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How 2025 started...
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January 21, 2025
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January 22, 2025
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CNBC

CHINA'S
MASSIVE Al

< Apps Top Charts All Apps

Free Apps Paid Apps

Open

@ 2 ChatGPT
e b ‘ Open

& 1 DeepSeek - Al Assistant

N 3 Threads
‘DEEPSEEK" JUST

OVERTOOK CHATGPT AS THE #1 APP
ON THE US APP STORE

Al Center




Europe’s response

\ \ Al ACTION
SUMMIT

Proposed
Al Factories

109bn investment by France

ETH:zurich

© 2026, ETH Al Center

adyon ARBUS Oosms 2" olan |

EU Champions
QI Inltlatlve

Unlock Europe’s Full Potential In Al

@ =

EuroHPC JU has selected

six additional Al Factories
in the EU, set to drive
EU-wide innovation

These factories will bring
together the key ingredients
for Al innovation: computing
power, data, and talent

© 2025, ETH
Al Center



One year later — so what?
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The Al sovereignty debate has become real

Anmeizen

ETH:zurich

REPUBLIK

Magas o Duiag q

How tenaciously
Palantir courted
Switzerland

T'he controversial tech company Palantir provides surveillance
technology to militaries and intelligence services around the
world. In Switzerland, however, its pitches have been rejected
by both government authorities and the army. Internal
documents have now revealed why.

ot Balz Oertl], Jenrder Stemner

¢ 8 2025; vanstation by Priscila Inboden, F

A () Teln

D 15 Mineten

English | Destach

© 2026, ETH Al Center
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English Edition ¥ Print Edition Video = Audio Latest Headlines Puzzles

US. Politics Economy Tech Markets&Finance Opinion

TECHNOLOGY < ARTIFICIAL INTELLIGENCE

Free Expression

Arts

Anthropic Halts Access to Top Al
Models After U.S. Ban on Foreign

Use

All Fable 5 and Mythos 5 users lose access after Trump administration

declares the models security risks

By Amrith Ramkumar and Robert McMillan
Updated June 13,2026 12:34am ET

& Aa [J195 £ Listen @min

Anthropic CEO Dario Amodei DAVID PAUL MORRIS/BLOOMBERG NEWS

Lifestyle

WK1 JOURNAL.

More ¥

Real Estate

Personal Finance



Who is Building Al?

Closed

OpenAl us
Anthropic Us
Google US
XAl US
Mistral FR

Share outputs.

ETH:zirich © 2026, ETH Al Center

Open-Weight

Meta (Llama) us
DeepSeek CN
Alibaba (Qwen) CN
Moonshot (Kimi) CN
Google (Gemma) UsS
Z.Al (GLM) cN
Mistral FR

Share model weights.

Fully Open

SNAI (Apertus) CH EU@
Al2 (Olmo) us jal
Al Singapore (SEA-LION) SG@

OpenEurolLLM EU @
EuroLLM EU §u¢

(many smaller ones)

Share everything.



Large-scale Al is here to stay
(and what it means for your business)
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What do these three fundamental papers have in common?

ImageNet Classification with Deep Convolutional

Neural Networks
Alex Krizhevsky Ihys Sutskever Geolleey E. Hintos
Uneversity of Tooomo University of Toromo University of Tooomo
kriz@cs,utoronto,ca Llysfcs.utoronto.ca hinton?os,utorento.ca
Abstract

We rained & lage, doep comvolational newrsd setwork 1o classify the 1.2 mellbon
Hgh-rosotution smapes (n the ImageNet LSVRC-2010 contest ato the 1000 dif -
ferent claves. On the lowt data, we achicved top- | and top-S ervoe tates of 37.5%
and 17.0% whch b conssdenbly detier than e previous sumeof thewt. The
ncural petwork, which has 60 mios p and 650,000 i

Attention Is All You Need
Ashinh Viswand" Noam Shazeer” NIkl Parmar® Jaked Usrkoreit”
Google Bran Groogle Beain Google Research Google Research
google com Sgoogle.com  nikip@gocgle.con usrlgosgle.com
LBon Jooes™ Aldaa N, Gomez™ Lukass Kabwr*
Googhe Rescanch University of Torosto Google Brain
1licalgoogle com atdanlcs. torosto.edu lukaszkaiserfgoogle . com
s Polosukbin® |

sl1in . polosuidin@geail . con
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[
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Language Models are Few-Shot Learners

