us/corporate-responsibility/topics/ai-economy-institute/reports/global-ai-adoption-2025
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The results also show regional differences in self-
assessed AI competence: respondents in the Zur-

ich region and Northwestern Switzerland report 

the highest levels, followed by Eastern Switzer-
land, while self-assessments are lowest in Ticino. 

Overall, perceived AI competence is higher in ur-

ban areas than in rural regions. 

 

In addition to self-assessed competence, respond-

ents were also asked three quiz questions to test 
their factual knowledge about AI. They were asked 

to indicate whether the following statements were 

true or false: “Chatbots process and understand 
language in the same way humans do”, “People can 

easily recognise AI-generated language as artifi-
cial”, and “Applications like ChatGPT generate re-

sponses based on probabilities”. 

All three items were answered correctly by a ma-

jority of respondents: between 74% and 83% per 
item. Men were slightly more likely to answer cor-

rectly than women, and respondents with tertiary 
education performed best on average, consistent 

with education being associated with more accu-

rate assessments of how AI works. 

The Growing Importance of AI as a Source of 

Science-related Information 

The Science Barometer indicates that AI has be-

come part of many people’s information reper-

toires, not only in general, but also with regard to 

science and research. “AI applications like such as 

ChatGPT” are already relevant sources of science-

related information in Switzerland, even though 
they have not yet become dominant for these  

topics. 

When Swiss citizens are asked how frequently they 
encounter information about science and research 

from different sources, AI applications rank in the 

middle of the field. On a five-point scale from 1 
(“never”) to 5 (“very often”), AI tools reach an aver-

age of 2.6, placing them on a similar level as “Video 

platforms like YouTube and TikTok” and “Social 

networks, e.g. Instagram, Facebook and X”, respec-

tively. Nevertheless, they remain less important 
than television (3.2), print media (3.2), films and se-

ries (3.1), interpersonal communication with 

friends and family (3.0), and Wikipedia (2.9). But 

they already surpass established sources such as 

radio (2.5), museums and exhibitions (2.4), and dig-
ital formats such as podcasts (2.3) or instant mes-

sengers like WhatsApp or Telegram (2.0) as sources 

of science-related information overall. 

 

This positioning is notable, given the relatively re-
cent public diffusion of generative AI tools. At the 

same time, the data clearly show that AI is not yet 
a central source for the majority of the population, 

but rather an emerging and increasingly relevant 

one. AI’s current role in the broader information 
ecosystem around science can best be described 

as complementary: It is used alongside, rather 
than instead of, traditional news and institutional 

sources. 

It is also notable that age differences are pro-

nounced. As with many digital formats, younger re-

spondents report substantially more frequent use 

of AI applications as a source of science-related in-
formation than older people. This mirrors broader 
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patterns of media use and likely signals that AI-

based sources will gain further importance over 

time as younger cohorts of users get older. 

Expectations, Perceived Risks and Benefits of 

AI for Science Communication 

While AI tools have become a relevant source of sci-

ence-related information for many people in Swit-

zerland, it is notable that their growing use does 
not translate into equally high levels of trust. 

When asked how much they trust scientific infor-

mation provided by AI, only a small minority of 

Swiss citizens express high (2%) or “very high” 

(12%) trust. In contrast, around half of respond-

ents indicate that they trust such information ra-

ther little or “not at all” (47%). This gap between 
widespread use and lack of trust suggests a pat-

tern of cautious and rather instrumental engage-

ment: Many people turn to AI tools but do so with 

considerable reservations about their reliability 
as sources of scientific information. 

 

This ambivalence is also reflected in expectations 
regarding what AI can and cannot contribute to 

science communication. On the one hand, re-

spondents clearly see practical benefits: A major-
ity agree that AI applications can help explain 

complex scientific issues in a simple and accessi-
ble way. This expectation is particularly pro-

nounced among younger respondents and those 

with higher levels of formal education, who tend 
to report greater confidence in their own ability to 

assess and contextualise information. AI is thus 
perceived as a potentially useful translation tool, 

lowering barriers to understanding scientific con-

tent – at least for some. 

At the same time, respondents are much more 

sceptical about AI as a substitute for interpersonal 

communication about science. Only a small minor-
ity agree that AI could replace conversations with 

real people about scientific topics. Most respond-
ents reject the idea that AI could meaningfully rep-

licate dialogue, exchange, or deliberation – all di-

mensions widely seen as central to good science 

communication. This scepticism is shared across 
demographic groups, and especially strong among 

older respondents, suggesting that AI is often 

viewed as a complementary rather than primary 

channel. 

In addition, concerns about risks clearly outweigh 
optimism in key areas: A large majority of Swiss re-

spondents agree that AI makes it harder to distin-

guish whether scientific content was produced by 

humans or by machines. Even more pronounced is 

the concern that AI applications sometimes repro-
duce false or misleading scientific information. 

These worries are widespread across gender, age, 

and education groups, indicating a broadly shared 

awareness of current limitations such as hallucina-

tions, biases, and the overall opacity of AI systems. 
Notably, respondents with higher levels of educa-

tion tend to be slightly more critical, which may re-

flect greater familiarity with scientific standards 

and uncertainty. 

Beyond immediate information quality, the Sci-

ence Barometer also captures the population’s ex-
pectation related to AI’s effects on access to sci-

ence-related information and participation. Many 
respondents see AI as a tool that can support indi-

vidual learning and exploration: A sizeable share 

of respondents agrees that AI will enable them to 
pursue their own inquiries into topics of interest 

or obtain answers to questions they previously felt 
unable or unwilling to ask. These expectations are 

again strongest among younger people and re-

spondents with tertiary education. However, opti-

mism declines markedly when it comes to more 
active forms of participation. Only a minority be-

lieve that AI will make it easier for them to partici-

pate in scientific projects or meaningfully influ-
ence research agendas. In other words, AI is ex-

pected to support individualised access to 
knowledge more than collective engagement or 

co-production. 

This pattern points to a limited democratisation 
potential as of now. AI is seen as expanding access 

to information and lowering entry barriers, partic-

ularly for those who already possess some digital 

and educational resources. At the same time, re-

spondents remain cautious about whether these 

tools genuinely broaden participation or simply 

reinforce existing inequalities in skills and confi-

dence. 
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AI and Swiss Society: Public Views on Sover-
eignty, Governance and Control 

Finally, attitudes toward AI in science communica-

tion are closely intertwined with broader societal 
and political considerations – most notably ques-

tions of control, dependency, responsibility, and 

regulation. A clear majority of Swiss respondents 

(70%) support the idea that Switzerland should de-

velop its own AI applications to remain independ-
ent from the United States and China. This stance 

may reflect less a form of “tech nationalism” than 

concerns about reliable infrastructures and clearer 

accountability for systems that increasingly shape 

information environments, including science-re-
lated ones. Recent initiatives such as Apertus, the 

open large language model developed by research-

ers at ETH Zurich, EPFL, and the Swiss National Su-
percomputing Centre (CSCS), illustrate how such 

concerns translate into concrete efforts to 

strengthen national capacity while embedding AI 
in public and scientific governance structures. 

Concerns about dependency on foreign AI sys-

tems are also widespread among respondents, 
though less pronounced than the wishes for sov-

ereignty: 44% agree that such dependency harms 
Swiss science. Here, regional differences emerge: 

agreement is somewhat higher in the German-

speaking part of Switzerland than in the Roman-
die, with Ticino in between. 

 

At the same time, respondents clearly reject tech-

nocratic governance. The statement that AI devel-

opers “know best” what is good for Switzerland’s 

future is strongly opposed (77% disagree). Nota-
bly, respondents aged 34 years and younger disa-

gree most strongly, suggesting that calls for 

 

 

10  Schäfer, M. S., Füchslin, T., Metag, J., Kristiansen, S., & Rauch-

fleisch, A. (2018). The different audiences of science commu-
nication: A segmentation analysis of the Swiss population’s 

perceptions of science and their information and media use 

patterns. Public understanding of science, 27(7), 836-856. 

democratic oversight and public steering are par-
ticularly salient among younger cohorts. 

How Different Groups of the Swiss Population 

Use and Perceive AI in Science Communication 

Overall, we find differ-

ences in AI use and per-

ceptions across four 

segments of the Swiss 

population that differ in 
their attitudes toward 

science and have been 

identified repeatedly in 

the Science Barometer since 2016 (Schäfer et al., 

201810; Koch et al., 202011): the “Sciencephiles,” 

who hold very positive attitudes toward science 

(22% of the population); the somewhat more cau-

tious “Critically Interested” (12%); the large group 
of “Passive Supporters,” who generally support 

science but from a distance (48%); and the “Scep-

tics,” who are disengaged from or even opposed 
to science (17%). 

The 2025 results show systematic differences be-

tween these groups. “Sciencephiles” consistently 
report the highest levels of AI use – both in general 

and for obtaining science-related information – as 
well as the highest levels of trust in AI-provided sci-

ence information, AI literacy, and perceived AI 

knowledge. “Sceptics”, by contrast, report the low-

est levels across all of these dimensions. 

 

The “Critically Interested” and “Passive Support-

ers” are largely indistinguishable on these 

measures, suggesting that the key divide is less 

11  Koch, C., Saner, M., Schäfer, M. S., Herrmann-Giovanelli, I., & 

Metag, J. (2020). “Space means Science, unless it’s about Star 
Wars”: A qualitative assessment of science communication 

audience segments. Public Understanding of Science, 29(2), 

157-175. 
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between “supportive yet critical” and “supportive 

yet distant” publics, and more between science-af-

fine groups on the one hand and science-sceptical 
groups on the other. 

Differences between the groups are most pro-

nounced for AI literacy, where nearly all segments 

differ significantly from one another (with the ex-

ception of the “Critically Interested” and “Passive 
Supporters”). Interestingly, the pattern is weaker 

for objective AI knowledge, where segment differ-

ences are smaller and do not fully mirror self-re-

ported measures. 

Overall, these gaps qualify overly optimistic as-
sumptions about generative AI as an equalizing 

force: rather than uniformly “democratizing” sci-
ence communication, AI appears to map onto – and 

potentially amplify – existing differences in engage-

ment, confidence, and trust. 

Conclusion 

Overall, frequent AI use in Switzerland is still  

concentrated in specific population segments, but 
it is gradually spreading across society. At the 

same time, many respondents report moderate 

confidence in using AI and demonstrate a basic 

level of factual knowledge about how such sys-

tems work. 

Taken together, these findings depict a population 

that engages with AI pragmatically but critically. AI 

is increasingly used – also for science-related infor-

mation – and is valued for specific functions in sci-

ence communication, particularly for explanation, 
accessibility, and individual exploration. Yet trust 

remains limited, perceived risks are salient, and ex-

pectations of empowerment and participation are 

cautious. Importantly, AI use and perceptions differ 

substantially across the population, with science-
affine and younger groups reporting higher use, 

higher confidence, and somewhat higher trust than 

more sceptical and older groups. 

For science communication, this suggests that AI 

tools are unlikely to replace established practices 

or interpersonal exchange – but they are already re-
shaping how people encounter, explore, and evalu-

ate scientific information. 
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FROM LORD KELVIN TO ALPHAFOLD:  

THE MATHEMATICAL FOUNDATIONS AND SCIENTIFIC APPLICATIONS OF 

ARTIFICIAL INTELLIGENCE 
Maximilian Janisch 

 

Artificial intelligence has become a powerful tool 

in both mathematics and science, yet its founda-
tions rest on centuries of computational innova-

tion. This article traces AI’s evolution from me-

chanical calculators built to solve systems of 

equations to neural networks that can predict pro-
tein structures and assist in mathematical proofs. 

One of the first mechanical calculators was Lord 

Kelvin’s string calculator, proposed in 1878 and 
constructed at MIT in 1934. It could solve systems 

of ten linear equations in seconds, a task that once 

required days of work by hand. Through mile-

stones like Deep Blue’s victory over Kasparov, Al-
phaGo’s mastery of Go, and the algorithmic recon-

struction of the first black hole image, we explore 
how mathematical theory, computational power, 

and data have together shaped AI’s trajectory. The 

article closes with reflections on what these de-
velopments mean for researchers across disci-

plines and on the future role of AI in academic  
inquiry. 

Introduction 

Artificial intelligence is often presented as a recent 

phenomenon, yet its roots extend deep into the 
history of computation. From ancient astronomi-

cal devices to mechanical calculators and modern 

neural networks, the ambition to automate rea-
soning has driven innovation for centuries. This 

article traces that arc, highlighting how mathe-

matical theory, computational power, and data 

have together shaped AI’s trajectory. 

What Is Artificial Intelligence? 

The field of artificial intelligence is concerned with 

automating tasks we typically associate with hu-

man cognition: recognising speech, translating 

 

 

1 collection.sciencemuseumgroup.org.uk/objects/co53901/wil-

liam-thomsons-tide-predicting-machine-1872. 

languages, solving mathematical problems. While 

the term itself dates only to the 1950s, the underly-
ing aspiration to build machines that reason is far 

older. What has changed is not the fundamental 

mathematics, much of which was established dec-

ades ago, but rather our capacity to implement it at 

scale. 

