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Abstract
This report documents the programme and outcomes of Dagstuhl Seminar 25451, “Bayesian
Optimisation”, held from November 2–7, 2025. The seminar brought together 39 international
experts from machine learning, optimisation, statistics, and engineering to discuss recent advances,
open challenges, and emerging research directions in Bayesian optimisation. The programme
comprised plenary talks spanning foundational issues, benchmarking, and the growing interaction
between Bayesian optimisation and generative AI, alongside focused working groups on key
thematic areas. Beyond technical discussions, the seminar placed strong emphasis on community
building and worked towards establishing best practices. This report summarises the plenary
contributions, the outcomes of the working groups, and additional community-driven activities,
including a collection of practical “tricks of the trade” and exploratory benchmarking exercises.
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The Dagstuhl Seminar “Bayesian Optimisation” (November 2–7, 2025) brought together 39
leading researchers from 11 countries to discuss the state of the art, emerging challenges, and
future directions of Bayesian optimisation (BO). BO is a core methodology for optimizing
expensive black-box functions and lies at the intersection of machine learning, optimisation,
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and statistics, with strong contributions from engineering and applied sciences. It com-
bines probabilistic surrogate modelling with principled decision-making to determine which
evaluations are most informative under limited budgets.

Although foundational ideas in Bayesian optimisation date back to the 1950s, the field
has experienced rapid growth only since around 2010, driven by advances in Gaussian process
modelling, computational power, and high-impact applications such as hyperparameter
tuning of machine learning methods, simulation-based optimisation, and experimental design.
Despite this momentum, BO remains a fragmented research area: there is no dedicated
flagship conference, and researchers are dispersed across multiple communities with differing
assumptions, evaluation practices, and terminologies. A central aim of the seminar was
therefore community building – bringing together researchers from machine learning, opera-
tions research, statistics, and engineering to develop a shared understanding of challenges,
benchmarks, and research priorities.

The seminar programme featured 12 plenary talks designed to stimulate discussion across
subfields, covering topics ranging from the historical development of BO and benchmarking
practices to recent advances in high-dimensional optimisation, human-in-the-loop methods,
and the integration of large language models and generative AI. In addition, participants
worked in five focused working groups on themes identified as critical for the community:
human-in-the-loop Bayesian optimisation; multi-fidelity Bayesian optimisation; acquisition
strategies; surrogate modelling; and the intersection of Bayesian optimisation with generative
AI. The outcomes of these discussions, together with abstracts of the plenary talks, are
documented in this report.

Beyond structured discussions, the seminar also facilitated the exchange of practical
insights. Participants jointly compiled a collection of “tricks of the trade” reflecting practical
wisdom that is often absent from the formal literature. In addition, attendees were invited to
apply their preferred BO tools to a small set of benchmark problems, providing a concrete
basis for discussions on benchmarking, software libraries, and best practices. Summaries of
these activities are also included in the report.

Schloss Dagstuhl once again proved to be an ideal environment for intensive scientific
exchange and community formation. Both organisers and participants regarded the seminar
as a significant success. Recognising the importance of sustained interaction for this rapidly
evolving field, the participants established a Steering Group tasked with coordinating future
meetings and related community-building activities. This seminar thus represents not only
a snapshot of current research in Bayesian optimisation, but also a foundation for a more
cohesive and collaborative BO community going forward.
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3 Seminar Program

Monday 3 November
9:00 Welcome and Introductions
10:45 Formation of Working Groups
12:15 Lunch
13:00 Roman Garnett: History of Bayesian Optimisation
13:30 Max Balandat: Bayesian Optimisation without a clear objective
14:00 Frank Hutter: Prior Fitted Networks
15:00 Coffee Break
16:00 Working Groups
18:00 Dinner

Tuesday 4 November
9:00 Carola Doerr: Benchmarking in the broader black-box optimization context:

problems, performance criteria, and data sharing
9:30 Leonard Papenmeier: The Role of Benchmarks in (High-Dimensional)

Bayesian Optimization
10:00 Mickaël Binois: Possible snags in benchmarking noisy or high-dimensional

BO
10:30 Coffee Break
10:45 Discussion on Pre-Seminar Experimental Results
12:15 Lunch
13:30 Working Groups
15:30 Coffee Break
16:15 Aaron Klein: Towards Foundation Models for Blackbox Optimization
16:45 Elena Raponi: Automatic generation of Bayesian optimization algorithms

using LLMs
17:15 Alexander Terenin: How are transformers and potential AGI affecting

Bayesian optimization research?
18:00 Dinner

Wednesday 5 November
9:00 Working Group Reports
10:30 Coffee Break
10:45 Working Groups
12:15 Lunch
13:15 Group Photo
13:30 Hiking
15:30 Coffee Break
18:00 Dinner
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Thursday 6 November
9:00 Working Groups
10:30 Coffee Break
10:45 Working Groups
12:15 Lunch
13:30 Bobby Gramacy: Triangulation Candidates for Bayesian Optimization
14:10 Antonio Candelieri: Convergence from any initial design: Is it utopia?
14:50 Gautam Dasarathy: Bayesian Optimization on and over graphs
15:30 Coffee Break
16:00 Working Groups
18:00 Dinner

Friday 7 November
9:15 Working Groups Reporting
10:45 Coffee Break
11:00 Tricks of the Trade
11:45 Next meetings
12:15 Lunch

4 Overview of Talks

4.1 Possible snags in benchmarking noisy or high-dimensional BO
Mickaël Binois (Inria Center at Université Côte d’Azur – Sophia Antipolis, FR)

License Creative Commons BY 4.0 International license
© Mickaël Binois

In this short presentation, the goal is to highlight possible issues of common practices for
assessing BO on noisy or high-dimensional benchmark problems. For noisy problems, it
focuses on the challenge of estimating the current best solution. As for high-dimensional
test problems, besides general issues for comparing different baselines, the usual practice of
adding inactive variables is questioned.

4.2 Convergence from any initial design: is it an utopia?
Antonio Candelieri (University of Milano-Bicocca, IT)

License Creative Commons BY 4.0 International license
© Antonio Candelieri

Although its well-known sample efficiency and rate convergence proofs for some implementa-
tions, Bayesian Optimization’s performance remains strongly affected from the random initial
design. A common practice consists into running multiple experiments from different initial
designs to mitigate the effect of randomness and analyse robustness of different algorithms.
Although this procedure is reasonable for scientific research, it is quite often impractical
in real-life applications, due to the high query cost. Moreover, it is not rare to start from
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an initial design that has been collected for other – industrial-driven – purposes and that
can therefore drastically affect the identification of the optimal solution given a strictly
limited query budget. This talk is aimed at quickly revising some of the known issues
preventing Bayesian Optimization from convergence to the global optimum, while facilitating
the theoretical and methodological discussion about possible solutions to turn an utopia into
reality.

References
1 A. Candelieri and E. Signori, MLE-free Gaussian Process Based Bayesian Optimization,

in International Conference on Learning and Intelligent Optimization, pp. 81–95, Cham:
Springer Nature Switzerland, June 2024.

2 A. Candelieri, Mastering the Exploration-Exploitation Trade-off in Bayesian Optimization,
arXiv preprint arXiv:2305.08624, 2023.
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preprint arXiv:2211.01455, 2022.
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and Exploitation Trade-offs in Bayesian Optimisation, ACM Transactions on Evolutionary
Learning and Optimization, 1(1), 1–22, 2021.
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Confidence Bound for Bayesian Optimisation, arXiv preprint arXiv:2006.04296, 2020.
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Unknown Hyperparameters, Journal of Machine Learning Research, 20(50), 1–24, 2019.
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Billion Dimensions via Random Embeddings, Journal of Artificial Intelligence Research, 55,
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9 Z. Wang and N. de Freitas, Theoretical Analysis of Bayesian Optimisation with Unknown
Gaussian Process Hyper-parameters, arXiv preprint arXiv:1406.7758, 2014.

10 L. Papenmeier, M. Poloczek, and L. Nardi, Understanding High-dimensional Bayesian
Optimization, arXiv preprint arXiv:2502.09198, 2025.

11 C. Hvarfner, E. O. Hellsten, and L. Nardi, Vanilla Bayesian Optimization Performs Great
in High Dimensions, Proceedings of Machine Learning Research, 235, 20793–20817, 2024.

4.3 Bayesian Optimization On and Over Graphs
Gautam Dasarathy (Arizona State University – Tempe, US)
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Main reference Parth Thaker, Mohit Malu, Nikhil Rao, Gautam Dasarathy: “Maximizing and Satisficing in
Multi-armed Bandits with Graph Information”, in Proc. of the Advances in Neural Information
Processing Systems 35: Annual Conference on Neural Information Processing Systems 2022, NeurIPS
2022, New Orleans, LA, USA, November 28 – December 9, 2022, 2022.

URL http://papers.nips.cc/paper_files/paper/2022/hash/0d561979f0f4bc6127cfcfe9c46ee205-Abstract-
Conference.html

Graphs provide a natural language for representing complex, structured systems – from
molecules and neural architectures to sensor networks and social systems. Bayesian Optim-
ization (BO) offers a powerful framework for optimizing expensive black-box objectives in
such domains, but incorporating graph structure raises new challenges.
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This talk explores Bayesian Optimization on and over graphs. I will discuss recent advances
that adapt Gaussian-process surrogates and acquisition strategies to graph domains, highlight
key theoretical and computational challenges, and outline open questions in structure-aware
optimization. A central theme is the role of graph topology – how spectral and combinatorial
properties shape learning efficiency. I will also connect these ideas to some of our work
on graph bandits, adaptive graph learning, and multifidelity learning, which may hint at a
theory of Bayesian optimization that truly understands graphs.

4.4 Benchmarking BO – do we really want to learn from neighbouring
disciplines?

Carola Doerr (Sorbonne University – Paris, FR)

License Creative Commons BY 4.0 International license
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Benchmarking is a crucial component in understanding advantages and limitations of Bayesian
optimization algorithms. However, to date, researchers in the BO community did not agree
on standardized way of benchmarking their algorithms; most paper use ad hoc experimental
setups, data sharing and re-using is uncommon.

With the goal to spark a discussion on how to overcome this situation, I will share some
benchmarking best practices developed in the broader black-box optimization community.
Largely influenced by the COCO platform [2], available at https://coco-platform.org/,
standardized benchmarking practices and data formats were adopted in the evolutionary
computation community. Large data sets are available and explorable through the IO-
Hanalyzer component [3] of the modular IOHprofiler environment [1], available at https:
//iohanalyzer.liacs.nl/.

My key take is that it would be much easier for the Bayesian optimization community to
adopt similar benchmarking standards than what one might believe.

References
1 C. Doerr, H. Wang, F. Ye, S. van Rijn, and T. Bäck, IOHprofiler: A Benchmark-

ing and Profiling Tool for Iterative Optimization Heuristics, CoRR, abs/1810.05281,
2018. Available at: http://arxiv.org/abs/1810.05281. More up-to-date documentation:
https://iohprofiler.github.io/.

2 N. Hansen, A. Auger, R. Ros, O. Mersmann, T. Tušar, and D. Brockhoff, COCO: A Platform
for Comparing Continuous Optimizers in a Black-box Setting, Optimization Methods and
Software, pp. 1–31, 2020.

3 H. Wang, D. Vermetten, F. Ye, C. Doerr, and T. Bäck, IOHanalyzer: Detailed Performance
Analyses for Iterative Optimization Heuristics, ACM Transactions on Evolutionary Learning
and Optimization, 2(1), Article 3, pp. 3:1–3:29, 2022.
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4.5 Some things I learned while writing the BayesOpt book
Roman Garnett (Washington University – St. Louis, US)

License Creative Commons BY 4.0 International license
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Main reference Roman Garnett: “Bayesian Optimization”. Cambridge University Press, 2023.
URL https://doi.org/10.1017/9781108348973

I spoke about two somewhat niche topics that came up while working on the Bayesian
optimization book:

a brief history of Bayesian optimization, and some commentary on the origin of popular
acquisition strategies (UCB, probability of improvement, expected improvement, etc.),
which are almost universally misattributed in the literature
methodology for marginalizing model hyperparameters through an acquisition strategy,
and the pitfalls of the common approach of averaging the acquisition function wrt
the hyperparameters rather than computing the expected utility with respect to the
hyperparameter-marginal model directly

This led to a brief, but engaging discussion.

4.6 Triangulation candidates for Bayesian optimization
Robert Gramacy (Virginia Polytechnic Institute – Blacksburg, US)

License Creative Commons BY 4.0 International license
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Joint work of Robert Gramacy, Annie Booth, John Smith, Nathan Wycoff
Main reference Robert B. Gramacy, Annie Sauer, Nathan Wycoff: “Triangulation candidates for Bayesian

optimization”, in Proc. of the Advances in Neural Information Processing Systems 35: Annual
Conference on Neural Information Processing Systems 2022, NeurIPS 2022, New Orleans, LA, USA,
November 28 – December 9, 2022, 2022.

URL http://papers.nips.cc/paper_files/paper/2022/hash/e9750610639c3e7a849cff746bf60dbd-Abstract-
Conference.html

Bayesian optimization involves “inner optimization” over a new-data acquisition criterion
which is non-convex/highly multi-modal, may be non-differentiable, or may otherwise thwart
local numerical optimizers. In such cases it is common to replace continuous search with a
discrete one over random candidates. Here we propose using candidates based on a Delaunay
triangulation of the existing input design. We detail the construction of these “tricands” and
demonstrate empirically how they outperform both numerically optimized acquisitions and
random candidate-based alternatives, and are well-suited for hybrid schemes, on benchmark
synthetic and real simulation experiments.
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4.7 Prior-Data Fitted Networks
Frank Hutter (Prior Labs – Freiburg, DE & ELLIS Institute Tübingen, DE & Universität
Freiburg, DE)

License Creative Commons BY 4.0 International license
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In this talk, I will discuss a new alternative to the predominant model class used in Bayesian
optimization: prior-data fitted networks (PFNs). Like Gaussian processes, PFNs have
strong uncertainty estimates, but unlike them they easily support many data complexities,
such as mixed discrete/continuous inputs, heterogeneous noise, high dimensions, and good
out-of-distribution generalization.

I will first discuss the general method for constructing PFNs and will then deepdive into
one particular example: TabPFN, the first foundation model for tabular data. I hope that
many colleagues in Bayesian optimization will start to explore PFNs and/or TabPFN for
their applications and help develop them further.

4.8 Towards Foundation Models For Black-Box Optimization
Aaron Klein (ScaDS.AI – Leipzig, DE)

License Creative Commons BY 4.0 International license
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Joint work of Aaron Klein, Herilalaina Rakotoarison, Luca Thale-Bombien, David Salinas

Black-box optimization has so far relied on hand-crafted algorithms, carefully tuned for
specific problem classes and rarely transferable beyond their original domains. Foundation
models hold the promise of fundamentally changing this landscape: rather than manually
designing optimizers, we can envision models that learn the process of optimization itself.
Unlike representation learning in vision or language, this requires learning algorithms –
arguably a substantially more ambitious goal – but one that recent advances in reasoning
models suggest may be within reach.