Yo B. Brown* Benjamia Mana* Nick Ryder® Melande Sabbiah”

Jared Kaplan' Pradulla Dharivwal Arviad Neelabantan Prasav Shywm Glrkd Santry
Amanda Adell Sandhind Agarwal Ariel Herbert-Vom Gretehen Kreeger Tom Henighan

Rewsa Chad Aditys Rameh Daniet M. Ziegher Jeftrey Wu Clomenn Wiater

Christopher Hewse Mark Chen Exie Sigher Mateust Litwis Seatt Geay

Benjamia (how Jack Clark. Chrlitapher Borner

of five coavolational layen, sose of which are followed by mal
and theee fullyconsecied layers with & Soal 1000wy softman]
ing fanter, wo wned son-saturating neweons and a very efficient
taticn of the d To sedace ng in th
lnymnrwm.mudydamlmm
that peoved 1o be very effective. We aho eoncred 3 variant of
ILSVRC- 2012 competition snd schueved & wisaing top-5 test en
compasnd 10 26 2% achicved by the sooond-bost antry.

1 Introduction

Ideas amplified by massive scale at that time

Alec Radford Tya Setskever Darto Amedel

OpenAl

Abstract

I sabatantial paien on saaery NLP taiks and benchenacks by pre-training
jowed by Sac-tusing on 3 specific k. While typecally task -agmostic
vl roquises taak-apocific fme-taning datacty of thousands oc leen of

Currest spproaches 1o object recopnition make essental wse of machise lesening methods. To i
wwvtmnm we can collect langer datasets, Searn more powerful models, and uso bet-

¢ preventisg overfil Ustil recently, datacts of labeled images were relatively
mll—ml&uﬁwdwdlwdlmu«l..\lﬂlllol Cablech- 1017256 1K, 9], and
CIFAR- 1V100 {12]). Simple secogeition taks can be wolved quite well with datasets of this sire,
especially if they are augmented with label-peeserving wamfommations. For example, B¢ currest-
et aeror rase o the MNIST dight-recogaition task (<0 3%) approaches buman porformance (4]
But objects in realistic sottinps exbubit coasiderable variability, 30 %0 lesen 1 recogeize them 2 i
secessary 10 use moch larper wralmag sets. And indoed, the shonoomings of seall image datasets
have boen widdly recogminad (o.g., Pinto ot all {211, but & has caly recontly bocome possible 10 col-
Joct labeled datascty with milliont of images. The new langer datasets inclade LadelMe [23], which
det‘mﬁo{hn;ugmnmn aad lesageNet (6], which consists of
over 15 million labelod highresclution images s over 22 categorion.

To learn about thousands of objocts from milhoas of images, we noed a model with 3 large leamning
capacity. However, the msplexity of the obyect o Lk means that this prod-
kmtmkMﬂnbyndﬂamnhnulm\«.mummmlwem

peior knowledge to compesaate for all the data we don't have. Cosvolsticnal nosral actworks
l(\hnmmuﬁ(hudmlmll 13, 1515, 22, 26). Their capacity can be coa-
trolied by varying their depth and breadth, and they alwo make strong and mostly comoct assumptions
aboet the nature of images (samcly, watonasity of satntics and Jocality of pisel dependencion)
Thas, compared % standard foodforwand neoral networks widh simelarty sized layers, CNNs have
moch fower cosnactions and parsssctens and %0 they are casier 10 train, while Seir theoretically -hest
performance is likely 1o be caly slightly woese.

2012

ETH:zurich

casembles, by over 2 BLEU, On the WMT 2018 English-to-Fresch tramlation tak,
our model establinhes & pew single. model saseof the-an BLEU soore of 41.0 afher
Eaining for 3.5 dayy ca cight GPUs, 2 smsall fraction of the training costs of the
Best modeds from the lserature.