The Deep History of Computational Machines 

The desire to mechanise calculation has ancient 
origins. The Antikythera mechanism, built around 
100 BC, stands as the oldest known analog com-

puter. It was designed to predict planetary posi-

tions and solar eclipses decades in advance. Dis-
covered in 1901 in a Roman shipwreck off the 

Greek island Antikythera , this device contained at 
least 30 interlocking bronze gears, including a pin-

and-slot mechanism to model the Moon’s ellipti-

cal orbit. Machines of comparable complexity 
would not appear again until the astronomical 

clocks of 14th-century Europe. 

In 1620, Wilhelm Schickard constructed the first 
mechanical calculator capable of addition, sub-
traction, multiplication, and division. Though the 

original was lost during the Thirty Years’ War and 
is known to us only through correspondence with 

Johannes Kepler, it marked a decisive step toward 

automated computation. 

Lord Kelvin’s String Calculator 

By the late nineteenth century, the practical de-

mands of navigation and engineering spurred 

new computational devices. Lord Kelvin devel-

oped a tide-predicting machine that used ropes 

and pulleys to perform Fourier analysis, enabling 

accurate predictions for steamship travel1. In 

https://collection.sciencemuseumgroup.org.uk/objects/co53901/william-thomsons-tide-predicting-machine-1872
https://collection.sciencemuseumgroup.org.uk/objects/co53901/william-thomsons-tide-predicting-machine-1872
https://en.wikipedia.org/wiki/Antikythera
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1878, he proposed an even more ambitious de-

vice: a string-powered machine to solve systems 

of linear equations. 

 

Fig. 1. A small version of the string calculator,  

able to solve two linear equations with two unknowns,  

built by me in 2017. (Own work). 

This vision was only realised in 1934, when John 

Wilbur at MIT constructed a working version capa-
ble of solving ten simultaneous equations in mere 

seconds, a task that used to require days of calcu-
lation by hand. The economist Wassily Leontief 

later employed this machine to model input-out-

put relationships in the American economy, work 
that contributed to his Nobel Memorial Prize in 

economics, won in 1973. The same mathematical 
problem, solving large systems of linear equa-

tions, would later underpin Google’s PageRank al-

gorithm, which ranks web pages by their relative 

importance. 

How the String Calculator Works 

The machine uses the Strahlensatz to perform di-

vision mechanically. 

 
Fig. 2. Illustration of how to solve  

the equation a x = c with ropes and strings. (Own work). 

 

 

2  Rosenblatt, F. (1958). The perceptron: A probabilistic model for 

information storage and organization in the brain. Psychological 

Review, 65(6), 386–408. doi.org/10.1037/h0042519. 

Consider a seesaw balanced on a central pivot, with 

a rope running over a pulley attached to one arm. If 

the pulley sits at distance a from the pivot and the 
rope is pulled by length c, the seesaw tilts until the 

arm’s endpoint reaches height x satisfying ax = c. 

The seesaw has computed the solution x = c/a. 

To solve a system of two linear equations a₁x + b₁y 

= c₁ and a₂x + b₂y = c₂, Kelvin coupled two such see-
saws. Each seesaw carries two pulleys (one for each 

coefficient), and two ropes thread through the sys-

tem: one rope connects all pulleys corresponding 

to the first equation, the other to the second. Pull-

ing the ropes by lengths c₁ and c₂ and letting the 
system reach equilibrium, the seesaw endpoints 

settle at heights x and y, the unique solution to the 

system, assuming that (a1, b1) is not a multiple of 

(a2, b2). 

 

Fig. 3. Solving a linear equation system  

with two equations. (Own work). 

This same mathematical operation, solving large 

systems of linear equations expressed as matrix 
equations, forms the computational backbone of 

modern neural networks. Every layer of a deep 

learning model performs matrix multiplication fol-
lowed by a nonlinear transformation. The mathe-

matics Kelvin mechanised with ropes in 1878 is 

identical to what modern GPUs execute billions of 

times per second when training models like  
AlphaFold. 

The Rise of Machine Learning 

The modern era of artificial intelligence began with 

the Perceptron,2 introduced in 1958 as an algorithm 

for image recognition based on linear patterns. By 
itself it was not very useful, but the development of 

backpropagation in 1982 transformed the field. By 

using the chain rule from calculus to adjust a net-

work’s internal parameters based on output errors, 

backpropagation3 made it possible to train deep 

3  Rumelhart, D. E., Hinton, G. E., & Williams, R. J. (1986). Learning 

representations by back-propagating errors. Nature, 323(6088), 

533–536. doi.org/10.1038/323533a0. 

https://doi.org/10.1037/h0042519
https://doi.org/10.1038/323533a0
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neural networks, and pulled AI out of a prolonged 
winter. 

As computational power grew and training tech-

niques matured, automated algorithms began to 
outperform humans in specific domains. In 1997, 

IBM’s Deep Blue4 defeated world chess champion 

Garry Kasparov. In 2016, DeepMind’s AlphaGo5 

prevailed against Lee Sedol in Go, a game whose 

complexity far exceeds that of chess. These victo-
ries demonstrated that AI could master domains 

once thought to require human intuition. 

Scientific Breakthroughs Enabled by AI 

Recent years have witnessed AI contributing di-

rectly to scientific discovery. In April 2019, the 

Event Horizon Telescope collaboration released 

the first image of a black hole,6 located 55 million 

light-years away in galaxy Messier 87. Machine 
learning algorithms were essential for recon-
structing coherent images from sparse, globally 

distributed telescope data. 

DeepMind’s AlphaFold7 addressed one of biochem-

istry’s most challenging problems: predicting how 

proteins fold into their three-dimensional struc-
tures. AlphaTensor8 discovered new algorithms for 

matrix multiplication, while AlphaProof and later 
LLMs by DeepMind and OpenAI have won Silver and 

Gold medals at the International Mathematics 

Olympiad,9 solving mathematical Olympiad prob-

lems at a competitive level. 

Outlook 

Large language models can now engage with ad-
vanced mathematics, albeit with limited reliability. 

When paired with formal proof-checking systems, 

they may soon become valuable collaborators for 

 

 

4  Campbell, M., Hoane, A. J., & Hsu, F. (2002). Deep Blue. Artificial 

Intelligence, 134(1–2), 57–83. doi.org/10.1016/S0004-

3702(01)00129-1. 
5  Silver, D., Huang, A., Maddison, C. et al. (2016). Mastering the 

game of Go with deep neural networks and tree search. Na-

ture, 529(7587), 484–489. doi.org/10.1038/nature16961. 
6  Event Horizon Telescope Collaboration et al. (2019). First M87 

Event Horizon Telescope Results. I. The Shadow of the Super-

massive Black Hole. The Astrophysical Journal Letters, 875(1), 

L1. doi.org/10.3847/2041-8213/ab0ec7. 
7  Jumper, J., Evans, R., Pritzel, A. et al. (2021). Highly accurate 

researchers. I am particularly excited about AI’s po-
tential in medicine, especially in diagnostics and 

drug discovery, where pattern recognition in com-

plex data can accelerate progress. 

The trajectory from Lord Kelvin’s string calculator 

to AlphaFold reveals a consistent theme: ma-

chines that augment human reasoning, built on 

enduring mathematical principles. As AI capabili-

ties expand, researchers across all disciplines will 
benefit from understanding both its possibilities 

and its foundations. 
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protein structure prediction with AlphaFold. Nature, 596(7873), 
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8  Fawzi, A., Balog, M., Huang, A. et al. (2022). Discovering faster 

matrix multiplication algorithms with reinforcement learning. 

Nature, 610(7930), 47–53. doi.org/10.1038/s41586-022-05172-

4. 
9  Luong, T., & Lockhart, E. (2025). Advanced version of Gemini 

with Deep Think officially achieves gold-medal standard at the 

International Mathematical Olympiad. Google DeepMind Blog. 
https://deepmind.google/blog/advanced-version-of-gemini-

with-deep-think-officially-achieves-gold-medal-standard-at-

the-international-mathematical-olympiad/. 
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WARUM SPRACHMODELLE WIE CHATGPT DIE 

«EIGENMIETWERTABSCHAFFUNG» NUR SCHLECHT BUCHSTABIEREN, 

ABER GUT ERKLÄREN KÖNNEN 
Rico Sennrich (Universität Zürich) 

 

Sprachmodelle wie ChatGPT, neuerdings auch als 

generative KI-Modelle betitelt, haben in den letz-
ten Jahren deutliche Qualitätssprünge gezeigt 

und hohe Erwartungen und Ängste geweckt. Bei 

der Diskussion, ob diese KI-Systeme übermensch-

liche Intelligenz zeigen oder bald zeigen werden, 
sollte aber bedacht werden, dass menschliche 

Massstäbe, wie viel Wissen oder Intelligenz eine 

Aufgabe erfordert, nicht direkt auf KI-Systeme 
übertragen werden kann. 

In diesem Artikel möchte ich einen kurzen Einblick 

geben, wie Texte in Sprachmodellen repräsentiert 

werden, und welchen Einfluss das auf ihre Fähig-
keiten hat. 

Sprachmodelle 

Sprachmodelle folgen heute noch dem Grund-

prinzip, das schon mindestens seit den 1940-er 

Jahren bekannt ist, und Grundlagen in der Infor-

mationstheorie von Claude Shannon hat.1 Wenn 
wir einen Text als Sequenz von Ereignissen 

(Schriftzeichen, Wörter, Bytes, oder andere Sym-
bole, neusprachlich "Tokens") formalisieren, kön-
nen wir, basierend auf einem Trainingskorpus von 

Texten, Token für Token seine Wahrscheinlichkeit 
schätzen, aber auch für einen unvollständigen 

Text vorhersagen, wie er wahrscheinlich weiterge-

hen wird. Kombiniert mit einem Zufallsgenerator 
generieren auch moderne Sprachmodelle wie 

ChatGPT Texte auf Grund solcher Wahrscheinlich-

keiten. 

Neuronale Sprachmodelle 

Erste Sprachmodelle zählten die Häufigkeit von 

Tokenpaaren oder -Tripeln, ohne weiteren Kontext, 

 

 

1 Shannon, C. (1948). A Mathematical Theory of Communica-

tion. The Bell System Technical Journal, Vol. 27, 379–423. 

doi.org/10.1002/j.1538-7305.1948.tb01338.x.  

um das nächste Token vorherzusagen, und waren 

dementsprechend schwach. Sogenannte Neuro-
nale Netzwerke erlaubten einen Durchbruch, weil 

sie auch Ähnlichkeiten zwischen Tokens und die 

Abhängigkeiten in langen Texten modellieren 

können, beides durch die numerische Repräsen-
tation von Tokens und Tokensequenzen in einem 

Vektorraum. Ihr Vokabular ist aber in der Praxis 

auf 50'000–500'000 Symbole beschränkt, weil sie 
für jedes Symbol eine numerische Repräsentation 

lernen, und bei der Generierung die Wahrschein-

lichkeit von jedem Symbol schätzen müssen. 

Tokenisierung 

Neuronale Sprachmodelle von 2010–2015 benutz-

ten in der Regel Wörter oder Schriftzeichen als To-
kens, wobei Wortgrenzen durch Leerzeichen und 

allenfalls spezielle Regeln für Satzzeichen defi-

niert wurden. Hier scheint die Dominanz des Eng-
lischen in der Forschung durch2: im Englischen 

werden auch viele neue Konzepte durch die Kom-

bination bekannter Wörter repräsentiert ("impu-
ted rental value abolition"), und können so von 

wortbasierten Sprachmodellen verarbeitet wer-

den. Im Deutschen, wo Komposita ohne Leerzei-
chen geschrieben werden, scheitern solche wort-

basierten Modelle aber bei den gleichen Konzep-

ten ("Eigenmietwertabschaffung"). Wie können 
also Sprachmodelle Wörter repräsentieren, die 

selten sind oder gar nie in den Trainingstexten ge-

sehen wurden? Zeichenbasierte Modelle sind im 

Prinzip eine Lösung, aber weil Rechenkosten von 

neuronalen Netzwerken etwa linear zur Anzahl To-
kens skalieren, ist es nicht ökonomisch, die be-

reits beträchtlichen Kosten von Sprachmodellen 

2 Englisch ist nicht nur die dominante Sprache in der wissen-

schaftlichen Kommunikation – auch der Erfolg verschiedener 

Methoden wurde primär an englischen Texten gemessen. 

https://doi.org/10.1002/j.1538-7305.1948.tb01338.x
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um einen geschätzten Faktor 5 (für Englisch) zu er-
höhen. 

2016 publizierten wir einen Mittelweg, um auch 

seltene oder völlig neue Wörter zu modellieren, 
aber bei der Effizienz nahe bei wortbasierten Mo-

dellen zu bleiben.3 Wir adaptierten einen Kom-

pressionsalgorithmus, "Byte-Pair Encoding" 

(BPE)4, um eine dynamische Tokenisierung von 

Wörtern zu lernen. Ausgehend von einer zeichen-
basierten Segmentierung führt der Algorithmus 

das jeweils häufigste Zeichen- oder "Subwort"-

Paar zu einem neuen Subwort zusammen, bis die 

gewünschte Vokabulargrösse erreicht wird. Häu-

fige Wörter oder Wortteile werden somit als ein 
Symbol repräsentiert, seltene als Sequenz kleine-

rer Einheiten. Weil der Algorithmus rein datenba-

siert arbeitet, lässt er sich auf Texte jeder Sprache 
anwenden, und moderne Sprachmodelle sind oft 

multilingual mit einem bescheidenen Vokabular 

von 120'000–240'000 Symbolen. 