In this talk, we will provide an overview of recent trends in Bayesian optimization for
building foundation models and highlight current gaps in the literature.

4.9 Bayesian Optimization Without a Clear Objective: Leveraging
Interactive Natural Language Feedback

Maximilian Balandat (Meta – Menlo Park, US)

License Creative Commons BY 4.0 International license
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Joint work of Katarzyna Kobalczyk, Zhiyuan Jerry Lin, Benjamin Letham, Zhuokai Zhao, Maximilian Balandat,
Eytan Bakshy

Main reference Katarzyna Kobalczyk, Zhiyuan Jerry Lin, Benjamin Letham, Zhuokai Zhao, Maximilian Balandat,
Eytan Bakshy: “LILO: Bayesian Optimization with Interactive Natural Language Feedback”, CoRR,
Vol. abs/2510.17671, 2025.

URL https://doi.org//10.48550/ARXIV.2510.17671

For many real-world applications, feedback is essential in translating complex, nuanced, or
subjective goals into quantifiable optimization objectives. We propose a language-in-the-loop
framework that uses a large language model (LLM) to convert unstructured feedback in
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the form of natural language into scalar utilities to conduct BO over a numeric search
space. Unlike preferential BO, which only accepts restricted feedback formats and requires
customized models for each domain-specific problem, our approach leverages LLMs to turn
varied types of textual feedback into consistent utility signals and to easily include flexible
user priors without manual kernel design. At the same time, our method maintains the
sample efficiency and principled uncertainty quantification of BO. We show that this hybrid
method not only provides a more natural interface to the decision maker but also outperforms
conventional BO baselines and LLM-only optimizers, particularly in feedback-limited regimes.

4.10 The Role of Benchmarks in High-Dimensional Bayesian
Optimization

Leonard Papenmeier (Universität Münster, DE)

License Creative Commons BY 4.0 International license
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Joint work of Leonard Papenmeier, Matthias Poloczek, Luigi Nardi
Main reference Leonard Papenmeier, Matthias Poloczek, Luigi Nardi: “Understanding High-Dimensional Bayesian

Optimization”, in Proc. of the Forty-second International Conference on Machine Learning, ICML
2025, Vancouver, BC, Canada, July 13-19, 2025, Proceedings of Machine Learning Research,
Vol. 267, PMLR / OpenReview.net, 2025.

URL https://proceedings.mlr.press/v267/papenmeier25a.html

High-dimensional Bayesian optimization (HDBO) is a notoriously difficult challenge. This
is due to the curse of dimensionality that, with linearly increasing dimensionality, requires
exponentially more observations to maintain the same level of surrogate model accuracy.
Recent advances have pushed the envelope to hundreds or even thousands of dimensions on
various benchmarks that reflect controlled environments and real-world scenarios. This talk
gives insight into specific structural properties of several of these benchmarks, how these
properties interplay with design decisions of BO and high-dimensional BO algorithms, and
what implicit assumptions several BO algorithms make on the objective function. The goal
of this talk is to spark a discussion around best practices for HDBO benchmarking.

4.11 Automated Generation of Bayesian Optimization Algorithms
assisted by LLMs

Elena Raponi (Leiden University, NL)

License Creative Commons BY 4.0 International license
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Joint work of Wenhu Li, Niki van Stein, Thomas Bäck, Elena Raponi
Main reference Wenhu Li, Niki van Stein, Thomas Bäck, Elena Raponi: “LLaMEA-BO: A Large Language Model

Evolutionary Algorithm for Automatically Generating Bayesian Optimization Algorithms”, CoRR,
Vol. abs/2505.21034, 2025.

URL https://doi.org//10.48550/ARXIV.2505.21034

Large Language Models (LLMs) are rapidly becoming creative co-pilots for AI, Optimization
and AutoML, moving beyond tuning to generating and evolving entire algorithms on demand.
This talk introduces LLaMEA-BO, an evolutionary computation framework that uses LLMs
to iteratively mutate and improve full codebases, with specific focus on Bayesian Optimization.
Our framework uses an evolution strategy to guide an LLM in generating Python code that
preserves the key components of BO algorithms: An initial design, a surrogate model, and an
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acquisition function. The LLM is prompted to produce multiple candidate algorithms, which
are evaluated on the established Black-Box Optimization Benchmarking (BBOB) test suite
from the COmparing Continuous Optimizers (COCO) platform. Based on their performance,
top candidates are selected, combined, and mutated via controlled prompt variations, enabling
iterative refinement. Despite no additional fine-tuning, the LLM-generated algorithms
outperform state-of-the-art BO baselines in 19 (out of 24) BBOB functions in dimension 5
and generalize well to higher dimensions, and different tasks (from the Bayesmark framework).

4.12 How are transformers and potential AGI affecting Bayesian
optimization research?

Alexander Terenin (Cornell University – Ithaca, US)

License Creative Commons BY 4.0 International license
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Since the release of ChatGPT, a non-trivial segment of the machine learning community
believes that human and/or superhuman artificial general intelligence will arrive in the next
half-decade. While one could certainly argue that people with this view are wrong, I would
instead like to ask: What if they’re right? What would the implications for our research
community be? Will Bayesian optimization become a valuable tool used internally as part
of every AI company’s infrastructure? Or, will it become possible to train transformers to
do the same tasks Bayesian optimization does, thereby rendering our methods obsolete? I
will not answer these questions: instead, I will introduce concepts that allow them to be
asked in a precise form. To do so, I will briefly illustrate recent theory which describes what
transformer models can in principle do, before moving to an open-ended discussion and
question-answer period focused on showcasing different views from within the community.

4.13 The Gittins Index: A Design Principle for Decision-Making Under
Uncertainty

Alexander Terenin (Cornell University – Ithaca, US)

License Creative Commons BY 4.0 International license
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Main reference Ziv Scully, Alexander Terenin: “The Gittins Index: A Design Principle for Decision Making Under

Uncertainty”, pp. 28–70, .
URL https://doi.org//10.1287/educ.2025.0290

The Gittins index is a tool that optimally solves a variety of decision-making problems
involving uncertainty, including multi-armed bandit problems, minimizing mean latency in
queues, and search problems like the Pandora’s box model. However, despite the above
examples and later extensions thereof, the space of problems that the Gittins index can
solve perfectly optimally is limited, and its definition is rather subtle compared to those
of other multi-armed bandit algorithms. As a result, the Gittins index is often regarded
as being primarily a concept of theoretical importance, rather than a practical tool for
solving decision-making problems. The aim of this tutorial is to demonstrate that the Gittins
index can be fruitfully applied to practical problems. We start by giving an example-driven
introduction to the Gittins index, then walk through several examples of problems it solves
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– some optimally, some suboptimally but still with excellent performance. Two practical
highlights in the latter category are applying the Gittins index to Bayesian optimization,
and applying the Gittins index to minimizing tail latency in queues.

5 Working Groups

5.1 Acquisition Strategies
Thomas Bartz-Beielstein (TH Köln, DE)
Jack Buckingham (University of Warwick – Coventry, GB)
Carola Doerr (Sorbonne University – Paris, FR)
Matthias Feurer (TU Dortmund, DE)
Roman Garnett (Washington University – St. Louis, US)
Leonard Papenmeier (Universität Münster, DE)
Alexander Terenin (Cornell University – Ithaca, US)

License Creative Commons BY 4.0 International license
© Thomas Bartz-Beielstein, Jack Buckingham, Carola Doerr, Matthias Feurer, Roman Garnett,
Leonard Papenmeier, and Alexander Terenin

5.1.1 Introduction

A fundamental question in Bayesian optimization research is how to acquire the next data
point. The key challenge comes from the presence of explore-exploit tradeoffs: should the
algorithm pick a location about which little information is available, in case it might perform
better, or a location that one can already expect to perform well? Different acquisition
functions resolve these and related tradeoffs in different ways, and the underlying design
principles describing these differences are only beginning to be understood.

As a simple example, consider Bayesian optimization under a budget constraint. How
should the types of points acquired depend on the remaining budget? In an informal poll of
the working group, participants overwhelmingly agreed that different kinds of points should
be preferred under large vs. small budgets. If the budget is large, it makes sense to prefer
points with high uncertainty more, compared to if the budget is small: intuitively, this is
because there is more opportunity left to benefit from taking a risk. In contrast, if the budget
is small, a risky acquisition point is unlikely to pay off, so it may be better to stick with
points that have a better mean. The question becomes: how should this intuition be reflected
concretely via acquisition function design?

The default expected improvement acquisition function, in its simplest incarnation, is
hyper-parameter-free and therefore cannot be adjusted depending on the budget. On the
other hand, UCB can, through its confidence parameter βT . The exploratory behavior of both
probability of improvement and expected improvement can also be tuned by introducing a
hyperparmeter controlling the improvement target; in the case of probability of improvement,
the point maximizing the PI acquisition function for a given target also maximizes the UCB
acqusition function for a corresponding confidence parameter and vice versa [12]. Some
authors have also considered modifying the expected improvement acquisition strategy to
account for the remaining budget via relatively simple, yet effective mechanisms [18]. Recent
cost-aware acquisition functions, such as those based on Gittins index theory [25], can be
adapted to the budget-constrained setting using Lagrangian relaxation: rather than working
with a budget constraint, one can introduce Lagrange multipliers and add a term involving
the sum of the costs to the usual simple regret objective, in some cases with appropriate
optimality guarantees [30].
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The need for different acquisition strategies is also reflected in other differences, beyond
behavior with respect to budgets. For example, in high-dimensional Bayesian optimization,
it is thought that finding the true global optimum may often be impossible in practice, and
therefore be a poor goal for the algorithm to try to achieve. Instead, the algorithm should
seek a local optimum. The question becomes: in situations with many local optima, how
should the algorithm balance the tradeoff between the quality of a potential optimum and
its difficulty to find? Comprehensively understanding tradeoffs like these – both from a
comparative perspective focused on the behavior, popularity, and performance of existing
methods, and from a fundamental theoretical perspective – was a recurring theme among
the working group.

In the following, we discuss two main topics that were thoroughly explored throughout
the seminar: the initial design and the optimization of the acquisition function. However,
there are also other topics in the realm of acquisition strategies that we discussed in less
breadth, but that still deserve further discussion, which is why we only mention them briefly.
First, the topic can be extended to batch and asynchronous Bayesian optimization. However,
recent work suggests that this problem might be easier than initially assumed [24]. Second,
instead of using fully global Bayesian optimization, local Bayesian optimization methods
could be more beneficial [27]. Third, as an intermediate strategy, it is possible to build kernels
that balance the global fit of the function with a local fit around the optimum, potentially
alleviating the issue that the global and local lengthscales differ [17].

5.1.2 Initial design

Bayesian optimization algorithms and other surrogate-based search techniques are often
initialized with a set of non-adaptively queried points, the so-called initial design or design
of experiments (DoE). These points are often sampled uniformly at random, following some
Latin Hypercube construction, or using quasi-random constructions such as subsets of Sobol’
sequences or similar. Some state-of-the-art surrogate-based optimization algorithms, such as
SMAC [10], also use non-adaptive throughout the optimization process, to enforce exploratory
behavior. However, later versions of SMAC, which were configured for hyperparameter
optimization and blackbox optimization, reduced the fraction of random samples from 50%
to 20% and 8%, respectively [16, 26] We discussed the role of such non-adaptive sampling for
Bayesian optimization and whether alternative sampling techniques that take into account
the location but not the quality of already sampled points could improve the search behavior.
In particular, we discussed the impact of replacing non-adaptive sampling by strategies that
(i) maximize some form of “uniformity of distribution” of the collection of already evaluated
and newly suggested points or (ii) maximize some minimal distance criterion.

As an example for (ii), we can mention the Morris-Mitchell criterion, a widely used metric
for evaluating the space-filling properties of a sampling plan (also known as a design of
experiments) [19]. It combines the concept of maximizing the minimum distance between
points with minimizing the number of pairs of points separated by that distance. The
standard Morris-Mitchell criterion, Φq, is defined as:

]Φq =
(

m∑
i=1

Jid
−q
i

)1/q

,

where d1 < d2 < · · · < dm are the distinct distances between all pairs of points in the
sampling plan. Ji is the number of pairs of points separated by the distance di, and q is a
positive integer (e.g., q = 2, 5, 10, . . . ). As q →∞, minimizing Φq is equivalent to maximizing
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the minimum distance d1, and then minimizing the number of pairs J1 at that distance, and
so on. One limitation of the standard Φq is that its value depends on the number of points
in the sampling plan. This makes it difficult to compare the quality of sampling plans with
different sample sizes. To address this, [3] proposed a size-invariant version of the criterion,
Φ∗

q . Multi-objective optimization can also use Φ∗
q as an additional criterion [3].

Initial investigations such as Bossek et al. [5] suggest a correlation between the so-called
L∞ star discrepancy of the initial design and the quality of the best found solution. However,
the size and structure of the best initial design depend to a large extent on the problem’s
structure, and we have only a very weak understanding of which problem characteristics are
most decisive for the most suitable design.

An alternative approach identifies the role of the initial design in learning good model
hyperparameters and observes that typical space-filling designs may not be optimal for this
purpose. For example, it will not be possible to learn short length scales if all points in
the initial design are far apart, and a traditional algorithm will have to discover this “by
accident” during the sequential phase. This is not to suggest that the space-filling properties
are to be completely discarded,d though, since in the presence of large model-mismatch
between the black-box function and its GP surrogate, points from the initial design can
provide good local corrections to what might otherwise be an overconfident model. One
work in this area is the development of a hybrid Latin Hypercube design for which the
pairwise distances between points approximately follow a beta distribution [31]. Another
recent proposal [11] uses a specific linear combination of two acquisition functions from active
learning: BALD [9, 14], which maximizes mutual information between the proposed sample
and the GP hyperparameters, and EPIG [4], which minimizes the conditional entropy of the
GP given the proposed sample in expectation over the input space.

5.1.3 Optimizing the acquisition function

Most Bayesian optimization strategies require solving an inner optimization problem – the
optimization of an acquisition function α:

xnext ∈ arg max
x∈X

α(x)

Although most acquisition functions have a known form and are amenable to gradient-based
optimizers such as L-BFGS-B, the acquisition landscape often becomes highly multimodal as
the number of observations grows. While evaluating α on a discrete set of points is effective
in lower dimensions, the acquisition function optimization becomes non-trivial in higher
dimensions and requires, at a minimum, a multi-start strategy to address the multimodality
of the function surface [29]. Another issue that can already arise for problems of moderate
dimensionality is vanishing gradients of the acquisition function. Numerically more stable
variants of popular acquisition functions help reduce the severity of this issue [1]. Still,
for sufficiently high-dimensional problems, even these numerically more stable acquisition
functions fall short in providing sufficient gradient signal, and vanishing gradients remain a
challenge when maximizing α [21].