1 Introduction

Recursent newral sctworks, loag short-term memory | 12) and gated recersent [7] neural setworks

effors have snce 0 push the of recurrens L guage modeds and eacoder-decoder
archiccoares (31, 21, 13).

“Hiqual conribuson. Lintiag onder it random. Jukob proposed mmptacing RN with weif-sssention and weaned
the effont 1o cvabuste this Mea. Ankish, with iis, dewigned and mmplementod the fieut Trasfoener sodeh and
B boen crsciully smvolved ba every spect of thes worke Noam progesed scaliod dot-prodect sieston, maki-bead
wtenton and B parasscter.froe position representation and hocame the ofier penon tmvolved in searly cvery
detail Niki dewpned. implementod. Tunod and evalestod coustess model varieh i oot cenpnal codebase and
Do Deemod L ale experimonted with moerd model varianas, was resposeidle Sor o insiel oodevoe, and
efficront isference and viomalumnons Lolkme ind Asdan spent commtiens bng Suys dewipang varows pas of and
WPl e Mt S, epiacing out eartiav codebuse, growty emgesving reselie and sussively sockrsng
O Ao ach

“Work perfoemed while st Google Besn

Fork perfonmed while u Google Research

3is Conference on Newrnl Informanon Provessing Sysiems (NIPS 200T), Long Beach. CA, USA

2017

arXiv:2005

Donands of cxamples. ly contrant, umass can peoarally perform 3 new Laaguage tak froes oaly
A Sow cramples of Srom wmple Stractons - somediag which cumest NLEP syssoms ssll Largely
strugghe 10 S0, Mere we show hat scaling op language models groatly impeoves tadk-agmost,
fewabit performance, somctisses even reaching competiivencss with peior stateof-the-an fise-

with tanks and fow-shot desmomtrations spocified pasely via text inseraction with the moded. GI'T-)
ahueves sroeg periarmance oo masy NLF datascts, ecdading waalation, qeaton-amvwenng, sl
ohore tanke, 3 well as soveral ks that roquine on-Be-fly reanoning or doman adapration, vach =
nscrambiing words, weng & sovel word i o sestonce. of perfonming Mdips arhanetic. Al the s
wene, we alvo identify some Satasets whese GPT-3's fewabat dearmng stll siruggies, as well i soee

which
dutinganbing foom srtcics wrinen by Mermam We dixcun hoader wocctal impacts of tha Sndag
and of GIF'T-3 i geoerad

figusl coutribution
"ot Hoghins Usiversiey, OpenAl
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Scaling laws for LLMs: Size matters

7 4.2
6 —— L=(D/5.4+-1013)-0095 | 5.6 —— L=(N/8.8-1013)-0.076
3.9
4.8
G 5
8 3.6 4.0
3 4
§ 3-3 3.2
I~ 3
3.0
2.4
L= (Cnin/2.3* 108)—0.050
2 . . . , 2.7 ; ; . . ;
10 107 10°% 10-® 10°! 10! 108 10° 105 107 10°
Compute Dataset Size Parameters
PF-days, non-embedding tokens non-embedding

Figure 1 Language modeling performance improves smoothly as we increase the model size, datasetset
size, and amount of compute® used for training. For optimal performance all three factors must be scaled
up in tandem. Empirical performance has a power-law relationship with each individual factor when not
bottlenecked by the other two.

ETHzurich



Example of capabilities with scale: Google PaLM

ETH:zirich ©2026, ETH Al Center
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LLMs exceeding human capabilities

ETH:zirich

Significant and accelerating
improvements in Al capabilities

Performance relative to human baseline (%)

120% 1

Human baseline

et @ e @ e @ ®
100% 4= = = o= = = o o - _‘-—‘.‘.“:!?A___ 4 et

80% 9 v

=v== Visual reasoning
60% 1

=e= Multimodal reasoning

Al Index: Technical Performance vs. Human Baseline

«w~ Competition mathematics

40%{ =+ Language understanding

=e= Image classification

20%4 == Reading comprehension

=&= PhD-level science

=== Language understanding

Increasing adoption of Al

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

|
" University of St.Gallen

Year

Impact today:

= Economy:
~36% of occupations using Al

in substantial way

= Education:
majority of students use Al



Now you understand why this is happening...