Fig. 1 zeigt die Tokenisierung von "Eigenmiet-

wertabschaffung" mit GPT-5.5 

 

Fig. 1. "Eigenmietwertabschaffung" wird  

in GPT-5 in 8 Tokens segmentiert.6 

Auswirkungen von Tokenisierung für Sprach-

modelle 

Dank Subwort-Tokenisierung ist "Eigenmiet-
wertabschaffung" für Sprachmodelle nicht ein-
fach ein unbekanntes Token, sondern eine Se-

quenz von bekannten Einheiten. Das befähigt 

diese Sprachmodelle, während dem Training Fak-

ten über das Konzept zu lernen und bei Anfrage 

wiederzugeben, oder auch andere Transformatio-
nen auszuführen wie eine Übersetzung. In einer 

 

 

3 Sennrich, R., Haddow, B., Birch, A. (2016). Neural Machine Trans-

lation of Rare Words with Subword Units. Proceedings of ACL, 

1715-1725. doi.org/10.18653/v1/P16-1162.  
4 Gage, P. (1994). A New Algorithm for Data Compression. The C 

Users Journal, 12(2), 23–38. doi/10.5555/177910.177914.  
5 Nota bene folgt diese datenbasierte Segmentierung nicht 

sprachlichen Erwartungen, ist in der Praxis aber dennoch ef-

fektiv. 
6 https://platform.openai.com/tokenizer. 
7 Weil die Generierung einen Zufallsgenerator benutzt, ist nicht 

jede Ausgabe gleich. Aber auch wenn das Modell manchmal die 

Welt, wo ständig neue Konzepte relevant werden, 
wie etwa "Coronapandemiemassnahmen" oder 

"Drohnenabwehrsysteme", ist diese Flexibilität 

unverzichtbar. 

Gleichzeitig können aber auch aktuelle Schwächen 

von Sprachmodellen auf die Tokenisierung zurück-

geführt werden. Im Prinzip wäre es für ein Sprach-

modell leichter, z.B. Buchstaben in einem Wort zu 

zählen, wenn jeder Buchstabe ein einzelnes Token 
ist. Momentan kann ein Token aber eine variable 

Anzahl Buchstaben repräsentieren, und Modelle 

verarbeiten jedes Token als untrennbare Einheit 

ohne Zugriff auf dessen Komposition, sondern 

müssen auch dieses Wissen aus Texten lernen. 

Fig. 2 zeigt, wie dies auch schief gehen kann.7 

 

Fig. 2. GPT5-Mini halluziniert bei der Frage, wie viele "e"  

das Wort "Eigenmietwertabschaffung" enthält. 

Während Buchstaben-Aufgaben eine Spielerei 

sein mögen, reduziert eine datenbasierte Tokeni-
sierung von Zahlen die Fähigkeit von Sprachmo-

dellen, arithmetische Aufgaben zu lösen8 9, und  
Tokenisierung erklärt, wieso Schreibvarianten 

(wie z.B. VERSALSCHRIFT, kleinschreibung, Tipp-

fehler, regionale Varianten wie das Schweizer Es-
zett oder Dialektschrift) zu ganz anderen internen 

Repräsentationen in Sprachmodellen, und dem-

richtige Antwort gibt, ist die mangelnde Zuverlässigkeit ein 

Problem. 
8 Wallace, E., Wang, Y., Li, S., Singh, S., Gardner, M. (2019). Do NLP 

Models Know Numbers? Probing Numeracy in Embeddings. Pro-
ceedings of EMNLP, 5307–5315. doi.org/10.18653/v1/D19-1534. 

9 Wenn "120" als ein Token repräsentiert wird, aber "121" in zwei 

Tokens segmentiert wird, weil die Zahlen unterschiedlich häufig 

in Texten vorkommen, macht das die interne Repräsentation 

von Zahlen unsystematisch und erschwert das Lernen von arith-

metischen Fähigkeiten. Moderne GPT-Modelle tokenisieren 
Zahlen bereits regel- statt datenbasiert. 

https://doi.org/10.18653/v1/P16-1162
https://dl.acm.org/doi/10.5555/177910.177914
https://platform.openai.com/tokenizer
https://doi.org/10.18653/v1/D19-1534
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entsprechend anderen Ergebnissen führen  

können. 

Ausblick 

Während BPE-Tokenisierung derzeit die meist-ver-

breitete Methode für akademische und kommerzi-

elle Sprachmodelle ist, wird aktiv an Varianten 

und Alternativen geforscht. Dazu gehören Algo-

rithmen, welche explizit den Segmentierungsgrad 
in verschiedenen Sprachen angleichen10, oder 

neuronale Modelle, deren Eingabe und Ausgabe 

auf Zeichen- oder Byte-Ebene ist, die aber intern 

eine Text-Kompression durchführen, um Effizienz-

verluste zu vermeiden. Auch BPE kann noch effizi-
enter gemacht werden, indem nicht nur Subwort-

Tokens, sondern auch Mehrwort-Tokens ins Voka-
bular aufgenommen werden.  

Aus der Vogelperspektive betrachtet ist die Toke-

nisierung ein Beispiel dafür, wie Fähigkeiten und 

Limitationen von Sprachmodellen durch deren in-
terne Funktionsweise erklärt werden können. In 

einer Gesellschaft, wo wir zunehmend mit KI in 
Kontakt kommen, ist eine gewisse KI-Kompetenz 

wichtig zum bewussten Umgang mit solchen  

Systemen. 

 

 

 

10 Weil Rechenkosten von KI-Interaktionen mit der Textlänge 

skalieren, sowohl für Anbieter als auch für Benutzer, ist es 
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auch ein ethisches Problem, dass äquivalente Texte in einer 

dominanten Sprache wie Englisch kürzer und somit günstiger 

zu verarbeiten sind als in ressourcenarmen Sprachen. 

mailto:rico.sennrich@uzh.ch
https://www.cl.uzh.ch/sennrich
https://orcid.org/0000-0002-1438-4741
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THE BETTER LESSON?  

GEOMETRY AND TOPOLOGY IN THE ERA OF DEEP LEARNING 
Bastian Grossenbacher-Rieck (University of Fribourg) 

 

Sooner or later, every deep learning researcher 
encounters the essay “The Bitter Lesson”. Written 

by Rich Sutton, an early pioneer of what we today 

would call “Artificial Intelligence” (AI), the essay1 

presents a crucial insight obtained from decades 

of research: In the long run, approaches that scale 
better with available computational power tend 

to outperform domain-specific solutions. In other 

words, scaling beats “handcrafted features” most 

of the time. This mantra drives deep learning re-

search and indeed, on the surface, the lesson 

seems to apply, with general-purpose deep learn-

ing architectures like convolutional neural net-
works or transformers nearly obviating (or, de-

pending on your perspective, finishing) entire re-
search fields like computer vision or natural lan-

guage processing.2 These fields used to rely on el-

egant manual feature descriptors that were ulti-
mately outperformed and made obsolete by the 

capability of deep learning models to “learn” task-
specific features. 

A Cautionary Tale 

Hence, the “Bitter Lesson” is often cited as a cau-

tionary tale when it comes to developing new 
deep learning models, prevailing wisdom dictat-

ing that one should always eschew complex, do-
main-specific solutions in favour of simpler, scala-

ble ones. In practice, this often manifests in a gen-
eral wariness towards seemingly clever and com-

plex mathematical ideas being incorporated in 

models. As someone with a background in math-

ematics and computer science, I find this wariness 

to be understandable but also deplorable since it 
often results in referees “shooting down” 

 

 

1 Sutton, Rich (2019). The Bitter Lesson. www.incom-

pleteideas.net/IncIdeas/BitterLesson.htm. 
2 Pavlus, J. (2025). When ChatGPT Broke an Entire Field:  

An Oral History. Quanta Magazine. www.quantamaga-

zine.org/when-chatgpt-broke-an-entire-field-an-oral-history/. 

promising research directions based on a per-
ceived lack of scalability. 

Unintentional Double Standards 

Looking closely, however, such arguments uninten-

tionally involve double standards in that they com-

pare recent innovations with well-established com-
putational paradigms. For instance, convolutional 

neural networks (CNNs) showed that they can out-

perform established computer vision models in 
2012, but they had a long history before that: Yann 

LeCun, one of the “godparents” of modern AI, de-

scribed CNNs already in a 1989 article,3 and even 

that description built on earlier work. It just so hap-
pens that the early 2010s saw a rise in graphics pro-

cessing units (GPUs), which turned out to be per-
fectly suited for performing the calculations re-

quired to make CNNs scalable. More precisely, 

GPUs suddenly made training a neural network fea-
sible in practice, thus opening the door for more 

applications. By the standards of reviewers, 
LeCun’s work in 1980s therefore lacked scalabil-

ity—no wonder this period is generally referred to 

as an “AI Winter,” i.e., a period characterised by de-

creased spending and interest in AI. 

Insight in Hindsight 

The CNN story suggests that, when reviewing a new 
mechanism, one should at the very least make a 

careful distinction between practical scalability on 
contemporary hardware and theoretical scalability. 

The latter is much harder to predict or extrapolate. 

A reviewer in the 1980s could certainly extrapolate 

compute availability based on heuristics like 

Moore’s law, but such a reviewer would have been 
unable to predict the existence of GPUs, i.e., 

3 LeCun, Y. et al. (1989). Backpropagation Applied to Handwrit-

ten Zip Code Recognition. Neural Computation, vol. 1, no. 4, 

541-551. doi.org/10.1162/neco.1989.1.4.541. 

http://www.incompleteideas.net/IncIdeas/BitterLesson.html
http://www.incompleteideas.net/IncIdeas/BitterLesson.html
https://www.quantamagazine.org/when-chatgpt-broke-an-entire-field-an-oral-history-20250430/
https://www.quantamagazine.org/when-chatgpt-broke-an-entire-field-an-oral-history-20250430/
https://doi.org/10.1162/neco.1989.1.4.541
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hardware that greatly speeds up the required linear 

algebra calculations. In this case, the “Bitter Les-

son” should rather be treated as an insight that one 
obtains in hindsight. 

The Paradigms of Tomorrow? 

Given the striking example of a paradigm becoming 

relevant only decades later, where can we expect to 

discover the paradigms that will drive deep learn-
ing research in a couple of decades? I am convinced 

that the answer lies in a return to the mathematical 

foundations underpinning the field. Specifically, I 

believe that two mathematical fields, namely ge-

ometry and topology, carry a wealth of concepts 
that may serve as building blocks for next-genera-

tion techniques in deep learning. Vast subjects on 
their own, geometry and topology are often consid-

ered two sides of the same coin in that they  

describe the same objects but from different per-

spectives.  

Roughly speaking, one could say that geometry fo-

cuses more on quantitative aspects, whereas topol-
ogy focuses more on qualitative ones. For instance, 

a typical geometrical question is “What is the dis-

tance between those two objects?”, whereas a typ-
ical topological question is “Are these two parts of 

an object connected to each other?”. 

This is not the whole story, of course. Modern math-

ematics is fractured into small fiefdoms, depending 

on the general flavour of tools being used. Depend-

ing on whether one is more interested in studying 
discrete properties or smooth properties, one will 

often talk about either “algebraic geometry” or 

“differential geometry” and, mutatis mutandis, to-
pology. Without attempting to further classify spe-

cific methods—an endeavour fraught with difficul-
ties since some concepts serve as bridges between 
the discrete and smooth worlds—I want to rather 

expand a little on how geometry and topology can 
be used. 

 

 

4 See Hensel, F. et al. (2021). A Survey of Topological Machine 

Learning Methods. Frontiers in Artificial Intelligence, vol. 4, 

doi.org/10.3389/frai.2021.681108. 
5 Ruppik, B. et al. (2025). Less is More: Local Intrinsic 

Uses of Geometry and Topology 

Whenever a new tool arises for deep learning, it 

can be either classified as being of an “observa-

tional” nature or an “interventional” one.4 Tools 
belonging to the first category help us better un-

derstand a given model by highlighting the rele-
vance of its inputs. They may also provide insights 

into the training regimen, alerting us about issues 

with the training process. Importantly, they do not 
influence the model in any way. Tools of the sec-

ond category, by contrast, change the way a 
model processes data. For example, if we are 

training a model to reconstruct data, we could 

measure to what extent this goal has been 

achieved (via a so-called loss term, which captures 
desirable characteristics of the data). This would 

ensure that a model is incentivised to preserve 

such characteristics during training. 

Case Study: The Intrinsic Dimension of Latent 

Spaces in Large Language Models 

As a case study of how geometry can be used in an 

observational manner, I want to briefly summarise 

our recent work on analysing large language mod-
els.5 Given the sheer size and complexity of these 

models, new approaches are needed to help un-

derstand their training process better. 

Dimensions of Contextual Language Models. Advances in Neu-

ral Information Processing Systems, vol. 38. 

doi.org/10.48550/arXiv.2506.01034. 

https://doi.org/10.3389/frai.2021.681108
https://doi.org/10.48550/arXiv.2506.01034


Bastian Grossenbacher-Rieck (University of Fribourg) 

 

 

20 VSH-AEU-Bulletin 1 | January 2026 

As a brief refresher on how such models work: A 
large language model like ChatGPT essentially 

takes the textual input of a user, decomposes it 

into tokens, i.e., smaller units like parts of a word, 
which are subsequently embedded into a high-di-

mensional space. All subsequent operations, such 

as the generation of new answers, then make use 

of this high-dimensional token embedding space. 

