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Abstract

We introduce Meta Bayesian Optimization with Human Feedback (MBO-HF),
which integrates Meta-Learning and expert preferences to enhance BO. MBO-HF
employs Transformer Neural Processes (TNPs) to create a meta-learned surrogate
model and a human-informed acquisition function (AF) to suggest and explain pro-
posed candidate experiments. MBO-HF outperforms current methods in optimizing
various scientific experiments and benchmarks in simulation, including the energy
yield of the inertial confinement fusion (ICF), practical molecular optimization
(PMO), and critical temperature maximization for superconducting materials.

1 Introduction

Due to the high costs and limited experimentation opportunities of some scientific applications,
efficient optimization techniques incorporating expert knowledge are crucial. Bayesian Optimization
(BO) has shown potential in optimizing expensive black-box functions (Feurer et al., 2015; Snoek
et al., 2012; Wang et al., 2023; Shmakov et al., 2023; Gundecha et al., 2024; Ghorbanpour et al.,
2024) but faces challenges in real-world applications due to trustworthiness concerns (Bouthillier and
Varoquaux, 2020). Recent advancements in human-AI collaborative approaches have improved BO
by incorporating expert input (Colella et al., 2020; A V et al., 2022; Gupta et al., 2023; Hvarfner et al.,
2022; Adachi et al., 2024), though these methods typically focus on single-task scenarios, failing to
leverage knowledge from previous tasks.

Meta-Learning within the BO framework (Meta-BO) (Volpp et al., 2020) addresses sample efficiency
by enabling models to adapt quickly to new tasks using knowledge from related tasks, enhancing
sample efficiency. However, trustworthiness and explainability, critical for the adoption of black-box
optimization by scientists, are under-explored in Meta-BO. Moreover, previous Meta-BO studies
have not investigated the impact of integrating expert knowledge through methods like preference
learning on optimization performance. To address this, we introduce Meta Bayesian Optimization
with Human Feedback (MBO-HF), a framework that integrates expert knowledge into Meta-BO using
Transformer Neural Processes (TNPs) to build an adaptable surrogate model. MBO-HF provides
an explainable system that helps experts evaluate optimization recommendations, improving both
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Figure 1: MBO-HF combines meta-learning and experts’ knowledge for a highly efficient optimization process,
with the expert-in-the-loop.

the effectiveness and the trustworthiness of the optimization process, as shown in Figure 1. We
summarize our main contributions as follows:

• We introduce Meta Bayesian Optimization with Human Feedback (MBO-HF), an explainable
framework that enhances Meta-BO by incorporating human expertise. We demonstrate that
MBO-HF outperforms SOTA in both human-aided BO and standard Meta-BO.

• We present a novel expert-informed acquisition function (AF) that integrates preference
learning with expert hypotheses, and evaluate the impact of human expertise on optimization.

• We implement an explainable framework for Meta-BO, utilizing Shapley values (Shapley,
1952) to provide the human-in-the-loop with insights into the optimization decisions.

2 MBO-HF

Unlike single-task approaches, MBO-HF trains a meta-surrogate using Transformer Neural Processes
(TNPs) on prior tasks and incorporates expert preferences to optimize the target function effectively.

2.1 Preference Learning

To fit the preference model, binary preference learning (Bradley and Terry, 1952; Lun Chau et al.,
2022; Adachi et al., 2024) is used, where users compare pairs of candidate points {x1, x2}, to indicate
which is more favorable, generating a dataset that informs the preference function. This process is
repeated M times, resulting in a dataset Dpref = {xi

1, x
i
2, y

i
pref}Mi=1, where ypref is 1 if x1 is favored

over x2, and 0 otherwise. Dpref is then used to build a binary preference function g, which follows a
likelihood model:

P(ypref|x1, x2) = S(ypref; g(x1, x2)) (1)

where S(ypref; z) := zypref(1 − z)1−ypref represents a Bernoulli likelihood and g(x1, x2) represents
the user’s preference level for x1 compared to x2. This function is modeled using Dirichlet-based
Gaussian Processes (GPs) (Adachi et al., 2024) with skew-symmetric data augmentation, estimating a
user-aligned posterior distribution for target locations. Following this approach allows us to estimate a
preference model π as GPs that generate a distribution pπ(·|XT ,Dc) that approximates a user aligned
posterior given a set of target locations XT and context samples Dc. Instead of randomly selecting
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candidate pairs from the entire search space, we explore the use of experts’ hypotheses (Cisse et al.,
2024), which define promising regions for pair selection during the creation of the dataset. In our
framework, preference learning is applied only during the testing phase for the target function, not
during meta-training on source functions.

2.2 Acquisition Function

In expert-aided Bayesian Optimization (BO), CoExBO (Adachi et al., 2024) combines a surrogate
model and a preference model, using Gaussian Processes (GPs), to create an acquisition function (AF)
that balances model predictions with expert preferences. However, CoExBO is limited to single-task
cases and uses an Upper Confidence Bound (UCB) based AF, which can be outperformed by Expected
Improvement (EI) (Merrill et al., 2021). To refine these, we propose replacing the GP-based surrogate
with a Transformer Neural Process (TNP) M for improved optimization by leveraging past data and
reformulating the AF to an EI-based approach, while retaining the preference-surrogate trade-off as:

αM,π(x) = (µM,π(x)− f(x+)− ξ)Φ(Z) + σM,π(x)ϕ(Z)

Z =
µM,π(x)− f(x+)− ξ

σM,π(x)