Zuckerberg's Meta Is Spending Billions to Buy 350,000 Nvidia
H100 GPUs

In total, Meta will have the compute power equivalent to 600,000 Nvidia H100 ‘
GPUs to help it develop next-generation Al, says CEO Mark Zuckerberg. '| By Michael Kan Jan 18, 2024 f X in?®

e i

ETHzurich



Generative Al is here

Generieren

Was wirden Si

Peasentation

Upload a file

Import from URL

[ hitps//uwwnembax.ch

I

Powerpoint PPTX 3o0gle Side

emba X: Your Alpine Journey
to Leadership

Experience Europe's most innovative Executive MBA, jointly delivered
by ETH Zurich and the University of St.Gallen. Designed to develop
socially responsible leaders who integrate leadership and technology
challenges to create positive impact

\/ 4

Import from Drive

Import from URL

What You Will Study

ial Courses

Programme Overview

At a Glance

« 18-month programme

« 55 days on campus plus online classes

« Allteaching in English

« Cost: 110,000 CHF (with incentives available)

eXploration Weeks

Revisit essential concepts and prepare for the future

emba X Projects

Apply your learning in real-world impactful projects

Our faculty has been tasked with rethinking these subject
areas and ‘teaching the future. You'll not only relearn these

topics but even unlearn some assumptions to make space

for vital new knowledge.

Essentials 1

« Adaptive Cognitive Leadership
+ Organisational Leadership

+ Strategy and Innovation

« Business Ethics

Essentials 2

+ Geoeconomic Dynamics &

Disruptions

+ Corporate Finance

+ Sustainability

+ Analytics (Business and

Marketing)

Veo 3

Essentials 3

« Cognitive Technologies (Al &

Machine Learning)

« Energy Management,

Technology & Economics

Product & Service Technologies

+ Technology Entrepreneurship

eXperiential Weeks

Five days of intense, faculty-driven immersion exposure

Coaching & Mentoring

Personal D

Plan

gamma

ETH:zurich

© 2026, ETH Al Center

embaX student walking on campus

@ emba X: Europe's Innovative Executive MBA Journey

Sources

+ Add

Select all sources

F5) emba_X5_Brochure.pdf

@ Discover

D

<]

‘;;ﬁ

NotebookLM

Chat

. 4

emba X: Europe's Innovative Executive
MBA Journey

1 source

The provided brochure outlines the emba X Executive MBA program, a collaborative effort
between ETH Zurich and the University of St.Gallen, designed to cultivate socially responsible
leaders who can integrate leadership and technology challenges. It details the program's
innovative curriculum, which includes eXploration Weeks for essential concepts, eXperiential
Weeks for practical application, and impactful projects like the Business Model Innovation Project

and Company Impact Project. The program emphasizes holistic development, focusing on self-

ip, team ip, and i ip through workshops and personal
tart typing 1 source
How does the emba X program uniquely integrate leadership and technoloc >

Describe yoursong %

Write a rap song about emba X: A joint programme in general
management focusing on technology and leadership by ETH Zirich
and | Iniversitv of St Gallen in Switzerland

+ Audio + Lyrics @ Instrumental

SUNO [Verse 3]

Blueprints drawn, but we color
outside,

Strategy sharp, like a Swiss
alpine slide.

Diving deep, tech trends we
explore,

Disrupting the game, it's what
we're here for.

@ share 3 Settings

Studio i}
[Bridge]

Audio Overview ®

Global network, a squad so

. Create an Audio Overview in more languages! Learn
" more

elite,
emba X: Europe's Innovati... [y GB CrOSSlng borderS, where the
o —e worlds compete.
01:45/ 05:03 « Englis . . . .
Ideas ignite, like a spark in the

eractiveQupde ((BETA .
Q \ night,

) EMBA X, we're the guiding light.