As such, we hypothesised that all interesting train-
ing dynamics should be measurable by assessing 

this space, and we started measuring its intrinsic 

dimension (ID). This can be understood as the “de-

grees of freedom” a model has, with larger num-

bers typically indicating a more complex space. 
We measured ID locally, arriving at a per-token es-

timate, which turned out to be quite effective. Not 

only were we able to predict training convergence, 
i.e., the point at which further training is wasteful, 

we were also able to detect overfitting better, thus 

preventing a model from essentially “memoriz-
ing” its input data instead of “learning” from it. 

Our measure could even be used to detect data a 

model had not been trained on, making it possible 
to train the model more selectively as opposed to 

showing it the same dataset over and over again—
given the sheer size of datasets used for training 

and tuning large language models, this is a crucial 

problem to address in practice. 

Case Study: Neural Differential Forms 

After seeing how geometrical properties can be 

used in an observational manner, here is an exam-
ple of how to use geometry and topology in a 

more interventional fashion, obtaining a new 

framework for handling geometric data.6 

Let us first back introduce the necessary ingredi-

ents: When dealing with graphs or networks, we 
often have measurements along the edges or 

nodes—think of molecules, for instance, where 

nodes denote individual atoms and edges denote 
their bonds. Typically, such graphs are processed 

using a paradigm called message passing, which 
essentially passes information over the edges to 

 

 

6 Maggs, K., et al. (2024). Simplicial Representation Learning with 

Neural k-Forms. International Conference on Learning Represen-
tations. 

7 Bronstein, M. M., Bruna, J., LeCun, Y., Szlam, A. and Vandergh-

eynst P. (2017). Geometric Deep Learning: Going beyond Eu-

clidean data. IEEE Signal Processing Magazine, vol. 34, no. 4, 

neighbouring nodes. While this leads to models 
that are relatively simple to implement and run in 

practice, message passing is known to suffer from 

some shortcomings since it discards information 
about graph geometry. We wanted to address this 

and developed a new way to process graphs 

based on differential forms, i.e., functions that 

measure the volume of objects in high-dimen-

sional spaces. 

Instead of propagating messages along the edges 

of the graph, we use learnable differential forms 

to let a model better understand the graph geom-

etry! Thus, we use the graph’s internal topology to 

learn a shared, consistent geometry. As a result, 
we can treat graph datasets better since we re-

spect their geometry; on top of that, the resulting 

model is tiny by modern standards, making it eas-
ier to train on commodity hardware. Our formula-

tion even works for higher-order data, i.e., data 

that is not restricted to the dyadic relations cap-
tured by graphs. 

Emerging Research Fields and the Future 

The utility of geometrical and topological para-
digms is already recognised by deep learning re-

searchers. An influential paper coined the term 
geometric deep learning (GDL) to apply to deep 

learning methods that go beyond “ordinary” Eu-

clidean space, thus targeting data like graphs or 

networks.7 

Geometric deep learning is predominantly known 

for giving rise to message-passing algorithms, fo-
cusing on capturing symmetry properties of 

graphs and preserving them. This field is now 

complemented by the field of topological deep 
learning (TDL),8 a still nascent research direction, 

which focuses more on tackling higher-order data 
as well as their relational structures. As it stands 

right now, both fields do not necessarily pass the 

spot check of the “Bitter Lesson” in that not all 
GDL/TDL methods are computationally efficient 

yet, despite showing great promise to tackle 

18-42. doi.org/10.1109/MSP.2017.2693418. 
8 Papamarkou, T. et al. (2024). Position: Topological Deep 

Learning is the New Frontier for Relational Learning. Interna-

tional Conference on Machine Learning, PMLR 235, 39529-

39555. doi.org/10.48550/arXiv.2402.08871. 

https://doi.org/10.1109/MSP.2017.2693418
https://doi.org/10.48550/arXiv.2402.08871
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relevant problem. The “Bitter Lesson” may thus 

unintentionally serve as a gatekeeping mecha-

nism for novel ideas in deep learning. 

A “Better Lesson” could be that the conflict be-

tween scalability on the one side and domain 

knowledge on the other side is often a false di-

chotomy. If we want to create intelligent algo-

rithms (whatever intelligence might mean in this 
context), they not have to inherit our human cog-

nitive constraints. The search for improved,  

efficient general-purpose computational architec-

tures does not preclude us from imbuing our mod-

els with new inductive biases that make them bet-
ter aware of the “shape” of data, as endeavoured 

by GDL/TDL, for instance. As the proverb goes: 

“Gold is where you find it.” Maybe the next gen-

eral-purpose deep learning architecture will be 

found in a geometry or topology textbook? I re-

main bullish about the role such core mathemati-
cal domains can play in the AI revolution. We just 

need to be fair and give them time to mature. Who 
knows what the field will look like if we were to 

check back in a couple of decades? 
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MULTIPLE-CHOICE QUESTIONS ARE NOT THE BEST EVALUATION 

METHOD — EVEN MORE SO FOR LARGE LANGUAGE MODELS 
Manuel Mondal, Philippe Cudré-Mauroux & Julien Audiffren (University of Fribourg)

Introduction 

In the past few years, Artificial Intelligence (AI), 
and in particular Large Language Models (LLMs) – 

a popular and powerful family of AI models that 

include OpenAI’s ChatGPT and Anthropic’s Claude 

– have achieved a series of impressive milestones. 

For instance, they passed the Uniform Bar Exami-
nation, scoring in the top percentiles of human 

test-takers1. They also cleared the United States 

Medical Licensing Examination, the rigorous 
three-step process required to become a practic-

ing physician in the US.2 As a result, researchers 

and journalists have claimed that their mastery 

has surpassed expert human capabilities across 
many fields. 

But while the fast progress of AI has been nothing 
less than impressive, these claims deserve a grain 

of scepticism. How do researchers – and for that 

matter, companies that sell access to such AI mod-
els – arrive at this conclusion? How does one evalu-

ate the skills and knowledge of an AI? It would in-
deed be dangerous to test the performance of an AI 

in real situations, such as letting it take care of real 

human patients. To circumvent this problem, re-

searchers in the AI community have relied on 
benchmarks, which are collections of tests, i.e., lists 

of questions with their correct answers. Some of 

 

 

1 Arredondo, P. (2023). GPT-4 passes the bar exam: What  

that means for artificial intelligence tools in the legal  

profession. Stanford Law School Blog. https://law.stan-
ford.edu/2023/04/19/gpt-4-passes-the-bar-exam-what-that-

means-for-artificial-intelligence-tools-in-the-legal-industry/. 
2 Bicknell, B.T., Butler, D., Whalen, S., Ricks, J., Dixon, C.J., Clark, 

A.B., Spaedy, O., Skelton, A., Edupuganti, N., Dzubinski, L. and 

Tate, H. (2024). ChatGPT-4 Omni performance in USMLE disci-

plines and clinical skills: comparative analysis. JMIR Medical 
Education, 10(1). doi.org/10.2196/63430. 

3 Hendrycks, D., Burns, C., Basart, S., Zou, A., Mazeika, M., Song, D. 

and Steinhardt, J. (2021), Measuring massive multitask lan-

guage understanding. The Ninth International Conference on 

Learning Representations. doi.org/10.48550/arXiv.2009.03300. 
4 Wang, Y., Ma, X., Zhang, G., Ni, Y., Chandra, A., Guo, S., Ren, W., 

Arulraj, A., He, X., Jiang, Z. and Li, T. (2024). MMLU-Pro: A more 
robust and challenging multi-task language understanding 

benchmark. Advances in Neural Information Processing  

Systems, 37, 95266-95290. doi.org/10.52202/079017-3018. 

the most popular AI benchmarks include MMLU3, 

MMLU-Pro4, or BIG-Bench5, tackling a wide range of 
topics, including medicine and statistics. 

As it turns out, a large percentage of the questions 

included in these benchmarks are Multiple Choice 

Questions (MCQs). Students of all levels of study 

and from all fields are familiar with this evaluation 
framework. Indeed, whether to assess their stu-

dents’ medical knowledge, legal reasoning, engi-

neering skills, or psychological aptitude, teachers 
frequently resort to MCQs, where a question is fol-

lowed by a set of possible answers. In many cases, 

only one of said answers is correct, and the student 

is tasked with picking it (type A)6. In another nota-
ble variant, the objective is to assess the veracity 

(True/False) of each answer (type K)7.  

There are multiple advantages to MCQs for evalu-

ating students. Notably, they are easy to adminis-

ter, can be scored objectively, and allow to test a 
wide range of knowledge in a limited amount of 

time.8 However, their broad usage has also raised 
some controversy. They can easily be used to test 

factual recall but adapting them to test higher tax-

onomic levels can be quite demanding.9 Further-

more, they have a tendency to prioritise rote 
memorisation over reasoning and recognizing the 

most plausible answer instead of producing it by 

5  Srivastava, A., Rastogi, A., Rao, A., Shoeb, A.A.M., Abid, A., 

Fisch, A., Brown, A.R., Santoro, A., Gupta, A., Garriga-Alonso, A. 

and Kluska, A. (2023). Beyond the imitation game:  
Quantifying and extrapolating the capabilities of language 

models. Transactions on machine learning research. 

doi.org/10.48550/arXiv.2206.04615. 
6 Lennox, B. (1974). Hints on the setting and evaluation of multi-

ple choice questions of the one from five type. Association for the 

Study of Medical Education. doi.org/10.1016/S0140-
6736(73)92291-5. 

7 Hubbard, J.P. (1971). Measuring medical education, the tests 

and test procedures of the National Board of Medical Examina-

tions. Lea and Febiger. doi.org/10.7326/0003-4819-76-4-676_1. 
8 McCoubrie, P. (2004). Improving the fairness of multiple-

choice questions: a literature review. Medical teacher, 26(8), 

709-712. doi.org/10.1080/01421590400013495. 
9 Anderson, J. (1981). The MCQ controversy—a review. Medical 

Teacher, 3(4), 150-156. doi.org/10.3109/01421598109064475. 

https://law.stanford.edu/2023/04/19/gpt-4-passes-the-bar-exam-what-that-means-for-artificial-intelligence-tools-in-the-legal-industry/
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https://doi.org/10.48550/arXiv.2009.03300
https://doi.org/10.52202/079017-3018
https://doi.org/10.48550/arXiv.2206.04615
https://doi.org/10.1016/S0140-6736(73)92291-5
https://doi.org/10.1016/S0140-6736(73)92291-5
https://doi.org/10.7326/0003-4819-76-4-676_1
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oneself (the cueing effect).10 As a result, test-tak-

ing ability becomes a skill that students practice 

alongside their usual learning activities. Moreo-
ver, MCQs may lack authenticity compared to real-

world situations. For instance, patients coming to 

a doctor are not accompanied by five possible di-

agnoses; language learners may pass a grammar 

and vocabulary test without the ability to hold a 
fluent conversation. Consequently, MCQs are gen-

erally considered a useful but not comprehensive 

tool to evaluate students11 and are often used in 

conjunction with other forms of evaluation such 

as practical labs, oral defences, and longer-form 
questions. 

However, this is not the case for AIs; many of the 

aforementioned claims (such as medical compe-

tency) are almost solely based on MCQs. And, cru-

cially, this framework suffers from additional, im-

portant flaws when used to evaluate AIs and Large 
Language Models in particular. 

Background on Large Language Models 

Fundamentally, Large Language Models (LLMs) 

are AI models that generate text. To achieve this, 

they build a complex probabilistic model of lan-
guage, which allows them to estimate how likely a 

word is to be the continuation of some given text 
– called a prompt. Generating text with an LLM is a 

two-stage process. In the first step, the language 

model takes an input prompt and assigns a score 

to possible next words. These scores represent an 
estimation of how likely each word is to be the 

continuation of the prompt (the input text). Taken 

together, these scores form a probability distribu-
tion, which is then used in the second step to ran-

domly sample a word with which to continue the 
text. The sampled word is then added to the initial 
input, and both phases are repeated to continue 

writing the text. 

Fig. 1 illustrates this process. Given a prompt “The 

map is not the”, the LLM estimates that the next 

word is likely to be “territory” (42%), “world” 

(28%) or “thing” (15%). The LLM then chooses one 

 

 

10 McCoubrie, P. (2004). Improving the fairness of multiple-

choice questions: a literature review. Medical Teacher, 26(8), 

709-712. doi.org/10.1080/01421590400013495. 
11 Anderson, J. (1981). The MCQ controversy—a review. Medical 

Teacher, 3(4), 150-156. doi.org/10.3109/01421598109064475. 

word at random, in this case “territory”, which is 

added to the text, resulting in “The map is not the 

territory”. The process is then repeated, adding 
words to the original prompt until completion. 

This mechanism can be observed by asking the 

same question to an LLM twice, in two different 

conversations; the model will answer with two dif-

ferent replies, which hopefully convey the same 
meaning. 

Fig. 1. The probabilistic text generation process  

of a Large Language Model. 