To alleviate the difficulties arising in high-dimensional Bayesian optimization, several
works focus the search on regions around promising points [23, 6, 28, 22]. Since most
acquisition functions are not flat around previously observed points, focusing the search to
regions around previously well-performing points reduces the risk of vanishing gradients and
is likely to yield points of high acquisition value [1]. The TuRBO algorithm [6] implements
such a strategy for Thompson sampling (TS). Interestingly, TS does not suffer from vanishing
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gradients as it simply searches for the maximum or minimum of a Gaussian process (GP)
sample path. However, TS is overly explorative in high dimensions [20], a behavior [6]
counterbalance by enforcing locality: Starting from the incumbent observation, TuRBO creates
a dense grid of candidate points obtained from a GP sample path. To enforce locality, TuRBO
keeps the values of the incumbent point for 1 − min

(
1, 20

d

)
randomly chosen dimensions,

essentially only perturbing a subset of the dimensions for problems with more than 20
dimensions. Here, d is the dimensionality of the search space X . By perturbing only a subset
of the dimensions, candidate points remain close to the incumbent observation. Following
up on that idea, [22] drop the requirement of the axis-alignment of the perturbation and
propose a perturbation strategy that ensures candidate points remain within a certain radius
of incumbent points.

The spotoptim package [2] implements a multi-objective infill strategy that uses desirab-
ility [15] to determine the next point [3]. Multiple criteria can be combined; for example,
space-fillingness can be computed using the Morris-Mitchell criterion [19]. However, prelim-
inary results indicate that space-fillingness should be used with caution, as it may push infill
points too far from promising regions that have already been evaluated.

The aforementioned strategies focus on subregions of the space, mostly sacrificing global
optimization unless a high number of function observations can be afforded. However, for
a multi-start acquisition function optimization approach, one may use these strategies to
augment the set of starting points with local candidates [21]. Combining global and local
samples is a seemingly safe strategy, as the starting points are chosen among all samples.
In fact, BoTorch implements such a strategy with the sample_around_best option, but
does not enable it by default. Furthermore, BoTorch does not even choose the points of
maximum initial acquisition value to start the gradient-based optimization, but performs
Boltzmann sampling of starting points according to their initial acquisition value to ensure
asymptotically space-filling behavior [1]. Arguably, the motivation for this design choice is
that strictly maximizing the acquisition function may not be the best idea, an idea that has
also been stated explicitly within the community [7]. Although, to the best of our knowledge,
no works explicitly outline the conditions for this to be fulfilled, various works follow inexact
acquisition function maximization schemes – often motivated by reduced computational
effort. Delaunay triangulation and Voronoi tessellation leverage empirical observations of the
behavior of the acquisition function to select points of high expected acquisition value [8, 8].
Additionally, [13] argue that random grid search may be sufficient for acquisition function
optimization.

Despite the numerous strategies to optimize the acquisition function, no clear best strategy
has been identified yet, and further research is required.

5.1.4 Outlook

Despite widespread use of Bayesian optimization, the underlying design principles for acquis-
ition strategies are only beginning to be understood, particularly regarding how they should
adapt to problem structure, dimensionality, and resource constraints. This is both from an
empirical and a theoretical perspective, following other, more basic advances in Bayesian
optimization, which have made tackling harder problem classes with structure possible.
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5.2.1 Introduction

Many scientific, engineering, and machine learning problems require making critical decisions
under strict resource constraints. In such settings, directly evaluating the performance metric
of interest – through large-scale model training, high-resolution simulations, or physical
experiments – is often prohibitively expensive. As a result, practitioners rely on a collection of
cheaper approximations, such as simplified models, coarse simulations, or proxy experiments,
which differ in accuracy, uncertainty, and cost. These approximations are commonly referred
to as fidelities.

More recently, a growing body of work has demonstrated that performance in complex
systems often follows regular, predictable patterns as a function of key resource-controlling
variables, such as model size, data size, resolution, or experimental scale. These relationships,
commonly referred to as scaling laws, provide models that extrapolate performance beyond
observed regimes and enable informed decision making about how to allocate resources.
While scaling laws have been most prominently studied in the context of large language
model pretraining, similar ideas arise naturally in other domains like computational fluid
dynamics.

Multi-fidelity methods exploit the availability of multiple information sources with varying
querying costs, while scaling laws provide structured models that describe how performance
evolves as fidelity or resource levels change. When combined within a Bayesian framework,
scaling laws can serve as informative priors or mean functions, while multi-fidelity surrogate
models capture deviations, uncertainty, and correlations across fidelities. Crucially, this
combination enables the design of more efficient acquisition functions that explicitly trade
off cost, uncertainty reduction, and extrapolation to high-fidelity regimes. Arguably, scaling
laws are indispensable when high fidelity evaluations are extremely time-consuming and/or
costly, and available computing budget can typically support 1 high fidelity evaluation (up
to 5 evaluations).

The central goal of this working group is to explore scaling-laws and multi-fidelity Bayesian
optimization to predict performance and guide data collection. This includes developing
probabilistic models for scaling behavior, quantifying uncertainty in extrapolation, and
designing acquisition strategies that actively select which designs, fidelities, and resource
levels to evaluate next. Such strategies move beyond naive grid searches or uniform sampling,
enabling principled exploration of large design spaces under tight budgets.
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We begin by formalizing a general multi-fidelity optimization problem in which design
variables and fidelity levels are treated as joint decision variables under a global budget
constraint. We then examine several application domains, including scaling laws for large lan-
guage model pretraining, computational fluid dynamics simulations, and chemical engineering.
These case studies illustrate how scaling laws and multi-fidelity structure manifest differently
across domains, yet can be unified under a common Bayesian optimization perspective.

5.2.2 Problem Statement

Let X denote the design space, which may be continuous (X ⊆ Rd) or discrete/finite. Let
W denote the fidelity space, which may likewise be continuous (W ⊆ Rp) or discrete (e.g.,
{1, . . . , M}). We consider an unknown response function

h : X ×W → R.

where an evaluation at a design–fidelity pair (x, w) ∈ X ×W produces an observation

y = h(x, w),

In some settings, such as deterministic simulations, evaluations may be effectively noise-free.
In others, including stochastic simulations or physical experiments, it is common to assume
additive noise, y = h(x, w) + εw, where εw is a random noise term whose distribution and
variance may depend on the fidelity level w.

Given a target fidelity w⋆ ∈ W is specified – corresponding to the most accurate and
most expensive evaluation – we aim to identify a design that maximizes the performance,

x⋆ ∈ arg max
x∈X

h(x, w⋆).

We assume access to a total budget B > 0, representing a limited resource such as time,
monetary cost, computational effort, or experimental capacity. This budget may be allocated
sequentially over rounds t = 1, 2, . . . , T . At each round, the algorithm selects a design–fidelity
pair (xt, wt), observes yt, and incurs a cost c(xt, wt), subject to the constraint

T∑
t=1

c(xt, wt) ≤ B.

After consuming the budget, the algorithm returns a recommended design xr, intended
to achieve high performance at the target fidelity, i.e., a large value of h(xr, w⋆).

5.2.3 Application: Scaling Laws for LLM pretraining

Scaling laws are used widely in pretraining generative model, such as LLM, to make high-
stakes decisions, for example, which model size, which data size, which hyperparameters,
etc.. Current practice is to run large grid searches across model and data scales as well
as hyperparameters for each of these, and then fit a parametric law. This is likely highly
inefficient since large amounts of the data collected may not be very relevant to improving
the fit of the parametric law. Furthermore, the scaling law approaches in the literature
(and in practice) typically do not take into account uncertainty. We believe that there is a
large opportunity to improve the estimation of scaling laws by using Bayesian techniques
(modeling as well as optimization / active learning).



J. Branke, F. Hutter, G. Pedrielli, M. Poloczek, and L. Papenmeier 21

There are multiple aspects to this problem, the primary ones are surrogate modeling for
the scaling behavior, and the acquisition strategy for adaptively choosing which models to
train on which data under which hyperparameter settings. Both modeling and acquisition
strategies will depend on the specific goal we are trying to achieve downstream. In the
following, we consider a particular, popular scaling law and propose a GP-based modeling
approach for it. We plan to evaluate this proposed model on publicly available data sets.

5.2.3.1 An Example Scaling Law

The well-known Chinchilla Scaling Law [1] models the validation loss of a transformer model
by L(D, N) = E + A

Nα + B
Dβ where N specifies the number of parameter and D the number

of token. To estimate the parameters E, A, B, α, β, it is common to use a predefined grid of
different N, D with optimal learning rates LR and batch sizes BS. To estimate the optimal
hyperparameters (incl. LR and BS), they need to evaluate another gird search for each
N, D pair. This is potentially quite wasteful, and we suggest to instead employ Bayesian
modeling together with an active learning strategy to explore the joint space of model size,
data size, and hyperparameters.

Specifically, we aim to model the validation loss L(x) with x = (D, N, LR, BS) to also
include hyperparameters LR and BS in addition to token (D) and parameter (N) count.
This has two key advantages:
1. We hypothesize that leveraging additional data points (all parameter settings rather than

just the optimal one) improves the predictive quality of the model.
2. The ability to predict the loss not only as a function of the number of tokens D and

parameters N but also for the hyperparameters will enable us to predict the optimal
hyperparameter settings for large D and N – a key decision one needs to make for training
the full model, and often shifts with increasing D and N .

Using a probabilistic model of this behavior will enable uncertainty quantification, which
generally is very useful for decision making (esp. given the costs of the training jobs involved)
and, also be leveraged in a principled active learning approach to efficiently estimate the
parameters of the scaling law.

We assume:

L(x)|f(x), θ ∼ N (f(x), σ2) (1)

f(x)|θ ∼ GP (mθm
(x), kθk

(x, ·)) (2)

where:

mθm
(x) = mθm

(N, D) = E + A

Nα
+ B

Dβ
(3)

is the prior mean function with parameters θm = (E, A, B, α, β) and kθk
is the kernel function

with θk the kernel hyperparameters (incl. lengthscales, etc.).
Given a data set X , we can now fit the parameters θ = (θm, θk) using maximum likelihood

optimization (we could also use other inference approaches such as fully Bayesian / MCMC).

5.2.3.2 Selective selection of hyperparameter configurations

We use Bayesian active learning by disagreement (BALD) [2], which is equivalent to the
expected information gain, to sample the hyperparameter configurations to evaluate:

UBALD(x) = H [L(x)|D]− Ep(θ|D)H [L(x)|θ)] (4)

= H
[
Ep(θ|D)L(x)|θ,D

]
− Ep(θ|D)H [L(x)|θ] (5)
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where D = {(xi,Li}n
i=1. Note that p(L(x)|θ,D) is the predictive posterior Gaussian process

and p(L(x)|θ) is the marginal likelihood, both of which are analytically tractable (and have
a Gaussian form).

A somewhat simpler approach would be to adopt a Bayesian query by committee approach.

UBQC(x) = Vp(θ|D) [µθ(x)− µ̄θ(x)|θ] = Ep(θ|D)

[
(µθ(x)− µ̄θ(x))2 |θ

]
(6)

where µθ(x) is the predictive posterior Gaussian process mean and µ̄θ(x) = Ep(θ|D) [µθ(x)].
In addition, we want to penalize cost. We adopt the approximate cost c(N, D) = 6ND [3],

such that

Uc(x) = U(x)
c(x) . (7)

How to approximate the marginal posterior p(θ|D)? The challenge with the active
selection of the hyperparameter configurations is that the posterior p(θ|D) is analytically
untractable. One strategy is to approximate it via variational inference: q(θ) ≈ p(θ|D). The
expectations appearing in the acquisition functions can then be computed by Monte Carlo
integration by sampling from q(θ).

5.2.3.3 Data

We identified the following published data sources as potential candidates for evaluating our
modeling approach:
1. Porian et al. [4] provides the validation loss for various pre-trained language models across

an increasing N and D trained with a fixed grid of learning rates and batch sizes.
2. Nezhurina et al. [5] provides data to derive scaling laws for language-vision models.

In addition, ongoing work by some of the authors on training dense transformers on
language data using µP parameterization will provide additional data points.

A preliminary investigation of the data sets can be found in the following Colab notebook:
https://colab.research.google.com/drive/1XPEaJ3az8DhwEa6grkKYy0pUjfi0XjqX

Initial observations from literature and experiments on large language/vision models
show consistent scaling behavior with model size, data size, and compute costs. The novelty
and challenge of this problem stem from the need for strict extrapolation: at larger scales,
both optimal hyperparameters and loss values fall outside the ranges observed in training
data. Additionally, the parameter space is sparsely sampled across all dimensions – data (D),
model size (N), and hyperparameters (LR, BS, etc.) – due to high computational costs and
non-systematic exploration strategies used in data collection.

5.2.4 Applications

5.2.4.1 LLMs

Scaling laws are an important tool for (pre-)training LLMs, as they allow performance to be
extrapolated and enable informed decisions about the hyperparameters of the final model.
However, accumulating the data needed to fit these scaling laws is a manual, multi-step
process that requires human expertise.

The approach presented here would automate this process and reduce the overall compu-
tational cost. This would be particularly appealing to smaller or academic labs that do not
have access to large amounts of computational resources, as it would enable them to more
thoroughly compare different architectures or datasets and ensure sensible scaling.

https://colab.research.google.com/drive/1XPEaJ3az8DhwEa6grkKYy0pUjfi0XjqX
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5.2.4.2 CFD simulations

Computational Fluid Dynamics (CFD) is a domain in which scaling-law multifidelity modeling
may be applicable. In CFD applications, the fidelity can often be controlled continuously
through physically meaningful parameters such as mesh resolution, time-step size, or solver
accuracy. As these fidelity controls are refined, such as refining the mesh or tightening
solver tolerances, the simulation fidelity tends to produce more reliable information, but
at an increasing computational cost. Because this accuracy–cost trade-off follows regular
patterns, coarse simulations can often be used to guide how high-fidelity simulations should
be performed. In this setting, scaling laws (whether derived analytically, empirically, or
learned probabilistically) can play a central role in guiding multifidelity Bayesian optimization
by predicting how the solution error and uncertainty decay with increasing fidelity.

In engineering (e.g., CFD), scaling laws can be constructed for multi-fidelity objective
functions (i.e., end-to-end or black-box approaches, or, alternatively, considering multi-fidelity
mesh sizes (indirectly defining the objective function, i.e., a grey-box approach).