/ \

Not

/
N+ adote

[Chorus]
EMBA X, where the leaders are
born,

© Study guide [ Briefing doc

= FAQ ~ Timeline

14



Coding is disrupted (but not much else yet

Home / Innovation / Artificial Intelligence

Claude Code Explore here

Linus Torvalds is 'a huge believer'in ooe

= = = = [ ] Chat Cowork <> Code . Appearance
using Al to maintain code - just don't
, . settings page. Should remember the L]
+ New session E Theme
- - choice and follow the system default Y - ; , Light Dark
I I t I t n % Routines until they pick one. ok
Cail It a revoiutio .
There's already a ThemeProvider wrapping the
More . .
app but it's hard-wired to light. I'll lift the mode Density
- . . - : e Compact rows for power Default ~ Compact
Torvalds is sick of all the Al hype, but says Al is finally Pinne Into context, persist it to (ECalStorage), and acd a = | s ‘
. Light / Dark segmented control under Settings >
maturing to the point where it will be useful for Linux giiadebakmodcitopsiotoseuings Appearance.
. . Reduce motion
developers and maintainers. Schedulec Disable animations and transitions
© Weekly dependency audit Read 4 files, searched the codebase
Re ts Edited ThemeProvider.tsx +18 -2
+ Fix the double-charge bug in checkou src/theme/ThemeProvider.tsx
+ Write tests for the payments module
Iai h hi d export function ThemeProvider({chi
Explain what this repo does & const prefersDark = useMediaQuer
Written by Steven Vaughan-Nichols, Senior Contributing Editor Layout's broken on mobile const stored = localStorage.getI
Dec. 9, 2025 at 6:21 a.m. PT o Debug flaky Cl tests const [mode, setMode] = useState
Auto Q Opus Extrahigh D o

an Sample

ETH:z(rich © 2026, ETH Al Center 15



Two Al frontier labs will likely go public based on
LLMs fuelled with public data

ETHziirich



A pragmatic definition for Al Sovereignty

An organization must be able to embed their
knowledge into a model they control

ETHziirich



Why we built Apertus

ETHziirich



What does it mean if the infrastructure layer becomes commoditized?

App-specific cognitive architecture

Reasoning layer

Application & fine-tuning layers

e Provides the performance
e High value capture
e Training costs <$10-100k

Pre-training layer

Pre-training layer / large foundation models
e $20-100m training costs
e Huge energy footprint
e Give basic capabilities

ETH:zurich



== GPU access of leading universities =

Yale I 140
Georgia Tech I 160
Carnegie Mellon . 296

Princeton - 462
UT Austin - 608
MIT (incl. TX-GAIN) [ 72
ETH/EPFL (Alps by CSCS)

ETH & EPFL are currently the only universities in the world that can practically educate on foundation model development

ETH:zurich ©2026, ETH Al Center 20
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-
or
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-+ The Swiss National Al Institute (SNAI)

A partnership among ETH Zurich and EPFL to concentrate our

national perspective on Al-based research, education, and
innovation.

SNAI drives forward high-impact research activities involving a
national network of academic and industry partners. Its
flagship research activity is the Swiss Al Initiative with a
focus on advancing and democratizing large-scale Al for the
benefit of society.

powered by

’ EPFL
ETH Al CENTER AI Center

o
E,i f © 2025, Swiss National Al Institute 2

-



NPERIT VS

EPFL ETHzirich %3 cscs

Democratizing the Foundation for
Research & Global Sovereign Al




Q4/2025: World’s first fully open frontier LLM

_ Strong benchmark
Two models with 8B & 70B parameters trained on performance within class of

15T tokens of text using up to 4096 GPUs on Alps.

fully-open models

- More than 2’°500°000 downloads in first three months 70

- Full transparency: Open model to research and 65
develop future Al systems
60
- Responsible Data Practices: Satisfies base model
provisions of EU Al Act 55
® P

- Global representation: Trained on data from over 50 > o © o o
1000 languages (40% non-English) A S LSRN



== Apertus & EU Al Act

EU Al Act

Best compliance
with the EU Al Act

ETH:zirich E PF L ©2025, Swiss National Al Institute 24



Responsible Data Practices

- Public & versioned data only, primarily sourced
from CommonCrawl

- Respect Al opt-out preferences of authors
(removes 8% English, 4% non-English data)

- Prevent model memorisation of data, specifically
copyrighted content

- Quality: Remove PII, toxic & harmful content, and
low quality data (e.g. spam, non-human text,
etc.).