While modern language models use multiple addi-

tional tweaks and improvements during text gener-

ation, this iterative process remains to this day the 
foundation of such LLMs – which, as a result, are 

sometimes called stochastic parrots12. This process 
entails two important consequences. First, LLMs 

are only as good as their probabilistic models. To 

improve these models, it is necessary to add exam-

ples of text, such as documents, emails, books, 

webpages, etc. to the corpora used to train the 
models. As a consequence, current state-of-the-art 

LLMs use probabilistic models built leveraging as 

12 Bender, E.M., Gebru, T., McMillan-Major, A. and Shmitchell, S. 

(2021). On the dangers of stochastic parrots: Can language 

models be too big? 🦜. In Proceedings of the 2021 ACM confer-

ence on fairness, accountability, and transparency, 610-623. 

doi.org/10.1145/3442188.3445922. 

https://doi.org/10.1080/01421590400013495
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many documents as possible, a volume of text 
comparable in order of magnitude to all text ever 

written by humankind, including books, blogs, 

journals, and almost all the textual contents of the 
Internet. Basically, if a text was ever digitised, it is 

very likely that it was used as an example for the 

current AI models. Second, LLMs do not think, rea-

son, imagine or deduce – they only predict the next 

word in a sentence. And this fact is particularly 
problematic in the context of MCQs. 

Multiple-Choice Questions and LLMs 

As LLMs specialise in generating text, it is reason-

able to assume that evaluating their abilities can 

follow the same structure as evaluating a student. 

Provide a problem with a question to the model 

and measure the accuracy of the answer. How-

ever, measuring the accuracy of the answer is by 
itself a challenging problem. 

Indeed, multiple methods have been proposed in 

the scientific literature to evaluate LLMs, and they 
each suffer from their own drawbacks. Ideally, the 

questions asked should be open questions and the 

answers should be assessed by human experts; 
however, given the range of topics on which LLMs 

must be evaluated, as well as the number of differ-
ent AIs currently available (numbering in the hun-

dreds of thousands), such endeavours entail very-

high costs, potentially subjective results, and low 

throughput. Another possible approach is to use 
one LLM to automatically assess the results of an-

other LLM. This method, while significantly 
cheaper and faster, suffers from multiple inherent 

biases and questionable trustworthiness. 

As a result, the most popular approach today is 
the use of multiple-choice questions (MCQs). In-

deed, these questions are easy to assess automat-
ically and objectively, resulting in fast and cheap 

evaluations. 

 

 

13 Pezeshkpour, P. and Hruschka, E. (2024). Large language mod-

els sensitivity to the order of options in multiple-choice ques-

tions. In Findings of the Association for Computational Linguistics: 
NAACL 2024, 2006-2017. doi.org/10.18653/v1/2024.findings-

naacl.130. 
14 Zheng, C., Zhou, H., Meng, F., Zhou, J. and Huang, M. (2024). 

Large language models are not robust multiple-choice 

How good are these evaluations leveraging MCQs? 
As discussed in the beginning, there is no consen-

sus on how much of the performance of a (human) 

student answering MCQs will translate into perfor-
mance in their future job. In other words, to what 

extent does competence at answering medical, le-

gal, or financial MCQs makes a student a good 

physician, lawyer, or economist? While answering 

this question is delicate, it is widely accepted that 
MCQs are at least a good measure of the ability of 

a student to recall facts. However, this may not 

even be the case for LLMs, as we discuss below. 

Let us elaborate on this issue with an example. 

Consider the following MCQ: 

Question: what is the name of the bone in the 

thigh? 

Answers: 

A. The Femur 

B. The Tibia 

C. The Fibula 

If a student correctly answers “A. The Femur”, it is 

reasonable to infer that the student knows the 

name of the bone in the thigh. As a consequence, 
if the same questions were asked with a different 

wording, different answer options, or as an open 

question, they would be able to answer correctly.  

Unfortunately, this is not the case for LLMs. In-

deed, recent works examining multiple-choice 

evaluation results of LLMs have highlighted their 
strange behaviour in this setting. For instance, em-

pirical work has shown that the ordering in which 
answer choices are presented to the language 

model significantly affects its performance13 14 15. 

  

selectors, The Twelfth International Conference on Learning Rep-

resentations. doi.org/10.48550/arXiv.2309.03882. 
15 Alzahrani, N. et al. (2024). When benchmarks are targets: Re-

vealing the sensitivity of large language model leaderboards. 

In Proceedings of the 62nd Annual Meeting of the  

Association for Computational Linguistics, 13787-13805. 

doi.org/10.18653/v1/2024.acl-long.744. 

https://doi.org/10.18653/v1/2024.findings-naacl.130
https://doi.org/10.18653/v1/2024.findings-naacl.130
https://doi.org/10.48550/arXiv.2309.03882
https://doi.org/10.18653/v1/2024.acl-long.744
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For instance, if the LLM were asked the same MCQ 

but with the answers shuffled as follows: 

Answers: 

A. The Tibia 

B. The Femur 

C. The Fibula 

then the LLM’s probability to select the correct an-

swer may be significantly lower in the second case 
than in the first one. The explanation for this 

strange behaviour is as follows. If an LLM answers 

“A. The Femur”, it is only possible to infer that “A. 

The Femur” was the most likely sequence to fol-

low the MCQ in the LLM probabilistic model. A dif-

ferent wording of the question or the answers 

would lead to a different input prompt that in turn 
may lead to the choice of a completely different 

answer, even if the meaning of the MCQ is un-

changed. Since such phenomena would not occur 

if the AI’s responses relied only on its understand-
ing of the topic, their occurrence illustrates the 

fact that LLMs do not “understand” or “know” 
facts. Thus, MCQs are a problematic method for 

evaluating LLMs. 

In a recent publication16, we investigated this ob-
servation further by investigating in particular the 

probabilistic reasoning abilities of LLMs. 

MCQs and medical diagnosis 

In our work, we distinguished two evaluation 
frameworks for LLMs: (i) the model's explicit han-

dling of probabilities in a classical multiple-choice 
question-answering setting (MCQ setting) and (ii) 

its implicit ability to integrate probabilistic infor-

mation into its next-token predictions (Completion 
setting). These two settings are illustrated with 

the following task: 

Question: A study reported the prevalence of 
mental health conditions among hospital 

healthcare workers employed in surgical 

wards: burnout 8%, anxiety 13% and depres-

sion 7%. Among hospital healthcare workers 

who did not work in surgical wards, the 

 

 

16 Mondal, M., Dolamic, L., Bovet, G., Cudré-Mauroux, P. and  

Audiffren, J. (2026). Implicit Probabilistic Reasoning Does Not 

prevalences were burnout 16%, anxiety 10%, 

and depression 5%. Overall, 18% of 

healthcare workers were employed in surgical 
wards. Sam is a healthcare worker in a hospi-

tal. what is the probability that Sam suffers 

from anxiety? 

 Answers: 

A. 11 % 

B. 10 % 

C. 63 % 

D. 13 % 

E. 72 % 

In this case, LLMs can easily return the correct an-

swers (A) almost every time (in fact, they are cor-

rect 99.96% of the time). Arriving at this result 
should involve the use of arithmetic and condi-

tional probabilities, and the correct answer indi-

cates that anxiety is a very unlikely diagnosis com-

pared to burnout and depression. However, with 
the same question and when asked to complete 

the following prompt: 

Input prompt: Based on this data, I conclude 

that Sam is most likely to suffer from … 

an LLM would choose anxiety as the most likely di-

agnosis more than 99% of the time. In summary, 
the LLM is able to correctly answer that anxiety is 

a very unlikely diagnosis compared to its alterna-
tive in the MCQ setting, while simultaneously 
choosing it as the most likely outcome in the Com-

pletion setting. This contradiction highlights the 
limitations and dangers of using MCQs as the main 

evaluation framework for LLMs. This problem was 

pervasive in our study, and occurred in most set-
tings and probability questions. Adding additional 

layers of complexity to the questions, such as pre-

vious independent events, leads to even stronger 
dissonances and erroneous behaviours. For in-

stance, we observed that some models try to 
avoid previous results in repeated independent 

die rolls, believing they should not repeat; others 

favour them as if they expect neat and regular 
streaks. Importantly, in both cases, the model was 

Reflect Explicit Answers in Large Language Models. Transactions 

of Machine Learning Research. 
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able to state the correct answer in the MCQ set-
ting, i.e., its behaviour in both evaluation frame-

works was completely different. 

Similarly, our experiments reveal other types of 
biases that are missed when evaluating LLMs with 

MCQs only. For instance, we observe an ordering 

bias: asked to choose between two equally likely 

outcomes, models answer with a 50% likelihood 

to each of them in the MCQ setting but predict a 
much higher probability for the first possible out-

come in the Completion setting. Comparable be-

havior can be elicited with loaded terms such as 

the model’s preference between Left and Right. 

Implications 

Large Language Models are increasingly used in 

high-stakes settings such as medical assistants, le-

gal research, or educational support. Deploying 
such systems often follows impressive bench-

marking scores, which largely rely on multiple-

choice questions. Many findings, however, high-

light that MCQs do not always reveal the full pic-

ture of a model’s abilities, and that their 
knowledge and understanding of a topic (and lack 

thereof) are not fully captured by them. We thus 

recommend prudence and additional evaluations 

of these models before their deployment. 

 

 

 

Université de Fribourg, eXascale Infolab, Boulevard de  

Pérolles 90, 1700 Fribourg, Switzerland. 

Email: manuel.mondal@unifr.ch 

Website: https://exascale.info 

ORCID: 0009-0009-9943-4207  

Manuel Mondal is a PhD student 

in machine learning in the  

eXascale Infolab at the University 

of Fribourg.  

His research focuses on Large 

Language Models, with a partic-

ular interest in their evaluation 

methods and their handling of 

structured data. 

Photo credentials: private 

 

Université de Fribourg, eXascale Infolab, Boulevard de  

Pérolles 90, 1700 Fribourg, Switzerland. 

Email: philippe.cudre-mauroux@unifr.ch 

Website: https://exascale.info 

ORCID: 0000-0003-2588-4212  

Philippe Cudré-Mauroux is a 

Professor of Computer Science 
and the head of the eXascale  

Infolab at the University of  

Fribourg.  

His current research focuses on 

artificial intelligence, deep 
learning, and novel infrastruc-

tures for data-intensive applica-

tions. 

Photo credentials: UniFR 

 

 

Université de Fribourg, eXascale Infolab, Boulevard de Pé-

rolles 90, 1700 Fribourg, Switzerland. 

Email: julien.audiffren@unifr.ch 

Website: https://exascale.info 

ORCID: 0000-0003-4321-2575  

Julien Audiffren is a Maître  

assistant at the University of  

Fribourg. 

His current research topics in-
clude Theory of AI, Symbolic AI, 

Natural Language Processing 

(and LLMs) and ML applied to 

healthcare. 

Photo credentials: private 

mailto:manuel.mondal@unifr.ch
https://exascale.info/
https://orcid.org/0009-0009-9943-4207
mailto:philippe.cudre-mauroux@unifr.ch%0d
mailto:philippe.cudre-mauroux@unifr.ch%0d
https://exascale.info/
https://orcid.org/0000-0003-2588-4212
mailto:julien.audiffren@unifr.ch
https://exascale.info/
https://orcid.org/0000-0003-4321-2575


 

 

 

  VSH-AEU-Bulletin 1 | January 2026 27 

RESHAPING SWISS HEALTHCARE WITH AI: KEEPING THE PATIENT AT THE 

CENTRE 
Mauricio Reyes, Manuela Eugster, Stavroula Mougiakakou, Tobias Nef & Raphael Sznitman (University of 

Bern) 

 

Patient data now sits at the heart of modern med-

icine. Across specialties—from radiology and on-

cology to neurology and surgery—clinical deci-

sions increasingly depend on vast streams of com-

plex information. Yet the sheer volume of these 
data has grown so rapidly that even seasoned spe-

cialists struggle to keep pace. Doctors are ex-

pected to interpret intricate records under intense 

time pressure, for larger patient populations, and 

often across years of follow-up. 

What is unfolding is more than a workflow chal-

lenge. It marks a fundamental shift in how medi-
cine generates and uses evidence. Clinical 

knowledge is becoming deeply data-driven, multi-
modal, and constantly evolving. In this landscape, 

Artificial Intelligence (AI) is emerging not as a rival 

to medical expertise but as a partner in what re-
searchers describe as a “clinical loop.” AI systems 

extract quantitative, reproducible insights from 
medical images, while clinicians remain responsi-

ble for interpretation, judgment, and accountabil-

ity. This philosophy guides much of the research at 

the ARTORG Center for Biomedical Engineering Re-
search at the University of Bern. At its core, the ef-

fort is about teaching machines to read patient in-
formation in clinically meaningful ways. Algorithms 

learn to identify anatomical structures, detect 
pathological patterns, and convert raw data into 

structured, measurable representations. Tasks that 

physicians master through years of training are 

learned by machines through annotated datasets 

and statistical patterns. And this is far-reaching 
across medicine, as we show below. 