We propose to study these relationships using the MegaFlow2D dataset and reactor
benchmark1. This dataset provides CFD simulations at multiple resolutions but does not
include a specific downstream objective. It is well-suited for exploring super-resolution and
multifidelity modeling approaches.

5.2.4.3 Chemistry & Chemical Engineering

Scale-up is a consistent challenge in industrial chemistry and chemical engineering: we want
to move from (i) cheap computer simulations to (ii) expensive computer simulations to
(iii) cheap experiments on a lab bench to (iv) more expensive experiments on a lab bench to
(v) experiments in a pilot plant to (vi) experiments at scale. At each of these levels, we have
data on all previous levels and wish to move to the next level. The number of experiments at
the coarser level(s) will be large compared to the number of experiments at the finer levels.

Unless there are computer simulations in the chemical engineering examples that obey
known and exploitable scaling laws, scaling-law approaches are less applicable to this class
of applications. Instead, fidelity levels are best viewed as categorical experimental or
computational modalities, such as laboratory-scale experiments versus pilot-scale studies.

Therefore, while scaling laws are less relevant to the chemistry and chemical engineering
examples, there are additional considerations that need to be incorporated:

The input space is highly constrained because not every molecule is synthesizable,
Each of the fidelities in the output space are subject to uncertainty, these are typically
notated in chemistry experiments as the different results for different replicas.

The three examples we have already integrated into our Google Colab document consist on:
Battery design [6] represents experiments aimed at optimizing electrode materials for
lithium-ion batteries by leveraging measurements obtained at different experimental
fidelities. The variables dop1–dop4 correspond to controllable electrode design parameters,
that represent dopant concentrations in high-nickel cathode materials, which define a
specific candidate electrode formulation. Each experiment is conducted at a fidelity level
indicated by W, where lower fidelities represent cheaper and faster proxy experiments, most
notably coin-cell tests or shortened testing protocols, while higher fidelities correspond to

1 https://github.com/trsav/reactor_benchmark – The reactor benchmark is provided by Imperial
college. Currently, contacts have been established to investigate possible collaboration.
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more expensive, time-consuming, and industrially relevant experiments, such as pouch-cell
testing that better reflects real battery performance. The output variable Y measures
the specific capacity (electrochemically accessible charge per unit mass) at the chosen
fidelity and is the variable to be maximized.
Covalent organic frameworks [7, 8] represents a materials discovery problem over a fixed,
finite set of 609 experimentally reported covalent organic frameworks (COFs), where each
candidate material is represented by a 14-dimensional continuous feature vector derived
from its crystal structure and composition. These 14 features encode physically meaningful
properties of each COF that are known to influence gas adsorption behavior. The variable
W denotes the simulation fidelity level used to evaluate a given COF: a low-fidelity Monte
Carlo integration to compute Xe and Kr Henry coefficients under the dilute approximation
(15 min runtime), or a high-fidelity Markov-chain Monte Carlo simulation of the binary
grand-canonical ensemble that explicitly models competitive Xe/Kr adsorption (230 min
runtime). The response variable Y is the simulated xenon/krypton adsorptive selectivity
at room temperature, which quantifies how preferentially a COF adsorbs Xe over Kr.
Molecule polarizability [8, 9] consists of 1,134 organic molecules, each represented by a
vector of molecular descriptors that capture structural and chemical features such as atom
types, bonding patterns, and functional groups. Following the authors’ methodology, these
high-dimensional descriptors are reduced to a 10-dimensional continuous representation
using principal component analysis. The variable W denotes the fidelity level of the
polarizability measurement, where the low-fidelity data corresponds to polarizability
computed at the Hartree–Fock 6-31G+ level of theory, which is relatively inexpensive,
while the high-fidelity data corresponds to experimentally measured polarizability. The
response variable Y is the molecular polarizability itself. The dataset is structured to
support multi-fidelity Bayesian optimization, with the objective of identifying molecules
that maximize experimental polarizability.
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5.3.1 Introduction

This is the report of the working group on Human-In-the-Loop (HITL) Bayesian Optimization
which was part of the Dagstuhl Seminar on Bayesian Optimization. We started by collecting
and categorizing different ways in which humans can interact with Bayesian Optimization
(BO). These modes of interaction include: providing prior knowledge, by interacting with the
algorithm during optimization, or after optimization, when picking or fine-tuning solutions or
asking for explanations. Section 5.3.2 summarizes what we found. Later, we focused on two
particular aspects: explainability, which is discussed in Section 5.3.3 and bounding future
improvements or deciding when to stop – initial results of which are set out in Section 5.3.4.

5.3.2 Human-in-the-loop Optimization

In most optimization scenarios, the HITL provides a priori information about the problem in
the form of a proper problem formulation, including objective function(s), decision variables
and constraints. However, there can also be additional information that the HITL may
provide, such as expert or domain knowledge about possible future scenarios, the location
within the search space where good solutions are believed to be, or some already evaluated
initial solutions, e.g., from historical observations.

Interactively, the HITL may propose promising solutions (i.e., taking the role of the acquis-
ition function), add or remove constraints, modify the objective, modify the explore/exploit
balance, or decide when they are satisfied with the solution and want to stop. For example,
in [39], the HITL can provide advice on the next query point through binary accept/reject
recommendations.
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Preferential BO [15, 31] assumes that it is not possible to formulate a quantifiable objective
function; instead, one must rely entirely on the HITL to guide the optimization. Pairwise BO
interacts with the HITL by repeatedly asking the HITL which of two solutions is preferred.
The goal of the acquisition function is then to pick the most informative pair of solutions to
show to the HITL. Preferences can also be stated as rankings when the HITL is capable of
simultaneously considering more than two solutions. A very interesting recent development
in this area is the use of LLMs to interact with the HITL; this may allow the BO to elicit, in
a very natural way, more complex preference information than just which of two solutions is
better [24, 23].

After optimization, the HITL may ask for a better understanding of the solution, such as
how far the solution might be from the optimum, how robust the solution is, which decision
variables are the most influential, or under what circumstances another solution would be
better. Section 5.3.3 will look more closely into this latter aspect.

5.3.2.1 Multiobjective Bayesian Optimization

A special case of HITL BO is the case of multi-objective optimization. In the case of multiple
objectives, there is usually not a single solution best in all the objectives, but there are several
Pareto-optimal solutions with different trade-offs. Therefore, in multi-objective BO, a HITL
has to be involved at some point in order to identify the most preferred of the Pareto-optimal
solutions. The definition of the selected “optimal” solution is subjective and depends on the
goals of the HITL. Preference elicitation can be done a priori, i.e., before the optimization,
interactively during the optimization, or a posteriori, after optimization by the HITL picking
the most preferred solution from the set of Pareto-optimal solutions.

Progress in this area has evolved from multiple relatively independent research streams.
Despite the shared goal of aiding decision-making for the HITL, these research directions have
historically evolved in isolation, with contributions spanning multiple fields. For example:

Analytical methods, including (multi-attribute) utility theory (e.g., [28, 34, 1]);
Heuristic optimization approaches, especially evolutionary algorithms (e.g., [7, 8, 38]);
and
Bayesian optimization frameworks (e.g., [32, 15, 6, 2]).

Recent efforts to bridge the research through hybrid or integrative approaches are
promising, but remain scarce and face several unresolved challenges:

Type of Preference Information. Human–algorithm interaction can yield diverse forms of
preference data, including:

weights or priority levels assigned to objectives,
partial or complete rankings of candidate solutions,
pairwise comparisons between alternatives,
specification of aspiration levels or desired improvement directions (which may e.g. relate
to the performance of existing designs),
upper or lower bounds on objective values.

However, the amount and quality of preference information that can be reliably extracted
from the Decision Maker (DM) are difficult, especially considering that the ultimate ob-
jective is to select the most preferred solution from a relatively small “menu” of diverse
options that are all high-performing, independently of the characteristics of the problem (e.g.,
dimensionality, convexity, stochasticity, etc.). Excessive interaction or cognitive demand
may induce biases, inconsistencies, and decision fatigue [3]. Moreover, the informativeness
and interaction cost of different preference types may vary across optimization stages, yet
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systematic guidance on this aspect is lacking. Most existing preference models are parametric,
requiring parameter estimation from limited human feedback [9], which introduces additional
sources of computational complexity (and uncertainty).

Frequency and Timing of Interaction. Determining when and how often to engage the
HITL remains an open problem. Frequent interactions can lead to inconsistency or transitivity
violations (e.g., preferring A over B, B over C, but C over A), whereas infrequent interactions
may yield insufficient information and inefficient search behavior [29]. Adaptive interaction
strategies that balance informativeness and cognitive load are therefore an important research
frontier.

Imperfect and Noisy Feedback. Many existing studies assume that human-provided
information is accurate and consistent. In reality, human responses are subject to uncertainty,
hesitation, and contextual variability. Modeling and propagating this uncertainty within the
optimization process – rather than neglecting it – is crucial for realistic HITL systems [5].

Heterogeneity of Decision Makers. Decision makers differ in their attitudes toward risk,
prior knowledge, and cognitive strategies. For instance, risk-averse, risk-neutral, and risk-
seeking individuals may exhibit fundamentally different preference structures [16]. Capturing
such heterogeneity in a generalizable manner remains challenging, as fully characterizing
individual decision models is infeasible without imposing strong assumptions.

Decisions under Uncertainty. The integration of preference learning with stochastic or
uncertain optimization remains underexplored relative to deterministic formulations. While
utility theory approaches have modeled exogenous uncertainty (arising from environmental
variability) [16], Bayesian optimization methods often address endogenous uncertainty (stem-
ming from model or observation noise) [6]. Developing frameworks that jointly account for
both uncertainty sources represents a promising but demanding direction for future research
[20, 35].

Performance Evaluation and Benchmarking. The evaluation of human-in-the-loop optimiz-
ation algorithms remains a nascent research area. Traditional performance metrics – typically
based on the quantitative assessment of the Pareto front in deterministic problems (e.g., regret
or hypervolume) – are inadequate for interactive or stochastic contexts. Emerging studies
propose benchmark problems with known solutions [3, 4], but standardized methodologies
for evaluating interactive and preference-based optimization remain largely undeveloped.

5.3.3 Problem formulation: Explainability in HITL-BO

A critical component of a successful HITL system is explainability. A lack of transparency
can cause the user to lose trust in the system. For example: the system solves an optimization
problem and finds the best solution x∗ based on the current model parameters, θ0:

x∗ = arg max
x

f(x, θ0). (8)

The HITL is unsatisfied and asks: “Why did you not select x′?”. Similar to counterfactual
explanations in machine learning and following [13], we aim to explain the decision by
answering the question: “In what alternative context θ′ would the solution expected by the
HITL be optimal, or better than the solution found by BO under θ0?”.

The proposed solution is to find the smallest change to the preference parameters θ0 that
would make x′ a “good” choice. We have explored several mathematical formulations for the
problem in the context of BO. We aim to find a new set of parameters θ′ that is minimally
distant from the original parameters θ0, as measured by a distance function d(θ′, θ0).
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Dividing the decision variables into two sub-groups x = (a, b) where a ∈ Rm1 , b ∈ Rm2

and x ∈ Rm1+m2 , we distinguish the following two cases.
Case 1: x′ is a complete alternative solution.
Case 2: The HITL only specifies a partial solution a′, essentially asking the question “Why

does the optimal solution not use a′?”.

5.3.3.1 Explaining why the HITL proposal is inferior

In Case 1, one way to convince the HITL that the identified optimal solution x∗ is superior,
is to simply compute f(x′, θ0) and show that f(x′, θ0) < f(x∗, θ0). If the HITL has only
specified a partial solution a′ as in Case 2, then one would have to demonstrate that even
the best x = (a′, b) would be worse, i.e., maxb f(a′, b, θ0) < f(x∗, θ0). This is straightforward
to do with BO.

5.3.3.2 Finding a context where the HITL proposal is better

In Case 1, this approach finds the closest possible context (the θ′ with the minimum distance
d(θ′, θ0)) where the user’s choice x′ would score higher than the system’s original choice x∗.

θ′ = arg min
θ

d(θ, θ0) s.t. f(x′, θ) ≥ f(x∗, θ). (9)

Figure 1 illustrates the situation. At θ0, the function for x∗ (blue line) is higher than for
x′ (black line). The algorithm finds the closest θ′ where the blue line is higher than or equal
to the black line.

Figure 1 Blue line illustrates f(x∗, θ), black line illustrates f(x′, θ).

In BO, this can be achieved as follows. First, the goal would be to find a solution
where f(x′, θ) > f(x∗, θ) (if we cannot find one, we can inform the HITL that the proposed
x′ is worse under any possible context θ). This can simply be achieved by maximizing
f(x′, θ) − f(x∗, θ) over θ, e.g., with expected improvement. Note that every sample for
this problem requires the evaluation of two solutions, (x′, θ) and (x∗, θ). Using Knowledge
Gradient or Entropy Search, this could also be tackled by allowing only one of the solutions
x′ or x∗ to be evaluated in each iteration.
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Once a θ has been found, the goal changes to finding the closest θ, i.e., we search for
a reduction in distance subject to still ensuring f(x′, θ) > f(x∗, θ). A possible acquisition
function for this could be an adapted form of constrained EI:

α(θ) = (d(θ′, θ∗)− d(θ, θ∗))P(f(x′, θ) > f(x∗, θ)) (10)

with θ′ being the best θ found so far and P(.) being the probability that the suggested
solution is better under model parameters θ.

Case 2 is a bit more complicated, as it would only fix a partial solution a′, while allowing
other variables, namely b, to vary. So, the problem becomes

min d(θ, θ0) s.t. max
b

f((a′, b), θ) ≥ f(x∗, θ). (11)

This can still be solved using a similar two-phase approach as above, first identifying
any θ that satisfies the constraint by optimising over both, θ and b, then aiming to find a
better θ. Note, however, that when varying b for a previously evaluated θ, only f(a′, b, θ)
needs to be evaluated. This could be taken into account by multiplying the EI value for
those points by two.

5.3.3.3 Find a context where the HITL proposal is (close to) optimal

For Case 1, this approach seeks the closest context θ′ where x′ is not just better than x∗, but
is “close to optimal”. This means its value is within a small margin ϵ of the true maximum
value achievable in that new scenario:

θ′ = arg min
θ

d(θ, θ0) | f(x′, θ) ≥ (1− ϵ) max
x

f(x, θ). (12)

This answers the question, “What is the smallest change in input parameters that would
make x′ a genuinely good solution (e.g., within 1% of the best possible function value)?”, see
Figure 2.

This is a bi-level optimisation problem – optimising θ subject to x being optimal, and is
thus difficult to solve. For some BO approaches to bi-level problems see [12, 10].