µM,π(x) :=
σ2
M,π(x)

S 2
π (x)

µπ(x) +
σ2
M,π(x)

σ2
M(x)

µM(x)

σ2
M,π(x) :=

S 2
π (x)σ

2
M(x)

S 2
π (x) + σ2

M(x)

S 2
π (x) := σ2

π(x) + γt2σ2
M(x)

where f(x+) is the best observed value so far, the predictive mean µM and variance σ2
M of M, Φ(·)

is the cumulative distribution function (CDF) and ϕ(·) is the probability density function (PDF) of Z
(Tacq, 2010). The parameter ξ is a small positive value to encourage exploration. γ is a decay factor
and t represents the current time step in the optimization process. γ ensures that the information
provided by π decays, so the impact of π is high at the start of the optimization but allows M to take
over at later stages. Furthermore, we evaluated AF αM(x), which applies the standard EI over µM
and σ2

M, without preference information.

2.3 Explainability

To support human-experts in making informed decisions during optimization, we extend the CoExBO
framework to Meta-BO and incorporate Shapley values for explainability. In this work, to calculate
Shapley values, we adapt KernelExplainer from SHAP (Lundberg and Lee, 2017). This quantify the
contribution of each feature to the model’s output, helping users understand the decisions made by
the acquisition functions during the optimization process.

Algorithm 1 MBO-HF algorithm
Input: trained meta-surrogate modelM, preference model π, target black-box function ftarget, target locations
XT , I initial samples, optimization budget B.
Output: Points to evaluate.
1: Collect I input-output pairs XI .
2: Initialize Dc ← XI .
3: Set i← 0.
4: while i < B do
5: Forward pass onM to obtain posterior distribution p(·|XT ,Dc).
6: Run acquisition functions αM and αM,π to propose candidate points {x1, x2}.
7: Run explainability framework on candidates {x1, x2} and present to user.
8: Expert selects candidate xp ∈ {x1, x2}.
9: Evaluate ftarget on xp to obtain yp.

10: Update Dc ← Dc ∪ {xp, yp}.
11: Increment i by 1.
12: end while
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Figure 2: Regret minimization evaluation, ower the better. MBO-HF outperforms the baselines on all 6
benchmarks. The shaded areas represent a ±1 SD. Regrets are normalized.
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Figure 3: Comparison between different hypothesis: "Expert" best-case, "Adversarial" worst-case, and Random
sampling in the preference learning initialization. The shaded areas represent a ±1 SD. Regrets are normalized.

3 Experiments

To conduct our evaluations, we make use of the HPO-B benchmark (Pineda Arango et al., 2021).
HPO-B is a popular hyperparameter optimization benchmark used to evaluate Meta-BO approaches.
HPO-B encompasses a collection of datasets, featuring hyperparameters of different classification
models alongside their respective accuracy, spanning various categories and search spaces. For each
different search space, HPO-B provides a training (source), validation and test (target) set, which
we used as is. We selected 3 different datasets for this evaluation; Ranger (6D), SVM (8D), and
XGBoost (16D), covering problems from 6 to 16 input dimensions (hyperparameters to optimize).

Moreover, we evaluate MBO-HF in the real-world tasks of energy yield optimization for inertial
confinement fusion (ICF), (Betti and Hurricane, 2016; Lees et al., 2021; Gopalaswamy et al.,
2019, 2024), practical molecular optimization (PMO) (Gao et al., 2022), and critical temperature
maximization for (Superconductor) materials (Trabucco et al., 2022). The input dimensions are
5, 86 and 2048 for ICF, superconductor and PMO respectively. Furthermore, we evaluated our
approach using the HPO-B benchmark (Pineda Arango et al., 2021), which includes datasets with
hyperparameters and accuracy metrics for various classification models across different search spaces.
We selected Ranger 6D, SVM 8D and XGBoost 16D datasets to cover problems with 6 to 16 input
dimensions.

4 Results

MBO-HF outperforms previous BO approaches in terms of simple regret while optimizing unseen
target tasks as seen in Figure 2. We compare MBO-HF against CoExBO (Adachi et al., 2024), the
SOTA approach for human-in-the-loop BO, and NAP (Maraval et al., 2023), the SOTA for Meta-BO.
Moreover, to evaluate the isolated impact of our proposed AF we design a new baseline, which we
call MCoExBO. MCoExBO uses the same AF proposed in CoExBO. However, the single-task GPs
are replaced by TNPs. Both MBO-HF and MCoExBO were meta-trained on the same training sets.
Similarly, for fairness of comparison, the GP used by CoExBO was initialized with the training data.

Figure 3 shows the ablation study where we explore the influence of experts’ hypotheses on the
performance of MBO-HF. Similar to Cisse et al. (2024), we assume access to the target function
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ftarget and consider three experimental settings: Expert Hypothesis (EH), Random Hypothesis (RH),
and Adversarial Hypothesis (AH).

5 Conclusion

We presented MBO-HF, an explainable approach for Meta Bayesian Optimization with human
feedback. We evaluated our method on energy yield optimization in ICF and across five different
hyperparameter optimization tasks. Our results showed that MBO-HF surpasses current SOTA for
human-AI collaboration and Meta-BO. Moreover, we assessed the impact of experts’ knowledge
on the optimization process and showed that its integration with Meta-BO is beneficial. Moreover
enabling human-in-the-loop is essential for ICF given its experimental complexities and variabilities.
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