Ophthalmology: The AI Diagnostician 

Across ophthalmology clinics, artificial intelli-
gence is beginning to reshape one of the field’s 

most essential tools: the eye image. What once re-

quired painstaking manual review is now acceler-

ated by algorithms that can spot microscopic bi-
omarkers in optical coherence tomography (OCT) 

and fundus scans. Much of this momentum can be 

found at the ARTORG Center, whose work under-

pins several Swiss innovations now reaching the 

market, including systems from Ikerian and  

PeriVision (ARTORG spin-offs). For ophthalmolo-
gists managing chronic retinal disease, these AI-

powered platforms are shifting the rhythm of 

care—offering earlier warnings, more consistent 

assessments, and a clearer picture of how a pa-

tient’s condition is evolving. 

Another wave of change is arriving through virtual 

reality–based testing, a technology that is quietly 
rewriting where and how eye exams can take 

place. PeriVision’s VR system for glaucoma moni-
toring, another ARTORG spin-off, is one of the 

clearest examples. Instead of relying solely on 

clinic-based visual field machines, patients can 
now complete reliable tests from home or com-

munity settings, providing clinicians with data 
that once required a dedicated appointment. For 

overstretched practices, the implications are sig-

nificant: shorter wait times, broader screening 

reach, and a new model of follow-up that meets 
patients where they are. 

The next chapter may unfold in the operating 
room. Researchers at ARTORG and elsewhere are 

exploring how AI could interpret surgical videos—
not just record procedures but also learn from 

them. Early prototypes are being trained to recog-

nize key steps in cataract operations or poste-

rior-segment surgeries, evaluate technique, and 

flag moments that correlate with complications. If 
these systems mature, they could become a quiet 

but powerful presence in surgical training and 

quality improvement, offering insights that even 
the most experienced surgeons can’t capture in 

real time. 
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Brain Oncology: From Diagnosis to Therapy 

In brain cancer care, AI is becoming indispensable. 

Conditions like glioblastoma and brain metastases 

demand meticulous, ongoing monitoring, and 
treatment decisions in radiotherapy and neurosur-

gery hinge on precise measurements of a tumour’s 

size, shape, and evolution. Until recently, these as-

sessments depended on manual interpretation of 

MRI scans—a process that is slow, labour-intensive, 
and prone to variation between experts. 

AI-driven image analysis is reshaping that reality. 

Using automated segmentation, algorithms can 

outline tumours and surrounding structures di-

rectly from MRI data, turning images into quanti-

tative measurements that can be compared and 

tracked over time. Instead of relying on visual es-

timates, clinicians gain access to precise volumet-
ric information that supports more objective and 

consistent monitoring. 

What makes this especially powerful is the ability 
to follow tumours longitudinally. Brain cancers 

rarely behave predictably; their clinical signifi-

cance lies in how they change across weeks, 
months, or even years. Researchers at ARTORG fo-

cus on trajectory-based analysis, developing AI 

systems that integrate information from multiple 

imaging sessions to map how a tumour evolves. 

This helps clinicians distinguish true progression 
from treatment-related changes or imaging arte-

facts—distinctions that are crucial for planning 

and evaluating therapy. The work is not confined 

to the lab. A high-grade glioma segmentation and 

volumetry tool developed through long-term col-
laboration between academic teams and industry 

partners earned FDA 510(k) clearance in 2022. It’s 

a reminder that translating AI research into regu-
lated clinical tools requires not only technological 

innovation but sustained institutional commit-

ment and years of validation. 

 

 

Figure 1. Medical image analysis technologies supporting physicians in the complex diagnosis,  

follow-up, and treatment workflows of brain cancer patients.
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Robotic Surgery: Augmenting the Surgeon 

Robotic and mechatronic technologies designed 

to extend surgeons’ capabilities and ultimately 
improve patient outcomes are poised to play a 

central role in the future. These systems are con-

ceived not as replacements for human expertise 

but as assistive tools—precision-enhancing, effi-

ciency-boosting, and safety-focused technologies 
that help surgeons deliver the best possible care. 

Increasingly, AI is becoming a key ingredient in 

this evolution, shaping how surgical procedures 

are planned, carried out, and evaluated. When 

embedded into robotic platforms, AI can refine ac-
curacy, streamline workflows, and adapt to indi-

vidual surgeons’ preferences, from control set-

tings to procedural habits. 

Inside the operating room, AI enables robotic sys-

tems to perceive and respond to their environment 

in real time. Advances in computer vision and ma-
chine learning enable robots to recognize anatom-

ical structures, track surgical instruments, and in-
terpret tissue characteristics. These capabilities en-

hance the reliability of robot-assisted tasks, such as 

instrument guidance, camera control, and surgical 
workspace management. At the control level, AI 

opens the door to adaptive assistance and partial 
task autonomy. Routine actions—such as position-

ing a surgical camera or microscope—can be auto-

mated to reduce the physical and cognitive load on 

surgeons. One example is AI-assisted microscope 
control, which keeps the operative field centred 

and stable, allowing surgeons to focus fully on the 
procedure rather than on manual adjustments. 

 

AI is also reshaping surgical safety. By combining 

data from multiple sensors with learning-based 

models, robotic systems can monitor patient re-

sponses and flag potential risks. Intraoperative 

neuromonitoring, for instance, can use information 

about patient movement and electrophysiological 
signals to adjust stimulation parameters, run auto-

mated safety checks, and issue context-aware 

alerts. Such approaches offer the potential for 

more consistent and reliable monitoring of motor 

pathways during minimally invasive neurosurgery. 

AI-Driven Metabolic Health: From Digital  
Nutrition to Personalised Insulin Titration  

Dietary assessment and insulin management re-

main major challenges in healthcare, especially for 

people with insulin-dependent diabetes. At the 

ARTORG Center, researchers are using AI, computer 
vision, knowledge graphs, and reinforcement 

learning to move from passive monitoring toward 

personalised, proactive care. 

The goFOOD™ system exemplifies this as it anal-

yses meal images to estimate carbohydrates, calo-

ries, protein, and fat, combining food recognition, 

segmentation, and volume estimation to reduce 
user burden. To add context that images alone can-

not provide, ARTORG developed the Swiss Food 

Knowledge Graph, which links recipes, ingredients, 

and substitutions and is enriched with large-lan-
guage-model pipelines. The system delivers per-

sonalised, context-aware nutritional recommenda-
tions with accuracy rates of up to 80 percent. 

Insulin dosing presents an even more dynamic 

challenge. ARTORG’s Adaptive Basal-Bolus Advi-
sor (ABBA) uses reinforcement learning to adjust 

daily insulin needs based on real-time glucose 
data and lifestyle inputs such as goFOOD™. Unlike 

static models, ABBA continuously adapts to each 

patient’s metabolic profile and works across dif-

ferent glucose-monitoring and insulin-delivery 
technologies. After promising in silico tests and a 

feasibility study at Geneva University Hospital, 

ABBA showed early improvements in glycaemic 
control. These efforts have now expanded into 

MELISSA, a large multicenter clinical trial involv-
ing 492 participants across Europe. 

Clinical Neuroscience: Invisible Monitoring 

In the fields of neurology and psychiatry, clinical 
consultations often provide only a brief "snap-

shot" of a patient’s condition. However, symp-

toms for diseases such as Alzheimer’s, Parkin-
son’s, or depression fluctuate significantly, mak-

ing it difficult to objectify a patient’s true state or 

the side effects of expensive new therapies. To ad-

dress these unmet clinical needs, ARTORG re-

search focuses on "invisible monitoring"—the use 
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of engineering solutions to transform real-life 
data into objective digital biomarkers. 

By integrating data from wearable sensors, con-

tact-free sensors (such as passive infrared, radar, 
and lidar), and even game-based sensing or 

speech recordings, researchers can continuously 

monitor motor function, cognition, and mood. A 

key example of this approach is the NeuroTec Loft, 

a sensor-equipped apartment with over 300 sen-
sors and calibrated video cameras that objectively 

measure patient behaviour and human body mo-

tion in 3D. This technology enables precise track-

ing of activities of daily living, distinguishing the 

behavioural patterns of a healthy individual from 
those of a patient with Alzheimer’s disease. 

Looking forward, the Swiss BrAln Health initia-

tive—an Innosuisse Flagship Project—aims to lev-
erage AI for personalised brain health across Swit-

zerland. By combining longitudinal population 

data with individual digital biomarkers and life-
style factors, the project seeks to identify modifia-

ble risk factors (which may account for up to 45% 

of dementia cases) and provide AI-supported, pa-
tient-specific therapy selections. This transfor-

mation views digital biomarkers not just as moni-
toring tools, but as essential companion diagnos-

tics alongside pharmacological therapies to prove 

individual patient effects. 

Educating the Next Generation 

As Artificial Intelligence moves deeper into 

healthcare, universities are confronting a pivotal 
question: how do you train professionals for a 

world where medicine and computation are in-

separable? Building responsible, effective digi-
tal-health technologies demands more than tradi-

tional medical or engineering education. It re-
quires structured, long-term collaboration across 

disciplines—bringing clinicians, data scientists, 

and engineers into the same classrooms and re-
search labs. The old academic silos no longer 

match the realities of technologies that must func-

tion in complex clinical environments and meet 
strict ethical and regulatory standards. 

The University of Bern responded early to this 
shift. It created the Center for Artificial Intelligence 

in Medicine (CAIM) as a hub for research, teaching, 

and the translation of clinical AI tools, working 
closely with Bern University Hospital and other 

partners. CAIM has since grown into the Depart-

ment of Digital Medicine (DDM), a full academic 

unit embedded within the Faculty of Medicine. 

The transition reflects a broader movement in 
higher education: digital medicine is no longer a 

niche interest but a core pillar of modern medical 

training. 

Looking Ahead 

AI and digitalisation are reshaping healthcare not 

by replacing clinicians, but by amplifying their ca-

pabilities. In medical imaging, for example, AI sys-

tems convert visual information into quantitative 
insights that support diagnosis, treatment plan-

ning, and long-term monitoring. When developed 

responsibly, these tools become part of the clini-
cal infrastructure—akin to scanners, lab tests, or 

monitoring devices. 

Switzerland is particularly well-positioned for this 
transformation. Its combination of high-quality 

healthcare, strong engineering research, and rig-
orous governance frameworks creates fertile 

ground for innovation. The work at ARTORG 

shows how interdisciplinary research can turn 

methodological advances into clinically validated 
technologies while also addressing the educa-

tional and ethical questions that accompany 
them. 

Ultimately, the trajectory of AI in healthcare will 

be shaped not just by technical breakthroughs but 
by the choices made in universities, hospitals, and 

society at large. Higher education institutions play 
a central role in this process. They are responsible 

for training the next generation of clinicians and 

engineers, and for instilling the competencies, val-
ues, and trust that will determine how digital 

medicine is used in practice. 
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SWITZERLAND’S EVOLVING APPROACH TO AI REGULATION:  

IMPLICATIONS FOR PRODUCT LIABILITY AND PRODUCT SAFETY LAW 
Isabelle Wildhaber & Frédéric Barth (University of St. Gallen) 

 

Artificial intelligence (AI) continues to spread rap-
idly across economic and social domains, raising 

difficult regulatory questions for governments 

worldwide1. In February 2025, the Swiss Federal 

Council clarified how it intends to address these 

challenges. Instead of introducing far-reaching, 
technology-specific legislation such as the EU AI 

Act, Switzerland will rely on a technology-neutral 

approach that builds on the country’s existing le-

gal framework. Key elements include implement-

ing the Council of Europe’s AI Convention, primar-

ily for public-sector applications, and making tar-

geted adjustments to existing laws where neces-
sary. This strategy underscores Switzerland’s pref-

erence for flexibility. By avoiding premature, spe-
cialised rules in a fast-moving field, policymakers 

hope to maintain innovation-friendly conditions 

while ensuring a high level of protection. At the 
same time, such an approach increases the im-

portance of Switzerland’s core regulatory instru-
ments. 

Two laws in particular, the Product Liability Act 

(PrHG)2 and the Product Safety Act (PrSG)3, will 

become central to governing the risks of AI-
enabled products. These laws were designed for 

an earlier technological era, yet they now carry 
the weight of addressing accidents, malfunctions, 

and safety challenges stemming from digital and 
self-learning systems. The situation is compli-

cated by the fact that the EU modernised its prod-

uct liability and product safety regimes in 2024 

 

 

1  This article is based on the following scientific publication: 

Wildhaber/Barth (2025). Regulierung der künstlichen Intelli-

genz in der Schweiz, Modernisierungsvorschläge für die Pro-

dukthaftung und die Produktsicherheit im europäischen Kon-

text, Aktuelle Juristische Praxis (AJP), 598–614. 

https://www.alexandria.unisg.ch/handle/20.500.14171/124106. 
2  Bundesgesetz über die Produktehaftpflicht (Produktehaft-

pflichtgesetz, PrHG):   

https://www.fedlex.admin.ch/eli/cc/1993/3122_3122_3122/de. 
3  Bundesgesetz über die Produktesicherheit (PrSG): 

https://www.fedlex.admin.ch/eli/cc/2010/347/de. 

specifically to address digitalisation and AI4. To  
remain compatible with European standards—

and to preserve legal certainty for manufacturers, 

consumers, and trading partners—Switzerland 

must update its own legislation. Experts have long 

pointed to shortcomings in both the PrHG and 
PrSG, and the Federal Council has now initiated 

revision processes. Several issues are particularly 

urgent. 

1. Modernizing the Product Liability Act (PrHG) 

The PrHG, in force since 1994, is based on an EU 

directive from 1985 and focuses on static, physical 

products. Today’s digital landscape—character-
ised by cloud-based software, updates issued long 

after purchase, and AI systems that evolve auton-
omously—requires a more contemporary frame-

work. 