Figure 2 no caption

Case 2 is even more complicate, involving a maximisation on each side of the constraint:

θ′ = arg min
θ

d(θ, θ0) s.t. max
b

f((a′, b), θ) ≥ (1− ϵ) max
x

f(x, θ). (13)

5.3.3.4 An Entropy Search Approach for Case 1

We observe that if we had access to the blackbox, i.e., f(·, ·), we could directly answer all
questions regarding the problem of interest. However, our knowledge about f(·, ·) is only
partial, as a result of solving the optimization problem in (8). Ideally, what we would like
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to do is to collect data efficiently, to provide an answer to the question, given Case 1. This
involves evaluating the black box at new candidate locations f(xnew, θnew). However, since
evaluating f is expensive, we would like to choose carefully these new evaluations. This is
challenging, since providing an answer to the question corresponding to Case 1 is not exactly
optimizing f .

In this section we describe how entropy search (ES) [33, 17, 19] can be used to address
Case 1, described above. A nice feature of ES is that it can be easily adapted to aim
at reducing the uncertainty about some particular feature of the objective, which need
not be related to the optimum. This contrasts with most acquisition functions from the
BO literature, which are particular designed to find the global optimum and may require
complicated tweaking to address other goals (e.g, EI may require to perform two evaluations at
each iteration, as described above). To our knowledge, ES has not been used to counterfactual
analysis in the context of BO.

To address Case 1, we may define a random variable that represents the answer to the
question posed. Namely,

ω ≡
{

1 if there is a θ for which x′ is optimal.
0 otherwise. (14)

Since there is a probabilistic model for f , the black-box function, this induces a probability
distribution for ω, as illustrated in Figure 3.

Figure 3 Graphical illustration of the process of generating samples of ω. Note that we have
illustrated the dependence of f with respect to θ as an extra axis.

Ideally, we would like to reduce our uncertainty about the potential values of ω, which
directly translates into reducing or uncertainty about the potential answer, under Case 1.
The idea is that if the entropy of ω is large, we are far from answering the question, and
if the entropy of ω is small, we are close to answering the question. This is illustrated in
Figure 4.

Therefore, with the goal of reducing the entropy of ω, we can define the following
acquisition function:

α(x, θ) = (H[ω|D]− Ey[H[ω|D ∪ {x, θ, y}]])/d(θ, θ0) , (15)
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Figure 4 Graphical illustration of two distributions for ω. One with high and one with low
entropy.

where H[·] denotes differential entropy, D are the data collected so far, the expectation is
with respect to the predictive distribution of the probabilistic model, and d(θ, θ0) is the
distance to θ0. Thus, we simply favor choosing points that reduce the most the entropy of ω

in expectation, while preferring evaluations that are close to θ0.
Of course, evaluating (15) is very challenging. However, we can use use that such an

expression is simply the mutual information between y and ω [19]. Namely, I(y; ω). Since
the mutual information is symmetric, we can swap the variables y and ω, resulting in the
following equivalent expression to (15):

α(x, θ) = (H[y|D]− Eω[H[y|D, ω]])/d(θ, θ0) , (16)

which now involves the entropy of the unconditional predictive distribution, H[y|D], an
expectation with respect to ω, and the entropy of the conditional predictive distribution,
H[y|D, ω], given ω. The first term is easy to compute, the expectation can be approximated
via Monte Carlo, simply by sampling ω, and H[y|D, ω] must be approximated.

Computing H[y|D] is straight-forward. To sample ω, we can generate samples of the
black-box function, and check whether ω takes values 1 or 0 under that sample. The
conditional predictive distribution whose entropy, H[y|D, ω], needs to be computed, requires
approximation. Note that this depends on the predictive distribution given the sampled
value for ω. Thus, we have to constrain the predictive distribution of the probabilistic model
to be compatible with ω. This may be, in principle, done simply by incorporating extra
likelihood factors that enforce that:

there is a θ, for which x′ is optimal, if ω = 1,
there is not a θ for which x′ is optimal, if ω = 0,

as it is done in standard predictive entropy search [19]. Depending on the probabilistic model,
it can be the case that these factors must be approximated with Gaussians. Similar factors
have been used in the context of multi-objective optimization [18].

Of course, there are some challenges to address, like a large number of samples have to
be generated to ensure that ω takes values 1. Thus, we may relax that ω ∈ {0, 1} and simply
let ω ∈ [0, 1] [11]. In this case, ω will simply give an intuitive idea about how close x′ is to
being optimal. Ideally, we should also try to use the already observed data D collected when
solving problem (8). Therefore, we may want to impose strong correlations with respect to θ.

5.3.4 A Metric to Quantify the Expected Improvement of the Recommended
Solution w.r.t. the Preferences of the HITL

In Bayesian optimization, determining when to stop the algorithm is crucial because the
process is inherently expensive, often involving costly evaluations of the objective. Continuing
indefinitely can lead to diminishing returns, where additional evaluations provide negligible
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improvement in the solution while consuming significant resources. A well-defined stopping
criterion ensures efficiency and prevents over-exploration. Moreover, stopping at the right
time balances exploration and exploitation, avoiding unnecessary sampling in regions unlikely
to yield better results, and thus optimizes resource allocation.

Stopping has been a concern in Bayesian optimization for a considerable time, though
mainly in a non-HITL context. As e.g. set out in the recent textbook in the area by [14],
from decision theory the time to stop is when the expected gain from the optimal observation
exceeds the cost of acquisition (note that practically this requires an accurate utility function
representing the decision maker preferences, a well-calibrated predictive model of f() and an
accurate model of the mapping from each solution to its evaluation cost). Early works such
as by [22] discuss stopping once EI yields a value lower than a certain threshold in terms
of the best value seen so far (1%, or 0.01 on the log scale). More recent work has explored
this in terms of regret for EI over the best-observed value so far [30]. Using combinations of
acquisition functions have also been explored: [26] proposed using EI to determine query
points, but applies a threshold on the probability of improvement of the proposed sample
to decide when to stop. [27] derives an upper bound for the simple regret (assuming a
well-calibrated Gaussian process model), and utilizes this with a threshold for stopping
hyperparameter optimization (recommending the threshold is of a similar magnitude as the
statistical error of the empirical estimator in order for it to be useful in practice). Recent work
by [25] relies on tracking information in a historical window of queried data and optimization
is stopped if (i) these data all lie within a convex hull and (ii) local regret in this region falls
below some preset threshold. All these approaches do require the user to determine one (or
more) termination thresholds a priori.2 As discussed (along with many other approaches)
in [14], stopping may also be prompted by achieving some desired target function value (as
distinct from seeking the best possible performing solution under f()). Garnett also notes
that “In many cases, the time of termination may in fact not be under the control of the
optimization routine at all but instead decided by an external agent.”.

We intuitively defined a metric that measures what is the expected gain in the objective
if we keep evaluating the objective. For this, one only has to consider the knowledge about
the objective provided by the probabilistic model. For simplicity, consider the noiseless
evaluation setting, and let γ be the best observation so far. We can define a global expected
improvement (GlobalEI) metric that estimates the expected improvement in the objective by
performing as many evaluations as needed to obtain the objective’s global optimum:

GlobalEI = Ef(x⋆)[f(x⋆)− γ] , (17)

where the expectation is with respect to the distribution of the global optimum, assuming
maximization. Of course, the evaluation of (17) is intractable. However, the expectation
can be approximated by Monte Carlo, simply by generating sample functions from the
probabilistic model, which can then be optimized very cheaply. Figure 5 and 6 compare
this metric with expected improvement and regret, showing that GlobalEI provides more
reasonable estimates than EI of how close we are to solving the optimization problem. In
Figure 6, the model hyper-parameters (the model is a GP) are fixed to the optimal ones.
Thus, there should be no model bias. We speculate that the differences between the GlobalEI
and regret are due to sub-optimal optimization when computing GlobalEI using samples
from the GP.

2 In a number of these works a naive baseline heuristic of stopping once the best found has not improved
for a certain (user defined) number of queries is also compared.
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Figure 5 Comparison, on an 8-dimensional synthetic problem, where the objective is sampled from
a GP, of (left) regret, expected improvement at the candidate location (center), and the proposed
Global EI metric (right). We observe that Global EI does a better job than EI at estimating how
far we are from solving the optimization problem. However, both metrics seem to be too optimistic
in this case. Model hyper-parameters are estimated from the observed data and not set to optimal
values. We report average results over 25 repetitions.
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Figure 6 Comparison, on an 8-dimensional synthetic problem, where the objective is sampled from
a GP, of (left) regret, expected improvement at the candidate location (center), and the proposed
Global EI metric (right). We observe that Global EI does a better job than EI at estimating how
far we are from solving the optimization problem. However, both metrics seem to be too optimistic
in this case. Model hyper-parameters are fixed to the optimal ones. We report average results over
25 repetitions.
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The proposed metric is related to the one described by [36], who, instead of considering
the expected value in (17), considers the probability that f(x⋆) − γ is above a particular
threshold value. GlobalEI is equivalent to the criterion described by [21], for minimization
instead of maximization. Finally, in the literature, there are also more complicated rules for
deciding when to stop when the objective evaluations may have different costs, as described
by [37].
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Surrogates are models of the objective function learned from observed data. This working
group focused on surrogate models for Bayesian Optimization (BO), surveying the range of
surrogate modeling approaches currently in use and emerging in the literature. We discussed
how different surrogate models address key modeling challenges in BO, compared their
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5.4.1.1 What are Surrogate Models?

This report is concerned with surrogate models [35, 29] that appear as components of the
Bayesian Optimization (BO) algorithm. Recall that the overall goal of such algorithm is to
estimate the solutions to the optimization problem

min
x∈X

f(x) where f : X → R (18)

within a limited number of calls to f , a budget denoted as T . A pseudo-code for BO is given
in Algorithm 1.

The surrogate, denoted Y (x), is a model of the function f that is learned from past
observations D = {(x1, y1), . . . , (xn, yn)} , where yi = f(xi). The surrogate is a key ingredient
to make BO cost effective by guiding the search towards high potential parts of the search
space X without calling the true function f . In its most general form, Y (x) is a random

Algorithm 1 Sketch of a Bayesian Optimization algorithm that produces batches of q points at
each iteration.

Require: Search space X , Objective function f : X → R
Require: A surrogate model Y (x) (e.g., a Gaussian Process), an acquisition function αY (.)

(e.g., Expected Improvement, Upper Confidence Bound) that depends on Y (x)
Require: Max number of calls to f , T , Initial design points D = {(x1, y1), . . . , (xn, yn)},

where yi = f(xi), t← n

1: Initialize surrogate model with data D
2: while t ≤ T do
3: Fit the surrogate model to the observed data D
4: Optimize the acquisition function to find the next query points:

{xt+1, . . . , xt+q} ∈ arg max
x′

1,...x′
q∈X q

αY (x′
1, . . . x′

q)

5: Evaluate the objective functions:

yt+1 = f(xt+1) , . . . , yt+q = f(xt+q) , t← t + q

6: Augment the data:

D = D ∪ {(xt+1, yt+1), . . . , (xt+q, yt+q)}

7: end while
8: return
9: - the best observed point x∗ ∈ arg minxi∈D yi (in noiseless context) or the best expected

function at the observed points (in a noisy context) x∗ ∈ arg minxi∈D Y(xi)
10: - the last surrogate and D

process where each instance y(x, ω) : X × Ω → R, with Ω the sample space, can be seen
as a possible f . An illustration of surrogate in 1-D is given in Figure 7. To define a BO
algorithm, a complete random process is not needed: the minimal amount of information
needed to construct a global optimization algorithm such as a BO is i) a prediction of the
function f at a new point x and ii) a measure of how the value of f is uncertain at this new
x. For the illustration in Figure 7, these would be the expectation of Y (x) and its variance,
or any monotonous transformations of them. These two pieces of information are required in
any acquisition criterion αY () that trades off intensification of the search in regions of X
that are likely to have high-performance with exploration of unknown regions.
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Figure 7 Illustration of a surrogate Y (x). Here, it is a Gaussian process regression in the presence
of noise. The solid line is the function prediction, the interval around has size plus/minus 2 standard
deviations, the filled tube is EY (x) ± 2

√
VY (x), from [50].

In brief, in this report, surrogates are models of the objective function that provide, at
least, both a prediction and a measure of uncertainty. We do not consider models directly
outputting activation functions, or distribution models directly proposing points in X to
evaluate (like in evolutionary optimization, e.g., CMA-ES [42, 41]).

5.4.1.2 Why Surrogate Models?

Probabilistic surrogate models enable principled, uncertainty-aware guidance, which is central
to achieving high sample efficiency in settings where evaluations are expensive. Beyond
guiding where to evaluate next, surrogate models can also inform which solution to return, for
example by selecting the model-predicted optimum rather than the best observed evaluation,
a distinction that is particularly relevant in settings with observation noise. Moreover, this
enables non-myopic strategies that select evaluation points primarily to improve model
fidelity rather than for their immediate objective value. Finally, surrogate models naturally
support warm-starting by incorporating previously collected data, and provide an additional
mechanism for injecting prior knowledge through the model prior. A recent framework for
comparing surrogates is proposed by [72].

Different surrogate models are considered here: Gaussian Process in Section 5.4.2, tree-
based models in Section 5.4.3, and neural models in Section 5.4.4.

5.4.2 Gaussian Process Models

Gaussian Processes (GPs) constitute the canonical surrogate model in Bayesian Optimization,
due to their probabilistic formulation, analytical tractability, and flexibility. A GP defines a
distribution over functions such that, for any finite set of inputs, the corresponding outputs
follow a multivariate Gaussian distribution,

Y (x) ∼ N
(
m(x), c(x, x′)

)
,
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where the mean function m(x) ≡ EY (x) encodes prior beliefs about the function values and
the covariance function or kernel c(x, x′) ≡ Cov(Y (x), Y (x′)) specifies assumptions about
smoothness, correlation structure, and uncertainty.

In practice, most modeling expressiveness arises from the covariance function, which
depends only on the inputs and must be positive definite. Its diagonal elements c(x, x) yield
uncertainty estimates on the predictions, which are central to acquisition-driven exploration.
Kernel design [87, 25], therefore plays a fundamental role in GP-based BO, allowing the
incorporation of structural assumptions such as stationarity, smoothness, periodicity [24], or
compositional structure [23, 32]. Despite the flexibility offered by kernel design, the current
practice still largely relies on transformations that reduce modeling to stationary kernels.

A key strength of Gaussian Processes lies in their ability to accommodate complex
input spaces through kernel construction. This is particularly relevant when optimizing
over design spaces where the classical Euclidean distances are not meaningful, e.g., when
tuning hyperparameters of Machine Learning algorithms.

Kernels have been specifically defined for categorical variables [38], whether qualitative
or quantitative [94]. Among the principles used to design these kernels, it seems important
to learn the underlying group structure [71, 67]. Embedding in latent (continuous) spaces
are, of course, also a key to handling categorical variables [93, 18].

