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“Photorealistic closeup video of two pirate ships 
battling each other as they sail inside a cup of coffee“ 
OpenAI Sora

[Krizhevsky et al ‘12]

Google Translate

DeepMind
AlphaFold
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Training
data

{ 𝑥! , 𝑦! !}

Test
data
{ 𝑥!" !}

Learnt
model
𝑓: 𝑥 ↦ 𝑦

How should we intelligently gather data?
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Experimental
Design

[Fisher’35, Lindley ’56]

Active
Learning

[Freund et al ‘92]

Value of
Information

[Howard ’60,
Heckerman, Horvitz ‘93]

Bayesian
Optimization
[Močkus et al. ’78]

Bandits
[Gittins ‘79]

POMDPs
[Sondik ‘71]

Optimal
Diagnosis

[Garey & Graham‘74]

Artificial
Curiosity

[Schmidhuber ‘90]

Sensor
Placement

[Caselton & Zidek ‘84]

Information theory
[Shannon ‘48]

RL
[Sutton & Barto ‘98]



Key questions
How do we assess utility/value of an experiment?

Reduction in uncertainty? Maximization of reward? Estimating integrals, ODEs?
How do we quantify uncertainty?

According to which protocol do we select our experiments?
A priori/Non-adaptive/open-loop vs sequential/adaptive/closed-loop?
Constraints in the selection? E.g., cost, movement, …

How do we find an optimal set / sequence of experiments?
Convex relaxations?
Submodular optimization?

How much does optimal design help?
Sample complexity, regret bounds, adaptivity gap, robustness, …
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How should we collect data to 
maximally reduce uncertainty?
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Charles Sanders Peirce
1876

Optimal experimental design



Bayesian experimental design
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min
#
𝔼$! U 𝑃 𝜃 𝑦#

Prior 𝑃 𝜃
Experiments 𝑌# for 𝑥 ∈ 𝐷

𝜃
“Sick”

Y1
“ECG”

Y2
“B.Test”

Y3
“MRI”

How to collect data to 
minimize uncertainty?

Dennis V. Lindley
1956 Ann Math Stat Chaloner & Verdinelli, 

1995 Stat Sci



Applications to spatial statistics & network design
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X1

X5

X3

X2

X4

Caselton & Zidek ‘84



Bayesian Active learning in Machine Learning
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[T. Fuchs, J. Buhmann, 2009]

GP Regression [Seo+ ‘00]

GP Classification [Houlsby+ ‘11]

Deep learning [Gal+ ‘17]

Query by committee
[FSST 1992]

David MacKay
1992



How should we collect data to 
help us make better decisions?
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Value of information
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max
#
𝔼$! max

&
𝔼 𝑅 𝜃, 𝑎 ∣ 𝑦#

Sick Healthy

No treatment -$$$ 0

Treatment $ -$

𝜃
“Sick”

Y1
“ECG”

Y2
“B.Test”

Y3
“MRI”

How to collect data to make
better decisions?

Ronald Howard
IEEE TSSC 1966



Multi-armed Bandits
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How to collect data to make
maximize reward?

Exploration—exploitation
dilemma

max
'
𝔼 8

(

𝑅'"

J.C. Gittens
J Roy Stat Soc 1979

Lai & Robbins
Adv Appl Math ‘85



Structured bandits / Bayesian optimization
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f yt = f(xt) + ✏txt

Ac
qu

isi
tio

n
fu

nc
tio

n

How to collect data to make
find maximum of an unknown function?J. Močkus ‘75
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Optimistic Bayesian Optimization with GPs

Key idea: Focus exploration on plausible maximizers 
(upper confidence bound ≥ best lower bound)

Best lower
bound

GP-UCB

x
<latexit sha1_base64="aZSbOQgQJuHcWSedzI2oGHKoSVo=">AAAB6HicbVA9SwNBEJ2LXzF+RS1tFoNgFe6ioIVFwMYyAfMByRH2NnPJmr29Y3dPDCG/wMZCEVt/kp3/xk1yhSY+GHi8N8PMvCARXBvX/XZya+sbm1v57cLO7t7+QfHwqKnjVDFssFjEqh1QjYJLbBhuBLYThTQKBLaC0e3Mbz2i0jyW92acoB/RgeQhZ9RYqf7UK5bcsjsHWSVeRkqQodYrfnX7MUsjlIYJqnXHcxPjT6gynAmcFrqpxoSyER1gx1JJI9T+ZH7olJxZpU/CWNmShszV3xMTGmk9jgLbGVEz1MveTPzP66QmvPYnXCapQckWi8JUEBOT2dekzxUyI8aWUKa4vZWwIVWUGZtNwYbgLb+8SpqVsndRrtQvS9WbLI48nMApnIMHV1CFO6hBAxggPMMrvDkPzovz7nwsWnNONnMMf+B8/gDluYz6</latexit>