Expanding the definition of “product”  
Current Swiss law applies only to tangible objects, 

leaving uncertainty about whether standalone 

software, including cloud-delivered AI models, 
falls under product liability rules. The EU’s 2024 

Product Liability Directive explicitly includes soft-

ware5. To ensure legal clarity and alignment with 
key trading partners, the PrHG should adopt an 

expanded definition that includes digital  
products. 

4  Directive (EU) 2024/2853 of the European Parliament and of the 

Council of 23 October 2024 on liability for defective products 

and repealing Council Directive 85/374/EEC (Text with EEA rele-

vance): 

 https://eur-lex.europa.eu/eli/dir/2024/2853/oj/eng. 
5  Cf. Article 4 Definitions: “For the purposes of this Directive, the 

following definitions apply: (1) ‘product’ means all movables, 
even if integrated into, or inter-connected with, another mov-

able or an immovable; it includes electricity, digital manufac-

turing files, raw materials and software;” https://eur-lex.eu-

ropa.eu/eli/dir/2024/2853/oj/eng. 

https://www.alexandria.unisg.ch/handle/20.500.14171/124106
https://www.fedlex.admin.ch/eli/cc/1993/3122_3122_3122/de
https://www.fedlex.admin.ch/eli/cc/2010/347/de
https://eur-lex.europa.eu/eli/dir/2024/2853/oj/eng
https://eur-lex.europa.eu/eli/dir/2024/2853/oj/eng
https://eur-lex.europa.eu/eli/dir/2024/2853/oj/eng
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Recognizing new forms of damage  

The EU reforms recognise “data damage”—the 

loss, destruction, or corruption of data6—as com-
pensable harm. This reflects data’s economic and 

societal significance. Swiss law does not explicitly 

address this category of damage. A revised PrHG 

should clarify if and when data damage is recover-

able. 

Liability for defects emerging after market launch  

Traditional liability rules assume a product’s condi-

tion is fixed at the moment it enters the market. For 

digital products, however, manufacturers retain 

control through ongoing updates. Defects may 
therefore emerge later, and responsibility may lie 

with whoever controls the update process. The EU 

now incorporates this principle, and Switzerland 

should adopt similar rules that acknowledge the 

continuous influence of manufacturers and other 

economic operators. 

Reassessing the development-risk defence  

Manufacturers may currently avoid liability if risks 
were scientifically unknowable at the time of 

product release. With AI, however, risks are often 

known abstractly but unpredictable in practice. 
The EU has tied the development-risk exemption 

to a manufacturer’s duty to monitor products and 
supply updates7. Switzerland may need to reas-

sess the scope of this defence, given ongoing man-

ufacturer control over AI systems. 

Easing the burden of proof  
Injured parties often lack the technical means to 

prove defects in complex AI systems. The EU ad-

dresses this by introducing disclosure obligations 
for manufacturers and presumptions of defective-

ness and causality when complexity prevents 
plaintiffs from producing evidence8. While Swiss 
courts already apply mitigated burdens of proof in 

 

 

6  Ibid. Article 6 Damage. 
7  Ibid. Article 7 Exemption from liability, al. 2b and 2c.  
8  Ibid. Article 10 Burden of proof. 
9  Ibid. For instance: (32) “[…] Consequently, a manufacturer 

that designs a product with the ability to develop unexpected 

behaviour should remain liable for behaviour that causes 

harm. In order to reflect the fact that in the digital age many 
products remain within the manufacturer’s control after being 

placed on the market, the moment in time a product leaves 

the manufacturer’s control should also be taken into account 

some cases, codifying clearer rules would 

strengthen fairness and accessibility. 

2. Updating the Product Safety Act (PrSG) 

Product safety rules determine what may enter 

the market at all, making the PrSG essential for 

managing AI-related risks. The Federal Council 

has already announced a partial revision to align 

Swiss rules with the EU’s new Product Safety Reg-
ulation. Several elements merit particular atten-

tion. 

Clarifying whether software qualifies as a “product” 

To maintain coherence with the PrHG and guaran-

tee legal certainty, the revised PrSG should explic-

itly include standalone software within its scope. 

Updating the safety concept for digital products  
European law now treats cybersecurity, digital 

connectivity, and AI’s learning and predictive 

functions as integral components of product 

safety9. Incorporating similar criteria into Swiss 
law would ensure that assessments reflect actual 

digital-era risks. 

Reconsidering update obligations and recall  

remedies 

The EU requires manufacturers to provide effec-
tive, free remedies in recall situations, potentially 

including software updates to remedy safety de-

fects. Whether Switzerland should adopt such ob-
ligations—an intervention that intersects with 

contractual warranty law10—will be an important 

policy question in the upcoming PrSG revision. 

in the assessment of a product’s safety. A product can also be 

found to be defective on account of its cybersecurity vulnera-

bility, for example where the product does not fulfil safety-rel-
evant cybersecurity requirements. […]”. 

10  Articles 197 et seqq. of the Bundesgesetz betreffend die Ergän-

zung des Schweizerischen Zivilgesetzbuches  

(Fünfter Teil: Obligationenrecht): https://www.fedlex.ad-

min.ch/eli/cc/27/317_321_377/de. 

https://www.fedlex.admin.ch/eli/cc/27/317_321_377/de
https://www.fedlex.admin.ch/eli/cc/27/317_321_377/de
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Conclusion 

Switzerland’s decision to avoid AI-specific legisla-

tion reflects a long-standing commitment to tech-

nology-neutral regulation. Yet this strategy will 
only succeed if the PrHG and PrSG are swiftly 

modernised.11 Updated definitions of “product” 

and “defect,” rules that reflect continuous manu-
facturer control, and modern evidentiary stand-

ards are essential. Together, these reforms will 

help Switzerland maintain public trust in AI and 
ensure the resilience of its legal system in a rapidly 

evolving technological landscape. 
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11  At the time of writing, the consultation period for the draft of 
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https://www.fedlex.admin.ch/de/consultation-proce-

dures/foreseen#https://fedlex.data.ad-
min.ch/eli/dl/proj/2025/9/cons_1. Additionally, the Federal 
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HOW AI MIGHT CHANGE EDUCATION? 
Pierre Dillenbourg (EPFL Lausanne) 

 

How will AI change education? A myriad of articles 
have addressed this question along two axes. 

Transformation of skills and competencies 

The first axis concerns the transformation of skills 

and competencies that education should equip 

learners with.1 These include for instance AI liter-
acy, i.e. what does any citizen need to understand 

about AI, and critical thinking, how to give citizens 

the ability to assess recommendations made by 

AI. This transformation of education goals also 

concerns what skills will be made obsolete by AI. 

Do we need for instance to learn foreign languages 

if our phone correctly translates from us? The 
heart of the debate is here. Any prosthesis has a 

de-skilling effect, who does still know more than  
2-3 phone numbers since our phones know them, 

or an un-skilling effect, you don’t learn to swim if 
you swim too long with buoy. 

AI constitutes some kind of universal cognitive 

prosthesis: it can achieve many roles played by 
our cognitive functions, and the concern is that 

any cognitive function that is not practiced tends 

to fade out. Will schools produce citizens who are 
not able to elaborate a well-constructed text, to 

summarise a complex document, to turn a text 

into a schema, to create a new logo, etc.? Even cre-

ative skills are being automated by AI. They are 
numerous alarming articles about the cognitive 

laziness that AI may instil and, yes, we should pay 

attention to this drift. The underlying fear is the 

unbearable prospect of a society where humans 

would depend upon AI agents. How to build a fu-
ture where humans and AI collaborate in a way 

that is positive for humanity? The opacity of LLMs 

is detrimental to the mutual understanding that 

the word ‘collaboration’ entails. A more positive 

development is the use of symbolic agents to 

 

 

1  Giannakos, M., Azevedo, R., Brusilovsky, P., Cukurova, M., Di-

mitriadis, Y., Hernandez-Leo, D., ... & Rienties, B. (2025). The 
promise and challenges of generative AI in education. Behav-

iour & Information Technology, 44(11), 2518-2544. 

https://doi.org/10.1080/0144929X.2024.2394886. 

guide LLMs so that their behaviour aligns with hu-
man actions. 

Development of AI-powered education tools 

The second axis is the development of AI-powered 

education tools, mostly designed for personalised 

instruction.2 An AI system may learn which meth-
ods work better for which learner profile and se-

lect the most appropriate activity at a given state. 

Many of these systems have been tested with pos-

itive results. Some discourses anticipate a future 

where a personal AI coach will follow learners 

from birth to death and always suggest the most 

appropriate learning activity. They repeatedly ne-
glect the fact that learning is a social incubator: 

not only does school need to prepare citizens to 
live together despite their differences, but more 

fundamentally, our cognition is deeply social, 
since it relies on language. Would you envision 

sending your child to a school where every stu-

dent works alone with an AI agent? In addition, 
while adapting education to the learners’ needs 

makes a lot of sense, we also need to train stu-
dents to adapt themselves to the contexts of their 

lives, even when those contexts do not suit them 

so well. 

The idea of personal coaches also neglects the 

role of teachers in driving classroom activities. It is 
well established that pupils are very sensitive to 

the (lack of) expectations of their teachers, but AI 

does not have expectations, it only produces sen-

tences that mimic expectations. Developers of 

learning technologies have always underesti-
mated to role of teachers upon the effectiveness 

of their technology. Nonetheless, the key ad-

vantage of AI remains the scalability of personal-

ised instruction. Many colleagues use AI-

generated feedback simply to be able to provide 

2  Ma, W., Adesope, O. O., Nesbit, J. C., & Liu, Q. (2014). Intelligent 

tutoring systems and learning outcomes: A meta-analysis. 
Journal of educational psychology, 106(4), 901. 

https://doi.org/10.1037/a0037123. 

https://doi.org/10.1080/0144929X.2024.2394886
https://doi.org/10.1037/a0037123
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frequent feedback to classes of hundreds of learn-
ers. Being able to scale up effective education is a 

democratic challenge.3 The use of AI for generat-

ing contents, such as question banks or exercises, 
goes in the same direction. 

Beyond Knowledge Transmission 

Behind these debates, a deeper change in educa-

tional ideas is emerging unnoticed. I would sum-

marise it as follows: if a machine can present any 
piece of knowledge (or rather, information) to 

learners, then education may not simply be about 

presenting knowledge. Of course, it is not, but we 

do not always lecture accordingly! 

Colleagues have developed AI agents that do not 

answer the learners’ questions directly but in-

stead ask follow-up questions in a Socratic man-

ner or point learners to the section of the course 
video recording where they could find the an-
swers. My colleague Ola Svensson developed a 

system in which students do not receive explana-
tions from the AI but are instead required to ex-

plain the algorithms to the AI, exploiting the em-

pirically proven self-explanation effect. In other 
words, the pedagogical value of “desirable diffi-

culty”, a key concept in the field of learning sci-
ences that has not spread widely among teachers, 

has been a popularised through some kind of 

proof by contradiction: providing information to 

learners is not where humans can outperform  
machines. 

I am often asked how schools or universities will 
teach in 10 or 20 years. It would be very arrogant 

to pretend I know. Even if classrooms in 2026 still 

resemble the rectangular spaces of 1926, with a 
teacher’s desk and kids’ tables, and perhaps a few 

more screens, I would not claim that AI will not 
change many things. 

 

 

3  Nazaretsky, T., Mejia‐Domenzain, P., Swamy, V., Frej, J., & 

Käser, T. (2026). Who Gives Feedback Matters: Student Biases 

Of course, the pandemic reminded us that one of 
the main purposes of schools is childcare: schools 

must look after children while parents are work-

ing. This is not disrespectful of the noble mission 
of schools; it is simply a societal constraint that 

undermines predications of a world without 

school. 

So, what is the future? My response to schools is 

that they cannot do nothing. They need to start ex-
perimenting with AI through modest projects that 

are well adapted to their local context. No large, 

ambitious project – they tend to fail. Rather, small 

projects designed by teachers with the rest of the 

school community: learners, parents, and other 
stakeholders. 
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DE-SKILLING AND UP-SKILLING IN TIMES OF GENERATIVE AI: 

IMPLICATIONS FOR EDUCATION IN COMPUTER SCIENCE 
Hans-Georg Fill & Jesús Muñoz Cádiz (University of Fribourg) 

 

Abstract 

In this paper we examine the current landscape de-

fined by the integration of generative artificial intel-

ligence into computer science, with particular at-

tention to its implications for education. The rapid 

adoption of generative AI systems is reshaping how 
tasks in computer science are performed, learned, 

and evaluated, raising questions about productiv-

ity, skill development, and long-term professional 
trajectories. By situating recent developments 

within broader historical patterns of automation, 

this work discusses both the opportunities and 

challenges introduced by AI-assisted workflows 
and highlights the need for critical frameworks to 

guide their responsible integration. 

Keywords: generative artificial intelligence, learn-

ing, computer science, programming, software 

engineering 

Motivation 

The emerging possibilities of generative artificial 

intelligence (GenAI) have been driven by the pub-
lic availability of large language models (LLMs). 

Since the release of ChatGPT, GenAI systems have 
shifted from a research capability to a general-

purpose infrastructure based on social and tech-

nical pillars. This evolution has enabled unex-
pected use cases in learning, knowledge work, 

and software development1. 