Apertus |Qwen, Mistral |Meta OpenAl
8B/70B |DeepSeek Llama GPT-4,5
series
Model Weights
X
Inference code
X
Training code
O o O X
Training data
transparency & X X X X
availability
Open License
O X
EU Al Act Art 53
compliance X X X




Effective Memorisation Prevention

Apertus 70B (Greedy)

- Successfully prevented the -
memorisation of training data.

- Scientific experiment at scale: :
unable to extract realistic
control data even when
repeated 128 times with a

prefix/prompt of 5000 tokens. .

128 -

w

16 -

- 0.169

- 0.169

0.169

0.174

0.169

0.170

50

0.173

0.175

0157

100

DN by

0.184

0.184

0.178

0.184

0.183

0.182

0.184

0.185

0.184

0.188

500

0.183

0.183

0.186

0,183

0.181

0.184

0.187

0.182

0.187

0.182

0.133

0.187

0.193

0.185

0.186

0.190

0.186

0.192

0.186

0.186

0.190

0.187

0.187

0.188

0.185

0.189

1000 2000 3000
Prefix Length

0.135

0.187

0.187

0.187

0.185

0.187

0.190

4000

0.187

5000

1.0
i
0.8
06
Z
-
- 0.4 -
8B experiment without prevention
shows significant memorisation
-0.2
0.0

Figure 8: Apertus Maintains Robustness Against Verbatim Memorization. The heatmaps
show average Rouge-L scores for suffixes of 500 tokens for Apertus-8B and Apertus-
70B. The y-axis represents exposure frequencies during training (1-128), with unexposed
Gutenberg bucket 0 serving as a baseline. The prefix length varied from 50 to 5,000 tokens
at a fixed offset of 0. The results demonstrate successful mitigation of verbatim memo-
rization in Apertus model, as the Rouge-L scores for both model scales remain at baseline
levels regardless of exposure frequency or prefix length.



Watch out for Apertus 1.5

- Continued Pretraining: Additional high-quality text data. Adding 4T
tokens to previous training

- Multimodality: Enable audio and image input

- Focus Domains: Data upsampling for strategic areas such as health,
education, and justice

- Agentic Skills: Improved instruction-following, tool-use, and advanced
reasoning capabilities with RL at scale



Beyond Apertus

Multimodal World Models for Physical Al

. We develop novel multimodal World Foundation
& . T Models (WFM) that integrate video, text, 3D,
=%« & proprioception, and environment signals to
create robust, controllable world models.

These models will power applications from
autonomous mobility to robotics and assistive Al.

ETHzurich onter Alexandre Alahi (EPFL)
© 20, ETR A Cent Marc Pollefeys (ETH Zurich)



Beyond Apertus
Foundation Models for Science

We develop a multimodal Catalysis foundation
model that unifies data across chemistry
domains to accelerate catalyst design and
sustainable innovation, powered by large-
scale compute and collaboration.

Philippe Schwaller (LIAC/EPFL)
Andreas Krause (ETH Zurich)
Caglar Gulcehre (EPFL)

Kjell Jorner (ETH Zurich)

ETHz(rich onter Tong Xie (UNSW)
© 20, ETR A Cent Kevin Jablonka (Uni Jena)



Beyond Apertus
Foundation Models for Weather and Climate

3. Fine tune locally

MeteoSwiss

\ 4. You build from here

?

—p ENnergy

Air quality

e ESFM (100M-1B) Released in April 26
e ClimLlama (3B-7B) Release in July 26

e Operationalization under Weather Generator

ETH:zurich

© 2026, ETH Al Center

Torsten Hoefler (ETH Zurich)
Siddhartha Mishra (ETH Zurich)
Mathieu Salzmann (EPFL)

Benedikt Soja (ETH Zurich)

Oliver Fuhrer (MeteoSwiss)
Sebastian Schemm (U of Cambridge)



A model is like an engine block...