f(x)
<latexit sha1_base64="1dR/ylEcmRlnizz8knDXnoy55DE=">AAAB63icbVA9SwNBEJ2LXzF+RS1tFoMQm3AXBS0sAjaWEcwHJEfY2+wlS3b3jt09MRz5CzYWitj6h+z8N+4lV2jig4HHezPMzAtizrRx3W+nsLa+sblV3C7t7O7tH5QPj9o6ShShLRLxSHUDrClnkrYMM5x2Y0WxCDjtBJPbzO88UqVZJB/MNKa+wCPJQkawyaSw+nQ+KFfcmjsHWiVeTiqQozkof/WHEUkElYZwrHXPc2Pjp1gZRjidlfqJpjEmEzyiPUslFlT76fzWGTqzyhCFkbIlDZqrvydSLLSeisB2CmzGetnLxP+8XmLCaz9lMk4MlWSxKEw4MhHKHkdDpigxfGoJJorZWxEZY4WJsfGUbAje8surpF2veRe1+v1lpXGTx1GEEziFKnhwBQ24gya0gMAYnuEV3hzhvDjvzseiteDkM8fwB87nD2vfjc8=</latexit>

f(x⇤)
<latexit sha1_base64="q9S1CZn16la8CccWCAH4dKX73ac=">AAAB7XicbVBNSwMxEJ31s9avqkcvwSJUD2W3CnosevFYwX5Au5Zsmm1js8mSZMWy9D948aCIV/+PN/+NabsHbX0w8Hhvhpl5QcyZNq777Swtr6yurec28ptb2zu7hb39hpaJIrROJJeqFWBNORO0bpjhtBUriqOA02YwvJ74zUeqNJPizoxi6ke4L1jICDZWaoSlp/vTk26h6JbdKdAi8TJShAy1buGr05MkiagwhGOt254bGz/FyjDC6TjfSTSNMRniPm1bKnBEtZ9Orx2jY6v0UCiVLWHQVP09keJI61EU2M4Im4Ge9ybif147MeGlnzIRJ4YKMlsUJhwZiSavox5TlBg+sgQTxeytiAywwsTYgPI2BG/+5UXSqJS9s3Ll9rxYvcriyMEhHEEJPLiAKtxADepA4AGe4RXeHOm8OO/Ox6x1yclmDuAPnM8fiKSOcQ==</latexit>



Applications of Bayesian optimization

Education [Lindsey+ ’15]

Energy efficiency for HPC [Miyazaki+ ’18] 16

Bipedal locomotion
[Calandra+14]

Molecular Design
[Romero+ ’13,

Gomez-Bombarelli+ ’18, …]

PV Optimization
[Abdelrahman+ ‘16]

S. Harkema, The Lancet, Elsevier

Spinal-cord therapy 
[Sui+ ’18]

AutoML
[Vizier, SageMaker, 

Snoek+ ’12…]

Env. Monitoring
[Marchant+ ’12, Hitz+ ‘14]

…

Tuning SwissFEL
[Kirschner+ ‘22]
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Some modern research challenges

How do we reliably quantify epistemic 
uncertainty for complex models 
(deep nets, LLMs, …)?
How do we learn complex, data-driven 
priors from related tasks?
How do we use uncertainty not only 
to guide exploration, but 
to act cautiously / safely?
How do we scale to complex design 
spaces, e.g. via (Bayesian) RL?
…
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Bayesian Active learning for Large Language Models?
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Transductive “prediction-oriented” active learning
[Hübotter et al. NeurIPS 2024]

Can we make better predictions by learning a specialized 
model                   for each task      at test-time?

Given:
Prior 𝑝 𝜃
Task 𝑥∗

p(θ | x∗) x
∗

Select data
𝐷#∗ = 𝑥! , 𝑦! !*+

,

Compute posterior
𝑝 𝜃 ∣ 𝑥∗, 𝐷#∗

Make prediction
𝑝 𝑦∗ 𝑥∗, 𝐷#∗ = ∫ 𝑝 𝑦∗ 𝜃, 𝑥∗ 𝑑𝑝 𝜃 ∣ 𝑥∗, 𝐷#∗

Pre-trained LLM

Prompt

Fine-tuned LLM

Which?

Jonas 
Hübotter

Bhavi
Sukhija

Lenart
Treven

Yarden
As
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Informative sampling for transductive learning

Minimize epistemic uncertainty about prediction:

Closed-form with a linear model
if      and                          are Gaussian

Motivation:  linear representation 
hypothesis in LLMs

xt+1 = argmax
x∈D

I(fx∗ ; yx | x1:t, y1:t)

= argmin
x∈D

H(fx∗ | x1:t, y1:t, yx)

fx∗ = w!φ(x∗)

w yx = fx + ε

[Mikolov, Yih, Zweig NAACL 2013; Park, Choe, Veitch ICML 2024]

Jonas 
Hübotter

Ido
Hakimi
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Active learning for test-time-tuning LLMs
[Hübotter, Bongni, Hakimi, Krause https://arxiv.org/abs/2410.08020 ]

GPT-2 GPT-2-large Phi-3 Phi-3 (14B)
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30x larger LLM!

Jonas 
Hübotter

Ido
Hakimi



Closing the loop with Bayesian Decision Making
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Training
data

{ 𝑥! , 𝑦! !}

Test
data
{ 𝑥!" !}

Learnt
model
𝑓: 𝑥 ↦ 𝑦