Hierarchical/conditional input spaces [4], which may also be referred to as a variable-
size spaces [66], or as hierarchical domains [40] have also their own kernels. This is an
important class of search space X because it describes the numerous, practical situations
where specific sub-systems can be added or removed, each coming with its own parameters.
The algebraic distance introduced in [75] and the resulting kernel known as the Alg-Kernel, is
symmetric positive definite and available in the opensource SMT framework3. This distance
is a particular case of the more general hierarchical distance introduced in [40].

In fact, kernels over all types of possible discrete mathematical objects seem to have been
defined: kernels over sets [31, 80], over combinatorial variables [12, 3], over graphs [68],
over combinatorial variables seen as graphs [63], over object or label preferences [5] . . .

Mixed continuous/discrete spaces can be handled by combining continuous/discrete
kernels through any kernel combination technique [74]. What is important is that the
combinations yields a valid, positive-definite, kernel. Most often, this is achieved by kernel
product [18]. Adding kernels is also possible [22].

The performance of GPs with standard kernels deteriorates as input dimensionality
increases. In high-dimensional spaces, the distances between points become nearly identical (a
phenomenon referred to as distance concentration), leading to posterior means and variances
that are approximately the same throughout the search space. consequently, the surrogate
can no longer meaningfully guide the acquisition function during the search. Moreover,
identifiability issues arise, as different kernel parameterizations can produce practically equal
likelihoods or posteriors. Recent work addresses this challenge through projection-based
kernels [9], active subspaces, and dimension-adaptive modeling strategies [7, 14, 34]. In the
context of BO, these approaches are often tightly coupled with trust-region or local modeling
assumptions.

Classical GP inference scales cubically with the number of observations, which used to
limit the applicability of GPs to small-data regimes. In recent research, a wide range of
scalable approximations has been developed to accommodate large data regimes, including
the Vecchia approximation, sparse inducing-point methods, variational formulations, and

3 https://smt.readthedocs.io/en/latest/_src_docs/applications/Mixed_Hier_usage.html
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local approximations [45, 85, 13]. Local and partitioned GP models, such as treed or
neighborhood-based approaches, further improve scalability while retaining uncertainty
estimates [36].

Many real-world optimization problems exhibit nonstationary output behavior, both
in function values and noise characteristics. Nonstationary kernels, input warping, and locally
adaptive GPs provide mechanisms to relax stationarity assumptions [64, 79, 62, 73]. Gaussian
processes can also model heteroscedastic noise by allowing the observation variance to
vary across the input space [33, 82, 6]; yet, this usually requires more data. It also increases
inference complexity and often requires a more careful prior specification.

An important advantage of GPs is their ability to incorporate expert knowledge through
constraints on the output space. Inequality constraints, boundedness, monotonicity, and
convexity can be enforced either approximately or exactly through kernel design or posterior
conditioning [19, 55]. Physics-informed Gaussian Processes explicitly encode governing
equations, such as partial differential equations, as soft or hard constraints on the function
space [69, 15, 54].

GPs benefit from their strong theoretical link with Reproducible Kernel Hilbert Spaces
(RKHS). Once the GP’s parameters have been estimated, the results (e.g., variance, lengths-
cales) have a straightforward interpretation. In the case of extrapolation (away from
observed data), predictions will naturally revert to the prior (and are thus strongly influenced
by the chosen kernel). Recent work has explored kernels that induce structured extrapolation,
such as spectral and Brownian motion–based constructions [88, 92, 52].

GPs also allow the analyst to exploit derivative information, by analytically differenti-
ating the posterior. Gradient-enhanced GP models can significantly improve sample efficiency
in BO, especially in smooth optimization landscapes [83, 89, 44, 21, 26], and when the func-
tion is deterministic. When the output data are noisy, or very sparse, though, the estimated
value of the derivative may exhibit high uncertainty. Many BO problems involve multiple
correlated outputs (e.g., in the case of multi-fidelity evaluations, multi-task objectives, or
vector-valued responses). Multi-output Gaussian Processes provide a principled framework
for modeling such dependencies through structured covariance functions [76, 16, 57], which
can substantially improve the sample efficiency during the optimization. The downside is an
increase in modeling/computational complexity. Designing interpretable cross-covariance
structures and scaling inference to realistic problem sizes remain open challenges, particularly
when combined with other extensions such as nonstationarity or constraints.

5.4.3 Tree-based surrogates and other local surrogates

The scope of these models includes hierarchical treed-models, tree ensembles such as Random
Forests (RF) and Bayesian Additive Regression Trees (BART), and other local models [36, 27].
In what follows, we zoom in mainly on tree-based surrogates. These can be split up in two
subtypes: Treed-Models and Tree Ensembles. Treed-Models use trees for recursive search
space partitioning. This often leads to simple tree structures, with possibly complex (local)
models (e.g., local GPs) fit to the data in each leaf [38, 37]. This approach is highly effective
for handling mixed and conditional search spaces. Tree Ensembles, by contrast, represent
the objective function as a weighted sum or average of trees with simple leaves. Examples
include Random Forests (which are similar to bagging) and BART (similar to boosting) [17].

The primary benefits of tree-based surrogates stem from their “divide and conquer”
nature. They are computationally efficient even in the case of high dimensions and a large
data, as complexity adaptively scales with training set size [48]. They are fit for modeling
non-stationary and heteroscedastic output functions (though, in the case of standard
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RFs, heteroscedasticity requires requires estimating separate trees for the noise variance [17]).
They are highly flexible w.r.t. the input types and the structure of the input space:
they do not require any particular assumptions w.r.t. the nature of the input variables, can
naturally accomodate hierarchical search spaces, and constraints on the inputs can be easily
included. Moreover, ensembles like BART automatically provide regularization through an
implicit application of Occam’s razor [17]. The practical implementation of the models is
supported by various toolboxes across Python and R for BART, RF, Treed-GP, and local
GP methods (including trust region approaches like TuRBO, [27]).

Nevertheless, tree-based models also present a number of downsides. They are known
for their tendency to overfit, in the case of small data the resulting trees may be overly
simple. They also lack gradient information, and do not leverage any spatial information
across the leaves in the uncertainty estimates and predictions.

The performance of treed-models, when used in the BO loop, fully depends on the type of
surrogate used to fit the data in the leaves. Modeling multiple outputs may require multiple
trees, unless you have MO surrogate models in the leaves. Acquisition is computationally
expensive, as it is performed per leaf, after which the highest value among the leaves is
chosen. For ensembles, inference is often performed via Monte Carlo, and acquisition is
usually done using candidate sets. Ensembles do not easily allow for the inclusion of expert
knowledge.

5.4.4 Neural Models

We discussed a broad class of surrogate models based on neural networks for predicting
unseen function values in Bayesian optimization. This category encompasses a wide range of
approaches with very different characteristics. Classical methods rely on training Bayesian
neural networks [1, 65] (BNNs) directly on the observed data within the BO loop, while more
recent approaches leverage pretrained models, such as prior-data fitted networks [59] (PFNs)
or large language models (LLMs), that perform Bayesian-style prediction via in-context
learning, i.e., observations are an input used to condition the pretrained model.

While diverse in their realizations, neural surrogate models share several common traits.
Compared to Gaussian processes, they offer richer functional priors, non-stationary
output scales, and heteroscedastic noise modeling without explicit kernel design.
Relative to tree-based models, they provide smooth predictive surfaces and efficient
input gradients, which are for example useful for gradient-based acquisition function
optimization. However, these methods also share notable drawbacks, including training
instabilities, limited interpretability, and limited integration is existing toolkits,
compared to more classical surrogates.

Bayesian Neural Networks (BNNs)

BNNs [1, 65] represent the integration of Bayesian inference with neural networks, where
prior distributions are placed over network components (typically the parameters) and
Bayesian inference is performed to quantify epistemic uncertainty [60, 56]. Given a prior p(w)
over weights and observed data D, the posterior p(w|D) induces a predictive distribution
p(y|x,D) =

∫
p(y|x, w)p(w|D) dw that naturally provides uncertainty quantification. Since

exact inference is intractable, various approximation schemes have been proposed, including
Markov Chain Monte Carlo (MCMC) methods [60], variational inference [39, 8], Laplace
approximations [56, 20], and partial Bayesian methods that place priors only on a subset of
parameters [77], such as last-layer approaches [78, 43, 11].
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Compared to Gaussian Processes, BNNs offer the ability to model non-stationary
functions, learn problem-specific similarity metrics, and scale to large observation
sets where GP cubic complexity becomes prohibitive. BNNs have been explored as surrogate
models in BO [81, 78], with recent work demonstrating competitive performance with GPs
on standard benchmarks [53, 11]. However, BNNs present their own caveats typically
stemming from approximate inference, and empirically their performance depends on
architectural choices and prior specification, requiring careful tuning to achieve well-
calibrated uncertainty quantification, and to avoid overfitting in low data regimes [86,
28, 53].

Prior-data Fitted Networks (PFNs)

PFNs [59] are models pretrained to do in-context Bayesian prediction for a specific function
prior Π = p(f). Note that PFNs are closely related (can be seen as a special instance of)
conditional Neural processes [30, 61]. Typically, a PFN is a transformer neural network [84],
pretrained on synthetic data by repeatedly sampling a function f ′ ∼ Π(f), picking “train”
and “test” inputs (Xtrain, Xtest) (often uniform random noise), generating labels Ytrain =
f ′(Xtrain) (optionally with observation noise), and minimizing expected cross-entropy of
the predictive distribution over queries xtest ∈ Xtest conditioned on context C =(Xtrain,
Ytrain). Note that a PFNs output a bar distribution over finely discretized output range,
where the PFN has an output per bar, corresponding to the probability that ytest falls in the
associated interval. Under risk minimization, the solution matches the Bayesian posterior
predictive p(ytest |xtest, C) induced by Π, so PFNs learn Bayesian one-shot prediction in a
single forward pass. For example, a PFN pretrained on samples of a GP prior, provably
approximates GP prediction in a single forward pass. The training and usage of PFNs
are illustrated in Figure 8. While TabPFN [47, 46], a tabular foundation model, arguably
remains the most prominent application of this paradigm, PFNs have already been explored
in the context of BO. Müller et al. [58] first proposed PFNs as a surrogate for black box BO
in 2023. Recent work has explored PFN surrogates in the context of Freeze-thaw BO [70, 51]
and high-dimensional BO [91]. Recently, PFNs have been integrated in the popular BoTorch
framework [2].

In contrast to BNNs, PFNs are not retrained on observed function values, but amort-
ize Bayesian inference through pretraining on synthetic tasks, yielding strong performance
with very few observations. This makes them attractive for Bayesian optimization, where
posterior updates reduce to a single forward pass, avoiding retraining, hyperpara-
meter optimization, and associated instabilities. PFNs also naturally support mixed input
spaces including continuous, discrete, and categorical variables, as demonstrated by TabPFN
on heterogeneous tabular data, which is a practical advantage for BO with structured or
conditional search spaces. At the same time, current PFN transformer architectures rely
on dense attention, leading to quadratic compute and memory growth and making
very large contexts computationally demanding compared to tree-based surrogates.
Another trade-off is that PFNs offer explicit control over the functional prior, but
changing this prior requires pretraining from scratch. As with any learned surrogate,
strong out-of-distribution mismatch may lead to instability, although empirical
performance is often reasonable. Overall, PFN-based Bayesian optimization remains an
emerging and experimental paradigm, with several modeling and design choices still
under active investigation.
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Figure 8 Illustration of the training and usage of prior-data fitted networks (PFNs), with specific
in-/output examples fitting a Bayesian Linear Regression (BLR) and Gaussian Process (GP) prior.

Large Language Models (LLMs)

LLMs are general-purpose neural networks trained on massive text corpora to model and
generate natural language, and have emerged as a versatile foundation for a wide range of
reasoning, prediction, and decision-making tasks [10]. They can be employed for Bayesian
optimization in many different ways, ranging from proposing candidate points [90] to guiding
search through natural-language feedback [49]; these broader uses are discussed in the GenAI
for BO working group (Section 5.5). In our discussions, we focused on a deliberately narrow
and directly comparable setting, where the LLM is used as a surrogate model via in-context
learning: previously observed input–output pairs (x, y) are provided in the prompt, a new
candidate xtest is queried, and the model predicts the corresponding outcome ytest. While
this setup is natural, it may not the most practical way to deploy LLMs in BO, and we are
not aware of prior work considering this exact formulation, it enables a clean conceptual
contrast with PFNs by isolating in-context prediction with frozen weights.

In this setting, LLMs share some appealing properties with PFNs, most notably data
efficiency via in-context learning, allowing them to adapt from very few observations
without retraining. Beyond this, LLMs offer distinctive advantages: they can leverage broad
world knowledge, support flexible textual input and output, and are easy to condition on
auxiliary information, enabling predictions to be augmented with explanations, constraints,
or meta-information that go beyond scalar regression targets. At the same time, these
strengths come with substantial drawbacks when used as BO surrogates. LLMs are typically
large and computationally expensive, making repeated surrogate queries costly. Their
inductive biases are implicit and hard to control, limiting the ability to align model
behavior with a desired functional prior. Moreover, predictions can be sensitive to prompt
formulation and syntax, introducing brittleness and requiring careful prompt tuning.
As a result, while LLMs provide a flexible and expressive baseline for in-context surrogate
modeling, their use in this direct surrogate role is best viewed as experimental and primarily
valuable for comparison and exploration rather than as a default practical choice.
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5.4.4.1 Conclusions

The discussions in this working group underscored that surrogate modeling remains a
central and evolving design choice in Bayesian optimization rather than a settled component.
Gaussian processes continue to be the default surrogate model due to their strong theoretical
foundations, flexibility, and principled uncertainty estimates, but they also exhibit limitations
in scalability, representational capacity, and prior specification, which are often addressed
through increasingly complex extensions. This has motivated interest in alternative surrogate
models, including neural approaches. While traditional in-weight learning methods such
as Bayesian neural networks have so far had limited impact in BO, possibly due to the
structured, tabular nature of BO data, the low-data regime, and the need for frequent model
updates, settings in which deep learning has historically been less competitive. More recent
approaches based on in-context learning, including prior-data fitted networks and large
language models, offer a qualitatively different perspective by shifting weight learning to a
pretraining phase and avoiding retraining during optimization. These models have shown
strong performance in low-data and tabular settings and introduce new capabilities, such
as explicit control over prior assumptions (PFNs) or access to broad world knowledge and
flexible input–output interfaces (LLMs). Finally, we emphasized that surrogate models
should not be considered in isolation, as their effectiveness depends on interactions with other
components of the Bayesian optimization pipeline, and that model fit and prior mismatch
remain underexplored issues where improved evaluation practices could yield deeper insight.
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5.5.1 Overview

Working Group 5 explored emerging intersections between generative AI (GenAI) and
Bayesian optimization (BO). Our discussions converged on four overarching themes:
1. LLM-based synthetic task generation to improve meta-BO, mitigate prior mis-

specification, and broaden the distribution of training tasks (including connections to
probabilistic numerics and PFNs).