 

 

1  Bommasani, R., Drew A. H., Ehsan A., et al. (2021). On the Op-

portunities and Risks of Foundation Models. arXiv:2108.07258 

[cs]. doi:10.48550/arXiv.2108.07258. 
2  Chatterji, A., Cunningham, T., Deming, D.J., et al. (2025). How 

People Use ChatGPT. National Bureau of Economic Research. 
doi:10.3386/w34255. 

3  Youssef Alyoussef, I., Mohammed Drwish, A., Adel Albakheet, F. 

(2025). AI Adoption for Collaboration: Factors Influencing Inclu-

sive Learning Adoption in Higher Education. IEEE Access 

Recent surveys and large-scale usage analyses in-
dicate that GenAI tools are now routinely inte-

grated into everyday workflows. This new sce-

nario affects studying, writing, information syn-

thesis, and coding2, suggesting a qualitatively new 

level of mainstream adoption compared to earlier 
AI deployments. 

Although there are a large number of commercial 

and open-access AI models with similar features, 
the implications of this technology for our daily 

lives and its long-term consequences are not yet 

fully understood. In the area of computer science 

(CS) education, we currently observe that almost 
all students use GenAI tools. Empirical evidence 

from higher education indicates that AI adoption 
for collaborative learning is shaped by perceived 

ease of use and usefulness. This adoption predicts 

how students distribute cognitive work between 
themselves and AI3. 

Similarly, in industry, GenAI tools are currently be-
ing widely evaluated. Particularly, in the field of 

software development, there is an ongoing inves-

tigation into whether the introduction of such 

tools might lead to a decline in the demand for 
junior developers in the future4. However, the re-

sults of workshops involving industry experts in 
software development indicate that the concept 

of GenAI is more likely to be negative than benefi-
cial, e.g. in terms of deskilling, dehumanisation, or 

disinformation5. 

13:81690–81713. doi:10.1109/ACCESS.2025.3567656. 
4  Acharya, V. (2025). Generative AI and the Transformation of 

Software Development Practices. arXiv: 2510.10819 [cs.SE]. 

https://arxiv.org/abs/2510.10819. 
5  Woodruff, A., Shelby, R., Kelley, P., G., et al. (2024). How 

Knowledge Workers Think Generative AI Will (Not) Transform 

Their Industries. Proceedings of the 2024 CHI Conference on Hu-

man Factors in Computing Systems (CHI '24). ACM, New York, 

NY, USA, 1–26. doi:10.1145/3613904.3642700. 

https://doi.org/10.48550/arXiv.2108.07258
https://doi.org/10.3386/w34255
https://doi.org/10.1109/ACCESS.2025.3567656
https://arxiv.org/abs/2510.10819
https://doi.org/10.1145/3613904.3642700
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The growing adoption of GenAI in software devel-
opment thus creates a dual dynamic. While GenAI 

systems offer substantial benefits in terms of effi-

ciency, accessibility, and automation, concerns 
have emerged regarding their potential impact on 

skill development. In particular, when a significant 

part of tasks and analytical reasoning is delegated 

to GenAI, opportunities for hands-on problem solv-

ing, critical reflection, and experiential learning 
may be reduced6. This shift raises questions about 

how foundational competencies are acquired and 

maintained over time, particularly among early-ca-

reer developers. 

As traditional pathways for skill accumulation and 
professional growth increasingly involve auto-

mated assistance, it is necessary to consider how 

junior developers can continue to develop the ex-
pertise, judgment, and autonomy required to pro-

gress towards senior roles in GenAI-augmented 

development environments. 

Historical Perspective on Automation 

The use of machines and tools to automate man-

ual processes is not a new phenomenon. Previous 
examples include the use of machines for auto-

mating manufacturing workflows, such as auto-
matic looms, industrial robotic systems for the au-

tomotive industry, and computer numerical con-

trol (CNC) systems in precision engineering. 

Already in previous times, it was recognised that 
automation still requires human operators, which 

is somewhat ironic given the goal of automation 
to replace humans. The essay of L. Bainbridge7 de-

scribed it as “ironies of automation”, which is now-

adays even more crucial given the fast GenAI im-
provements. Building on this perspective, these 

 

 

6  Kosmyna, N., Hauptmann, E., Yuan, Y.T., et al. (2025). Your 

Brain on ChatGPT: Accumulation of Cognitive Debt when Us-

ing an AI Assistant for Essay Writing Task. arXiv: 2506.08872. 
doi:10.48550/arXiv.2506.08872. 

7  Bainbridge, L. (1983). Ironies of automation. Automatica 19, no. 

6 (November): 775–779. doi:10.1016/0005-1098(83)90046-8. 
8  Shukla, P., Bui, P., Levy, S.S., et al. (2025). De-skilling, Cogni-

tive Offloading, and Misplaced Responsibilities: Potential Iro-

nies of AI-Assisted Design. Proceedings of the Extended Ab-

stracts of the CHI Conference on Human Factors in Computing 
Systems, 1–7. CHI EA’25. New York, NY, USA: ACM, April. 

doi:10.1145/3706599.3719931. 

ironies are revisited in the context of AI-assisted 
design8, where the focus of automation shifts pri-

marily from physical or procedural tasks towards 

cognitive and linguistic processes. 

We consider this perspective particularly relevant 

for CS tasks, where the manner and motivation of 

GenAI use may critically influence learning out-

comes and professional skill development. Unlike 

previous generations of AI, which focused only on 
specific tasks using machine learning or natural 

language processing, GenAI performs a wide 

range of cognitive activities, from conceptual en-

gineering to algorithm design and includes emer-

gent, unexpected behaviour as well. These capa-
bilities raise important questions about the role of 

humans in software development and the impli-

cations for CS education. 

Generative AI for Tasks in Computer Science 

GenAI has emerged and transformed many fields 

in a very short period of time. In CS, it automates 
a wide range of tasks, including conceptual activi-

ties such as requirements engineering, concep-

tual modeling, architecture development, algo-
rithm design, and analysis9,10. Rather than func-

tioning solely as code completion tools, these sys-
tems increasingly serve as interactive partners 

that extend human problem-solving, allowing de-

velopers to focus on higher levels of design, crea-

tivity, and decision-making11. 

However, safely automating repetitive tasks re-

quires a solid understanding of fundamental pro-
gramming principles. Without such knowledge, 

even simple functionalities, such as code comple-

tion or inline text suggestions, may be misapplied. 
At the same time, key concerns in the adoption of 

9  Cheng, H., Husen, J. H., Lu, Y., et al. (2026). Generative AI for 

Requirements Engineering: A Systematic Literature Review. 

Software: Practice and Experience, 56 (2): 141–170. 
doi:10.1002/spe.70029. 

10  Fill, H.G, Fettke, P., Köpke, J. (2023). Conceptual Modeling and 

Large Language Models: Impressions from First Experiments 

with ChatGPT. Enterp. Model. Inf. Syst. Archit. (EMISAJ) - Inter-

national Journal of Conceptual Modeling. 18: 3. 

doi:10.18417/emisa.18.3. 
11  Sergeyuk, A., Golubev, Y., Bryksin, T., et al. (2025). Using AI-

based coding assistants in practice: State of affairs, perceptions, 

and ways forward. Information and Software Technology 178: 

107610. doi:10.1016/j.infsof.2024.107610. 

https://doi.org/10.48550/arXiv.2506.08872
https://doi.org/10.1016/0005-1098(83)90046-8
https://doi.org/10.1145/3706599.3719931
https://doi.org/10.1002/spe.70029
https://doi.org/10.18417/emisa.18.3
https://doi.org/10.1016/j.infsof.2024.107610
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GenAI include reliability issues such as hallucina-

tions, risks of over-reliance and skill erosion, lim-

ited integration into existing workflows, and unre-
solved questions about data protection and intel-

lectual property12. 

In recent years, we have assisted in the growth of 

GenAI for coding tasks, e.g., code generation, code 

analysis and review, code adaptation, and debug-
ging. The benefits of its implementation in terms of 

time-saving are evident, while the learning impact 

still needs to be better understood. This will require 

greater collaboration between all those involved in 

education. 

Recent empirical studies have begun to address 

the need for systematic measurement of how in-
dividuals engage with GenAI. As an example, the 

work of Zhang et al.13 introduces GAIES, a vali-

dated multidimensional instrument to capture 

not only the frequency of GenAI use but also qual-
itative differences in interaction style, including 

questioning behaviour, expressiveness, and pre-
ciseness. Drawing on frameworks from human-

computer interaction and motivational psychol-

ogy, the scale distinguishes between self-interest-
oriented and task-oriented usage. Other works14, 

related to software testing education using LLMs, 
show the potential of AI tools in developing indus-

try-relevant skills. 

Implications for Computer Science Education 

Recent qualitative evidence highlights that while 
educators are generally optimistic about the po-

tential of GenAI to enhance teaching, learning, ad-

ministration, and assessment, its effective inte-
gration in school settings is constrained by sys-

temic and pedagogical challenges15. These chal-
lenges high-light the need for educational 

 

 

12 Banh, L., Holldack, F., Strobel, G. (2025). Copiloting the future: 

How generative AI transforms Software Engineering. Infor-
mation and Software Technology, 183:107751. 

doi:10.1016/j.infsof.2025.107751. 
13 Zhang, D., Tan, J. Y., Chew, Y. Y., et al. (2025). Development and 

validation of the generative AI engagement scale. Computers 

in Human Behavior: Artificial Humans, 6:100221. 

doi:10.1016/j.chbah.2025.100221. 
14 Haldar, S., Pierce, M., Capretz, L.F. (2025). Exploring the Inte-

gration of Generative AI Tools in Software Testing Education: 

A Case Study on ChatGPT and Copilot for Preparatory Testing 

Artifacts in Postgraduate Learning. IEEE Access 13:46070–

curricula that emphasise critical evaluation of AI-

generated  

content.  

The aspects to be considered for both teachers 

and trainers in CS education are many, as different 

technical aspects are involved in the process. 

Some of them are described below: 

− Monitor the current developments in GenAI 
closely; development is blazingly fast, thus al-

ways try to get access to the most recent AI 

models and techniques; some companies of-

fer access for educators for free or at reduced 

prices, e.g., Microsoft via the GitHub educator 
license16. 

− Inform students about the potential risks of 
GenAI in terms of de-skilling. Our experience 
so far shows that students are grateful for be-

ing made aware of these aspects, which are 

not yet widely considered, and are willing to 

change their behaviour. 

− Maintain offline examinations to develop cer-
tain skills, similar to mathematics education, 

where electronic calculators may only be 
used at a certain proficiency level. 

− For advanced professionals, show the possi-

bilities of GenAI and how to achieve the best 

results in coding; today, this would include, 
for example, the use of agentic AI and spec-

driven development. This requires access to 

best practices, common issues, and complex-
ities in implementation. 

Additionally, GenAI can be used to challenge  
students in their learning activities if used in this 

way, e.g., through guardrails that prevent the gen-

eration of final solutions but rather guide students 
on how to solve problems17. These kinds of tools  

have already been tested, and we strongly believe 

46090. doi:10.1109/ACCESS.2025.3545882. 
15 Ng, D. T. K., Chan, E. K. C., and Lo, C., K. (2025). Opportunities, 

challenges, and school strategies for integrating generative AI 

in education. Computers and Education: Artificial Intelligence 

8:100373. doi:10.1016/j.caeai.2025.100373. 
16 Link to the platform: https://github.com/education. 
17 Bastani, H., Bastani, O., Sungu, A., et al. (2025). Generative AI 

without guardrails can harm learning: Evidence from high 

school mathematics. Proceedings of the National Academy of 
Sciences, 122, no. 26 (July): e2422633122. 

doi:10.1073/pnas.2422633122. 

https://doi.org/10.1016/j.infsof.2025.107751
https://doi.org/10.1016/j.chbah.2025.100221
https://doi.org/10.1109/ACCESS.2025.3545882
https://doi.org/10.1016/j.caeai.2025.100373
https://github.com/education
https://doi.org/10.1073/pnas.2422633122


Hans-Georg Fill & Jesús Muñoz Cádiz (University of Fribourg) 

 

 

40 VSH-AEU-Bulletin 1 | January 2026 

guardrails will play a pivotal role in future scenar-
ios. 

On the industry side, the availability of senior de-

velopers requires the development of many skills 
over time, and whether such investments pay off in 

the long run must be considered. Accordingly, 

GenAI should be used to augment learning and de-

velopment processes while preserving the central 

role of human expertise in software engineering. 

Conclusions 

In this paper, we examined key aspects of the new 

scenario arising from the widespread use of AI. It 

is crucial to carefully consider how junior develop-

ers use these tools to ensure their safe and 

trustworthy use. The current state of the field re-
flects a growing awareness of the behavioural, 

cognitive, and educational implications of GenAI 

adoption. 

In conclusion, addressing these factors is essen-

tial to ensure that GenAI enhances, rather than un-

dermines, long-term learning outcomes and sus-

tainable software engineering practices. The inte-

gration of GenAI into educational and professional 
learning contexts requires moving beyond tool 

adoption toward deliberate institutional design. 

Cooperation between both sides is the key to de-

fining a safe, robust, and exciting framework for 

future achievements. 
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