...to actually drive, you need a whole system

ETHziirich



Why it’s not trivial to build Al-based products

. %
ETH:zurich ': University of St.Gallen

ETH Zurich + University of St.Gallen

7/7/2026

32



Two types of Al systems

ETH:zirich

Al Systems

Autonomous Al Systems
(e.g. cars, robots, ...)

|
'E University of St.Gallen

Informational Al Systems
(e.g. decision-support systems)

|||||||||||||||||||||||||||||||||

7/7/2026
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Examples for autonomous Al systems

Source: youtube, id=V4PDTD2VHSU

» | 3~
ETH:irich 'E University of St.Gallen

ETH Zurich + University of St.Gallen

https://youtu.be/D5VN56jQMWM?t=47

7/7/2026
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embasg

ETH Zurich + University of St.Gallen

Examples for informational Al systems

https:/www .brainlab.com/surgery-products/overview-neurosurgery-products/microscope-navigation/ ethon.ai

. %
ETHzurich " University of St.Gallen 7/7/2026 35


https://www.brainlab.com/surgery-products/overview-neurosurgery-products/microscope-navigation/

embasg

ETH Zurich + University of St.Gallen

Reflection

& How are mistakes handled?
& Whois responsible?
&  What is more difficult to roll-out?

& Inyourindustry, do you see predominately autonomous or informational Al systems?

. %
ETHzurich " University of St.Gallen 7/7/2026 36



What's different now
Al allows organizations to punch above their weight!

El'HzUrich © 2026, ETH Al Center
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Al is a force multiplier where small teams can make a huge impact

Midjourney vs. Adobe

10 30000 employees

OpenAl vs. Google

350 150°000 employees

What does it mean if you have employees that can make a >10x impact?

» High salary costs are not a problem anymore (bring back more parts of the value chain)
» Significant GDP uplift (and not just substitution)

» Trustworthiness in Al critical for adoption

ETH:zurich ©2026, ETH Al Center *HC estimates end of 2022
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How disruptive will Al be?

The unicorn challenge: Al enables a single person
to create a billion dollar company?

JMorgan ¥ ROBIN M0

115 &0
We're aonna see 10 ner

> ©

Sam Altman and Alexis Ohanian - we're not far from Al enabling a one-person billion dollar company

https://www.youtube.com/watch?v=Q5vsEUgxt3E

ETHzurich

A $10tn+ service opportunity?

Application layer Al companies are not just Uls on top of a foundation
model. Far from it. They have sophisticated cognitive architectures that
typically include multiple foundation models with some sort of routing
mechanism on top, vector and/or graph databases for RAG, guardrails
to ensure compliance, and application logic that mimics the way a
human might think about reasoning through a workflow.

Service-as-a-Software

The cloud transition was software-as-a-service. Software companies
became cloud service providers. This was a $350B opportunity.

Thanks to agentic reasoning, the Al transition is service-as-a-software.
Software companies turn labor into software. That means the
addressable market is not the software market, but the services market
measured in the trillions of dollars.

https://www.sequoiacap.com/article/generative-ais-act-o1/
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Service-as-a-Software: A $10T+ industry in the making?
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Chartincludes companies with ~$1B+ in revenue

created during the cloud and mobile transitions. /-m
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browser-use.com: From ETH Al Student Project to round at 100m

Series of events in 2024-2025: Ti TechCrunch I SO

ETH Al CENTER

- 11-26 Oct: Co-Founder takes
Technology Investing VC course
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- Oct 31: Browser Use goes
open-source

- Nov 12: Y Combinator (YC) deadline Browser Use. the tool
3

making it easier for Al
‘agents’ to navigate
websites

- Jan — Mar: YC acceleration W25

- Mar: $20M SAFE @ $100M

ETH:zurich ©2026, ETH Al Center 41



Conclusion

« Think of Al as a having access to 1000 interns
* You are still responsible for the decisions

* Focus on core process innovation

» Need to rethink processes & business models
« Use Al as a force multiplier

» Leverage the Swiss ecosystem

ETH:zirich ©2026, ETH Al Center
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ETH Zurich + University of St.Gallen

Open discussion
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