2. Bayesian optimization across the LLM training and inference pipeline, including
data mixture optimization, model merging, and inference-time orchestration.

3. BO guided by generative models (e.g., diffusion models for protein design and safety
verifiers), using learned priors to constrain search to plausible regions while enabling
effective exploration.

4. Rich text-based human feedback for BO, where LLMs allow algorithms to interpret
semantically rich user feedback, greatly increasing information per human interaction.

Together, these directions point toward a long-term vision of a task-agnostic neural
optimization engine: a foundation model for optimization that can be deployed across
scientific and engineering domains, guided by symbolic structure, generative priors, and
human intent.

5.5.2 Research Ideas

5.5.2.1 LLM-Based Synthetic Task Generation (for Meta-BO and PFNs)

Contributors
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Other interested parties: Elena Raponi, Raul Astudillo

Motivation. Meta–Bayesian optimization (meta-BO) has shown impressive gains in sample
efficiency by learning reusable optimization policies across tasks. However, its success hinges
on the quality and breadth of the pre-training task distribution. Most prior work (e.g., NAP,
PFN v1, ACE) synthesizes tasks from Gaussian process (GP) priors or structural causal
models (SCMs). While convenient, these generators induce two key practical failure modes:
1. Prior misspecification. Many real optimization problems differ substantially from

GP/SCM assumptions, causing meta-policies to overfit the synthetic pre-training distri-
bution and degrade at deployment.

https://creativecommons.org/licenses/by/4.0/
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2. Real-data scarcity. In domains such as protein or material design, collecting diverse,
well-labeled optimization traces is expensive, making it difficult to correct misspecification
with sufficient supervision.

This motivates a principled way to systematically generate better-matched pre-training
data. Our idea is to leverage LLMs to generate task priors and simulators, broadening the
support of synthetic tasks beyond GP/SCM and targeting high-information training signals
aligned with downstream objectives.

Problem Formulation. We aim to define a generative–symbolic pipeline that produces a
distribution over optimization tasks

T = (X , f, c, θT ),

where tasks differ in domain, structure, constraints, and parameters but expose a common
query interface. A meta-BO policy

πθ : Hn → X

maps a history of queries and outcomes to the next query point. The training objective is to
minimize distributional regret:

min
θ

ET ∼T [R(πθ; T )] .

5.5.2.2 Main Challenges

Symbolic task generation. We identified three macro areas as especially relevant:
1. Compositional and operator-based modeling. Symbolic and graph-based equation

modeling, code generation, and scientific machine learning (SciML) offer formalisms for
composing simulators from reusable operators. Probabilistic programs and category-
theoretic approaches provide rigorous semantics for composing open systems as “boxes”
with typed ports. These can underpin an operator algebra for task generation. Key
challenges include:

designing operators with sufficient expressivity while avoiding computational intract-
ability,
handling heterogeneous aspects and domains within a common representation.

2. Equation discovery. Methods such as SINDy and its variants (with control, boundary-
value problems, etc.) discover sparse governing equations from trajectories by selecting
terms from a dictionary of candidate operators. These equations can be turned into
simulation code directly. Symbolic regression methods (e.g., AI-Feynman, PySR) discover
closed-form expressions, with recent work incorporating units and dimensional constraints
to maintain physical validity. Such approaches yield human-readable right-hand sides
that can be integrated into simulation frameworks like Modelica.

3. Domain-Specific Language (DSL) synthesis. DSLs allow LLMs to operate over
operators (parameterizable objects) rather than raw files, making search and verification
easier. Systems such as DreamCoder, which learn and refine a DSL of primitives while
solving tasks, exemplify this paradigm. This aligns well with the idea of “teaching the
model an operator algebra, then synthesizing programs that compose them.”
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Meta-BO. Assuming that a symbolic/LLM pipeline can provide a stream of verified
simulators and task specifications, the next challenge is to learn meta-BO policies that
systematically exploit this rich task distribution:

Robust training paradigms. Pure behavior cloning from expert BO traces is stable
but capped by the expert’s biases. Pure RL on regret or feasibility objectives is well
aligned but unstable and expensive. A key challenge is to combine them: pre-train on
high-quality trajectories and then fine-tune with regret-, feasibility-, or level-set–aligned
objectives.
Architectures for heterogeneous histories. The policy must handle variable input
dimensions, constraints, multi-objective settings, and tasks where success includes not
only finding the global optimum but also locating feasible points, reaching target level-sets,
or covering a Pareto front.
Alternative utilities beyond the optimal value. Practitioners often care about
feasibility rate, time-to-feasibility, level-set coverage, or cost-aware regret. The challenge
is to define unified, learnable utilities and surrogates that make meta-training stable while
reflecting these practical objectives.
Robustness to generator imperfections. Even with verification, the task generator
may be biased. The meta-BO model should not exploit artifacts of the generator but
instead learn algorithms that transfer to real-world problems.

Pipeline. At a high level, the system consists of three main stages:
1. Symbolic proposal via LLMs. LLMs propose task specifications, simulators, and

operator compositions within a DSL.
2. Verification and compilation. Candidate simulators are checked for consistency (e.g.,

units, dimensions), tested via automatic unit tests, and compiled into executable form.
3. Meta-BO training. A meta-BO policy πθ is trained on tasks sampled from the verified

generator using a combination of imitation learning and utility-aligned optimization to
produce decision rules that generalize across tasks.

4. (Optional) Co-learning. An additional direction is to close the loop between the task
generator and the meta-BO policy. Instead of treating the LLM-based generator as
fixed, we can use the performance of the learned policy as feedback to refine the task
distribution: identify failure modes, adjust prompts, modify operator choices or parameter
ranges, and encourage more diverse and informative tasks.

Outlook: Toward a Task-Agnostic Neural Optimization Engine. Ultimately, the vision
underlying this line of work is a task-agnostic neural optimization engine: a foundation model
for optimization that can be deployed across domains with minimal adaptation. Given a
standardized description of a new task, the model should rapidly propose effective queries
without rebuilding a bespoke BO pipeline.

Realizing this vision raises several additional challenges, including:
defining universal task representations that capture symbolic, statistical, and geometric
structure,
aligning training task distributions with real-world variability,
transferring operator-based semantics across scientific domains,
providing safety, interpretability, and robustness guarantees for generated tasks and
learned policies.
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5.5.2.3 Bayesian Optimization for the LLM Training and Inference Pipeline
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Motivation. Bayesian optimization (BO) and bandit methods offer a unified lens on several
high-impact but expensive decision problems in the large language model (LLM) pipeline:
1. selecting data mixtures for training and adaptation,
2. merging or interpolating pretrained models,
3. directing agentic workflows or routing decisions at inference time.

Each problem involves a costly, noisy black-box objective, a structured decision space,
and opportunities for exploiting multi-fidelity or derivative-like information.

Optimizing Data Mixtures. Data composition determines how training samples from
different domains are combined under a fixed training protocol. BO constructs a surrogate
model of validation performance based on a small number of observed mixtures and selects
new candidates via acquisition functions such as expected improvement or knowledge gradient.
Multi-fidelity BO integrates cheaper proxies – smaller models, truncated runs, or reduced
datasets – with occasional full evaluations.

Recent work suggests that performance as a function of mixture proportions often obeys
predictable data mixing laws that transfer across scales, enabling nested optimization where
low-fidelity surrogates guide higher-fidelity decisions. Derivative-like signals (e.g., sensitivity
of validation loss to marginal increases in data buckets) could further accelerate convergence.
While full pretraining remains too costly to explore, adaptation and post-training reweighting
provide practical arenas for BO-driven mixture optimization.

As an example, [4] introduces DUET, a global-to-local algorithm that combines influence
functions for data selection with Bayesian optimization to iteratively refine data mixtures
based on feedback from an unseen task. It provides both theoretical convergence guarantees
and empirical improvements over competing methods.

Optimizing Model Mixtures. Model mixing or merging seeks to combine the capabilities of
separately trained LLMs – whether checkpoints, domain specialists, or fine-tuned variants –
into a single unified model. When models share architecture and tokenization, parameters
can often be interpolated or aligned directly; when they differ, merging typically proceeds
through ensembling or distillation rather than literal weight fusion.

Given a set of models and merge parameters (e.g., interpolation coefficients), the per-
formance of the merged model defines another complex black-box optimization landscape.
BO can efficiently explore low-dimensional merge spaces using multi-fidelity evaluations
such as limited benchmarks or reduced-context inference. Incorporating similarity features
between models, such as representation overlap or calibration distance, into the surrogate
may improve sample efficiency. Future directions include BO-guided tuning of structured
merges (mixtures-of-experts, layerwise blends) and developing reliable low-cost proxies for
alignment or robustness metrics.

Optimizing Agentic Workflows and Routing Policies. As language models are increasingly
embedded in multi-step or agentic workflows, a key challenge is deciding which model, prompt,
or tool to invoke at each stage. These routing or orchestration policies must balance accuracy,
latency, and cost, often under uncertainty about user intent or task difficulty. Evaluating a
routing decision typically requires running full interactions or multi-turn rollouts, which are
expensive and noisy.
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Bayesian optimization can guide the offline design of such policies by exploring high-level
configuration choices – such as thresholds, model assignments, or prompt templates – using
cheaper approximations like partial rollouts, simulated environments, or reduced-context
prompts. Once deployed, online bandit algorithms can adapt these decisions based on real
feedback, allocating traffic toward more promising routes while maintaining safety constraints.
Together, offline BO for global structure and online bandits for continual adaptation offer a
practical path toward efficient and robust agentic control.

As an example of a related perspective, [4] also introduces A-BAD-BO, a BO-based
algorithm for optimizing complex AI systems (“AutoAI”) by leveraging local loss signals
from system components.

Cross-Cutting Themes. The three settings we discussed – data mixing, model merging,
and routing – share a common structure. Each involves a search over a large and expensive
design space where direct experimentation is costly. In every case, there exist cheaper or
approximate sources of information that can guide this search, such as small-scale models,
truncated training runs, or limited-context evaluations. These can be organized into a
hierarchy of fidelities that BO is naturally equipped to exploit.

Additional signals can also be incorporated into this process. Examples include estimated
sensitivities of validation loss to different data sources, measures of similarity between models
before merging, and statistics collected from partial rollouts during inference. These signals
provide side information that can shape the surrogate model used by BO, improving both
efficiency and robustness.

Although these problems are usually treated independently, they are in fact coupled. The
data mixture chosen during training affects the diversity and quality of models available for
merging. The merged model influences how routing or orchestration policies should behave
at inference time. In the opposite direction, observations from deployment can identify where
the model’s behavior is lacking, which in turn informs how future training data or compute
should be allocated.

Viewing the entire training and inference pipeline as a single, hierarchical optimization
process makes these dependencies explicit. Information collected at one stage can serve
as prior knowledge at another, reducing redundant experimentation. Surrogate models
built for data selection may inform later stages such as model merging or routing. This
integrated perspective does not yet have a practical implementation, but it points toward
a coherent optimization framework in which choices about data, model parameters, and
inference strategies are treated as parts of one evolving system.

Outlook. BO’s strength lies in sample-efficient search under extreme cost asymmetries.
Near-term gains are likely in post-training data reweighting and model merging, where
iteration is feasible. Longer-term opportunities include multi-fidelity theory for scaling
transfer, gradient-informed surrogates, and unified optimization frameworks that bridge
training, adaptation, and inference.

5.5.2.4 BO with Generative Priors for Protein Design, Safety Verifiers, and Beyond
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Context. Recent work on steering generative models with experimental data for protein
fitness optimization includes, for example, [13] and [14]. These and related papers illustrate
how diffusion and other generative models can be used as learned priors in scientific design
problems.
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Problem Setting. Generative models capture rich, high-dimensional structure from large
datasets. In domains such as protein design, they learn distributions over biologically valid
sequences, implicitly encoding physical, evolutionary, and functional constraints.

Bayesian optimization (BO), by contrast, is a principled framework for optimizing
expensive black-box objectives, balancing exploration and exploitation through probabilistic
modeling. Yet, BO lacks a natural mechanism to incorporate the powerful prior knowledge
encoded by generative models. This gap motivates a central question: How can learned
generative priors guide Bayesian optimization to search more efficiently while remaining
faithful to data-driven structure?

Let X denote the input space and f : X→ R the objective function to be optimized. We
assume access to a generative model that defines a prior distribution π0(x), highlighting
regions of X corresponding to plausible or desirable configurations. Our goal is to identify
evaluation points that maximize f while effectively leveraging the structural information
encoded in π0(x).

Relation to Prior Work. Given data Dn = {(xi, yi)}n
i=1, let αn : X → R denote a user-

defined acquisition function. Prior work has explored various approaches to integrate the
inductive bias encoded by π0 with the predictive guidance provided by αn across different
settings.

Hvarfner et al. introduced π-BO [6], scaling the acquisition function by a user-specified
prior π(x) to encode expert beliefs:

α̃n(x) = π(x) αn(x).

Yang et al. [13] explored a related idea in the context of priors encoded by generative
models such as diffusion models, yielding a sampling policy

xn+1 ∼ πn+1 ∝ π0(x) exp
(

αn(x)
β

)
, (19)

where β balances exploration and adherence to the generative prior.

Opportunities for Exploration

Coupled vs. decoupled formulations. Most existing approaches combine the generative prior
π0 and acquisition function αn post hoc. A key question is whether these components should
instead be co-learned or co-adapted – for example, through conditional parameterization.

Prior alignment and bias control. Generative priors capture plausibility, not necessarily
optimality. How can we align or temper π0 to balance structural validity with performance?
Adaptive temperature schedules, mixture priors, or meta-learned weighting schemes may
help prevent over-constraining the search while retaining useful bias.

Generative acquisition functions. Rather than using a fixed acquisition function, could
a generative model learn to represent and sample from the acquisition landscape itself?
This raises the possibility of generative acquisition functions – models that internalize both
uncertainty and prior structure, potentially bridging BO and reinforcement learning.

Theoretical understanding. What are the convergence, regret, or consistency guarantees
for sampling-based policies such as Eq. (19)? Can they be formalized as entropy-regularized
optimization, energy-based inference, or constrained search in distribution space? Clarifying
these connections could ground new hybrid methods in a principled theoretical framework.
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x⋆
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Expected distribution over optimum
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πn+1(x) ∝ π0(x) exp
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αn(x)/β

)
Used for sampling (no density evaluation)

Expected shift: πn+1 reweights αn/β using π0 (local focus).
(1) π0 vs. uniform distribution: mass concentrates in plausible region.
(2) π0 vs. expected optimum distribution by αn: high plausibility ̸⇒ optimality.

Figure 9 Conceptual overview: Bayesian optimization guided by a generative prior π0 learned
from data. The generative model constrains exploration to biologically plausible regions of the search
space, while the acquisition function αn(x) drives optimization toward higher predicted performance.

5.5.2.5 Rich Text-Based Human Feedback
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Introduction

There is a long history of work on BO and human interaction. This includes:
BO for preference learning, e.g., see [5, 10, 2, 8, 9, 11]. Here, our objective function
in a BO problem is a human decision-maker’s utility function, which the human cannot
specify as a mathematical expression. Instead, we interrogate this utility via preference
queries.
BO with human-in-the-loop feasibility assessment, e.g., [1, 12], where a human
expert reviews inputs proposed by a BO algorithm and may label them infeasible before
they are evaluated.
Elicitation of informative priors, where human expertise is translated into prior
distributions through structured questioning (e.g., quantiles, ranges, or plausible values).

Traditionally, human–algorithm interactions in BO have a simple form where the human
provides only a few bits of feedback per interaction. For example, in BO for preference
learning, the most common interaction is a pairwise comparison: the user is presented with
two items and asked which one they prefer. In feasibility assessment, the human often
provides a single bit of information (feasible or infeasible). In prior elicitation, humans
answer structured questions that are then converted into prior distributions.
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Large language models (LLMs) present an opportunity to interpret richer text-based
feedback from the human and incorporate this into our algorithms. This promises many more
bits per interaction, potentially enabling much more sample-efficient optimization.

Novel Challenges

Effective use of rich text-based human feedback raises novel challenges. Many of these can be
categorized into questions about inference and questions about experiment and interaction
design.

Inference.
How do we interpret text-based human feedback?
How do we leverage LLMs in this interpretation while maintaining probabilistic coherence?
How do we combine information from LLMs with traditional probabilistic models (e.g.,
Gaussian processes or other surrogates)?
How do we deal with variability, bias, and lack of reliability in LLM outputs?

Interaction and experiment design.
Form of interaction. What forms of interaction are most effective? For example, in
preferential BO, we could ask:

“Tell me what you are looking for in a solution.”
“Which solution attributes are most important?”
“Compare solutions A and B. Tell me which one you prefer and why.”
“Please improve solution A by making a small change and tell me why it is better.”

Effectiveness encompasses useful bits per interaction, ease of interpretation, and cognitive
load for the human.
Question selection. What is the best way to choose questions to ask the human?
Should we outsource this to an LLM, rely on traditional acquisition functions, or combine
both?
Resource allocation. In light of this new way of getting feedback, how do we balance
effort spent on querying the expensive black box with effort spent on interacting with the
human?
Supporting human introspection. Humans use introspection to explore their own
preferences as they consider options in multi-objective problems. An ideal algorithm
would clearly identify key tradeoffs and present them in a way that helps the human
focus their introspective efforts.
Evaluation. How do we evaluate such systems? Possible directions include:

using an LLM as a judge in simulated user studies,
online studies with real user traffic,
offline evaluation on comprehensive user datasets where multiple forms of feedback are
available.

Related Work

Max: https://arxiv.org/abs/2510.17671
Peter: https://arxiv.org/abs/2510.25799
Papers identified by Matthias: [7, 3]
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[7] considers engineering tasks where the feasible space does not have an explicit math-
ematical form and proposes eliciting human prior knowledge in natural language to learn the
feasible set for BO.

[3] proposes a human–AI collaborated experimental workflow, “Bayesian Optimized Active
Recommender System” (BOARS), where the user can dynamically change the target objective
on the fly.

More Specific Discussion of Preferential BO

Formal problem description. Formally, we have a feasible set X, a computationally expensive
black box that computes a collection of metrics y = f(x) for any x ∈ X, and an unknown
user utility function u(y). We seek to optimize u(y) subject to the expense of evaluations
and the constraint that u can only be interrogated through human feedback, potentially in
rich textual form.

Important problem characteristics.
Dimensionality of y. Is y low-dimensional (e.g., a small set of KPIs) or high-dimensional
(e.g., images, videos, or long-form text)? The nature of y profoundly affects the form and
cost of human feedback.
Need for physical instantiation. Do we need to physically instantiate x to observe y

and thus obtain feedback? For example, in materials design, x might be a composition,
and y could involve physical properties that require lab experiments.

Connections to Other Areas. Connections to work on LLM alignment and assurance are
natural: in both settings, one seeks to interpret human feedback and use it to guide system
behavior. However, in our setting we typically do not modify the LLM itself; rather, we use
the LLM as a tool to interpret feedback and support BO.

BO for Prompt Optimization

Names from shared notes: Elena, Matthias P., Matthias Feurer, Antonio

This topic was identified as an important direction but was not developed during the
seminar. We anticipate that many of the ideas above – LLM-based task generation, generative
priors, and rich text-based human feedback – will play a role in BO for prompt and prompt-
pipeline optimization. We leave a detailed treatment of this topic for future work.
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6.1 Benchmarking Bayesian Optimization in Practice: Lessons from a
Dagstuhl Seminar Exercise

Giulia Pedrielli (Arizona State University – Tempe, US)
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This report summarizes a hands-on benchmarking exercise conducted during the Dagstuhl
Seminar 25451 (November 2025), organized with the explicit goal of fostering discussion
around practical aspects of Bayesian Optimization (BO). Rather than comparing abstract
algorithmic formulations, the exercise was designed to surface the “tricks of the trade”:
implementation details and design choices that materially affect performance but are often
under-specified or abstracted away in the literature.

The intent of this report is not to establish winners or propose a standardized benchmark,
but to document observations that emerged from systematically varying algorithmic choices
under controlled experimental conditions, and to articulate reflections relevant to both
researchers and practitioners.

25451
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6.1.1 Scope of the Exercise and Experimental Setup

The exercise focused on single-objective, black-box optimization under finite evaluation
budgets. Algorithms were evaluated on a small suite of well-known continuous test functions
of varying dimensionality and landscape characteristics, including Ackley (100D), Rosenbrock
(6D), and Michalewicz (10D). Budgets were deliberately limited to emphasize sample efficiency
rather than asymptotic convergence.

6.1.1.1 Algorithm Characterization

A central design principle of the exercise was to characterize BO algorithms not as monolithic
entities, but as compositions of interacting design choices, including:

Surrogate model class (e.g., Gaussian process variants)
Kernel choice and hyperparameter handling
Acquisition function family
Acquisition optimization strategy
Initialization strategy (number and type of initial design points)
Budget allocation policy (initial design vs adaptive phase)
Noise modeling assumptions
Restart or trust-region mechanisms

This decomposition allowed participants to reason about why performance differed, rather
than merely whether it differed.

6.1.2 Performance Metrics and Visualization

Algorithmic choices were observed under multiple complementary views:
1. Sample efficiency curves, showing best-so-far objective value as a function of evaluations.
2. Rank-based comparisons, aggregating relative performance across functions.
3. Budget sensitivity plots, highlighting the impact of how evaluation budgets are allocated

between initialization and adaptive optimization.

The use of rank-based summaries was motivated by the observation that raw objective
values are often not comparable across problems or scales, while ranks more clearly expose
robustness and consistency.

6.1.3 Empirical Results

6.1.3.1 Sample Efficiency

Across all test functions, we observed substantial variation in early-stage performance, even
among algorithms that share nominally similar formulations. Figures illustrating convergence
and sampled values (e.g., Ackley 100D and Rosenbrock 6D) show that initialization strategy
and early hyperparameter behavior often dominate performance in the first 20–40% of the
budget.

6.1.3.2 Rank-Based Comparisons

The overall average rank plot reveals that algorithm rankings are often compressed and
unstable: small differences in setup can shift relative positions, and no single configuration
consistently dominates across all problems. Aggregated rank statistics indicate that several
algorithmic configurations perform comparably on average, with performance differences
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(a) Ackley (100D) (b) Rosenbrock (6D)

(c) Plots legend.

Figure 10 Sample efficiency of representative Bayesian optimization configurations. Plots report
the best objective value observed so far as a function of the evaluation budget. Differences in early-
stage behavior persist throughout the optimization horizon, highlighting the impact of initialization
and surrogate configuration choices.
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Figure 11 Average rank calculated for each approach across test functions.

frequently within statistical noise for the given budgets. This observation reinforces the
notion that headline rankings without detailed configuration context can be misleading.

6.1.3.3 Budget Allocation Effects

Explicit plots separating initial sampling from adaptive optimization show that how the
budget is spent can matter as much as which acquisition function is used. Over-investment
in initial design can delay exploitation, while overly aggressive early exploitation can lead
to premature convergence. Sample allocation plots illustrate that moderate, problem-aware
initialization strategies tend to offer better robustness across test functions.

6.1.4 Reflections on Algorithmic Choices

Several consistent themes emerged from the exercise and subsequent discussion:
Initialization Is Not a Detail: The number, placement, and diversity of initial samples
strongly influence surrogate fit and acquisition behavior. In high dimensions, naive
space-filling designs can consume disproportionate budget with limited benefit.
Hyperparameter Handling Drives Early Behavior : Surrogate hyperparameters, espe-
cially kernel length-scales, often dominate acquisition decisions early on. Aggressive
re-estimation can destabilize optimization, while overly conservative strategies may delay
adaptation.
Acquisition Optimization Quality Matters: Differences in acquisition maximization (e.g.,
local vs global optimization, restart strategies) can outweigh differences between acquisi-
tion functions themselves, particularly under small budgets.
Budget Allocation Encodes Implicit Assumptions: Choices about when to transition from
exploration to exploitation reflect implicit beliefs about problem smoothness and noise.
Making these assumptions explicit improves both interpretability and reproducibility.
More complex algorithm characterization may be needed: it is a possibility that the lack
of separation between algorithms partially lies in the choice of algorithm parameters. In
other words, other working mechanisms of the methods may be required to understand
the behaviors (e.g., use of a single/multiple surrogates, optimizer for the acquisition
function, use of projections/embeddings).

As an example of notable aspects that rose from the discussions during the seminar, the use
of multiple surrogates dynamically and adaptively revealed to be potentially fruitful, on the
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(a) Ackley (100D)

(b) Rosenbrock (6D)

(c) Michalewicz (10D)

Figure 12 Budget sensitivity.

other hand, strategies such as random projections revealed their lack of robustness in that
they showed good performance but only due to the fact that the 100D function chosen was
symmetric, and the same performance was not observed across benchmarks.

6.1.5 Concluding Remarks

This exercise highlights that practical BO performance is shaped less by isolated algorithmic
components and more by the interaction of design choices under finite budgets. The results
reinforce the need for benchmarking practices that foreground configuration metadata and
encourage reflective analysis over leaderboard-style comparisons.

Rather than advocating for a particular “best” algorithm, the Dagstuhl exercise under-
scores the value of transparency, careful experimental design, and explicit acknowledgment
of the practical decisions that ultimately govern performance.

25451
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6.2 Bayesian Optimization Tricks Of The Trade
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Giulia Pedrielli (Arizona State University – Tempe, US)
Matthias Poloczek (Amazon.com – San Francisco, US)
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6.2.1 Introduction

At the Dagstuhl Seminar 25451 on Bayesian Optimization, we asked all participants to fill in
a questionnaire and tell us their tricks of the trade. The questions we asked were:
1. What did you wish someone had told you before you started working in BO?
2. What’s something you usually do but never see written in papers?
3. What’s a mistake you made once and vowed never to repeat?
4. When reviewing others’ work, what silen red flags tell you the’re beginners?

In addition, we have asked chatGPT 5 to answer the same questions. The following
summarizes the responses we received.

6.2.2 What I wish I had known ealier

Always check and tune the model before doing optimisation.
The details of implementation matter much more than expected (HP optimisation, AF
optimisation).
Having a solid foundation in GP bandits helps enormously.
You don’t have to be a strict Bayesian to do good BO.
Try different kernels and trend functions; default choices rarely work best. If you go with
one kernel, Matérn 5/2 seems a generally accepted choice.
Nugget effect (modelling a small constant noise) improves stability in deterministic
problems.
Random axis-aligned subspace perturbations (RAASP) which samples around the current
optimal point along which differ only in a random subset of dimensions or cylindrical
Thompson sampling are good ways for candidate sampling especially in higher dimensions.
Thompson sampling works when other AFs fail, probably because it is much easier to
optimise than other AFs.
Always start with smaller tests before scaling up.
Establish clear baselines, such as random search, CMA-ES or vanilla BO.
Save EVERYTHING you can, acqf values, commits, number of initial points, lengtscales,
etc. Saves a lot of debugging time.
Model mismatch and AF optimization can have a huge impact on results. Therefore one
should always also test on a GP generated test problem on a discrete set where the AF
can be optimized via complete enumeration.
Setting the prior mean is application-dependent, often a constant, sometimes parametrized,
for LLM even a scaling law.

6.2.3 Unwritten practices

Scale all inputs to the unit hypercube
Test on simple 2D problems first that allow visualization.
Standardise objectives on the fly during multi-objective optimisation.

https://creativecommons.org/licenses/by/4.0/
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Use multi-start when fitting the GP.
Warm-start the model fit from the previous solution.
Put lower bounds on kernel length scales to prevent numerical issues.
Use logEI rather than EI.
Smart points to optimize the acquisition function help a lot. Best posterior mean location,
location of the best sampled location.
Validate performance on a test set, not just on benchmarks used for deciding BO
hyperparameters.

6.2.4 Mistakes to avoid

Forgetting to update the reference point for expected hypervolume improvement calcula-
tion in multi-objective optimisation.
Using unstable implementations of BFGS or other optimisers.
Forgetting to check the GP fit.
Failing to rescale data before fitting models.
Starting benchmarking before checking that the code is correct.
Not saving data, forcing repeated and inconsistent re-runs.
Evaluating on too few problems or only on familiar ones.

6.2.5 Beginner red flags

No error bars or uncertainty measures in reported results.
Too many arbitrary “magic” constants in experiments.
Only one example tested, with no justification.
Misuse of terminology (e.g., calling BO “EGO”).
Wrong or missing citations for well-known work.
Re-inventing already existing methods.
Use squared exponential kernel without justification
Irrelevant details swamping main explanations (move details to appendix).
Experimental setups not clearly described.
No ablation study on hyperparameters, or no explanation on how they were chosen.
AF and HP optimization process not explained.
Mixing up GP and acquisition-function concepts.
Lack of replication or reproducibility checks.
No scientific hypothesis that is clearly defined and rejected/not rejected at the end.
Using an unsuitable method as baseline for the empirical evaluation.

6.2.6 Other good practices

Report, not just validate, the performance on unseen test tasks.
Accessible codebase in addition to high-level description of the code in the paper.
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