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Abstract

Inertial Confinement Fusion (ICF) holds transfor-
mative promise for sustainable, near-limitless clean
energy, yet remains constrained by prohibitively
high costs and limited experimental opportuni-
ties. This paper presents Human-in-the-Loop Meta
Bayesian Optimization (HL-MBO), a framework
that integrates expert knowledge with few-shot,
uncertainty-aware machine learning to accelerate
discovery in data-scarce, high-stakes scientific do-
mains. HL-MBO introduces a meta-learned sur-
rogate model with an expert-informed acquisition
function to recommend candidate experiments. To
foster trust and enable informed decisions, HL-
MBO also provides interpretable explanations of its
suggestions. We show that HL-MBO outperforms
current BO methods for ICF energy yield optimiza-
tion, as well as benchmarks in molecular optimiza-
tion and critical-temperature maximization for su-
perconducting materials.

1 Introduction

The global community faces an existential challenge: the
need to meet increasing energy demands while rapidly de-
carbonizing to mitigate the effects of climate change. Inertial
Confinement Fusion (ICF) represents a transformative solu-
tion to this crisis, offering a path to a near-limitless, carbon-
neutral power source without the long-lived radioactive waste
or risks associated with traditional nuclear fission.

However, ICF experimental facilities are among the most
complex and expensive machines ever built. Consequently,
experiments are extremely costly and researchers are limited
to only a few shots annually. For this reason, there is an ur-
gent need for highly efficient optimization methods that can
maximize the insights gained from every single experiment,
effectively accelerating the timeline to a clean energy future.

Bayesian Optimization (BO) has shown promise in op-
timizing expensive black-box functions, using a surrogate
model and acquisition function (AF) to guide experimental
sampling [Feurer et al., 2015; Snoek et al., 2012; Wang et
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al., 2023]. However, BO faces skepticism due to its black-
box nature and insufficient sample efficiency for complex
tasks like ICF [Betti and Hurricane, 2016; Lees et al., 2021;
Gopalaswamy et al., 2019; Gopalaswamy er al., 2024].

Recent research incorporates human expertise into BO
through human-in-the-loop methods, preference learning and
explainability [Colella er al., 2020; A V ef al., 2022; Gupta
et al., 2023; Hvarfner et al., 2022; Adachi et al., 2024].
While promising, these methods are limited to single-task
optimization, requiring the process to restart for each new
task. Toaddress new optimization tasks’ sample efficiency
and leverage accumulated knowledge, Meta-Learning within
Bayesian Optimization (Meta-BO) has garnered increasing
interest [Bai et al., 2023].

In Meta-BO, the surrogate model and/or AF are trained us-
ing Meta-Learning techniques on a set of source tasks, en-
abling rapid adaptation to new, unseen problems. Despite the
promising transfer learning capabilities of Meta-BO, funda-
mental challenges remain unaddressed for expensive scien-
tific experiments. The trustworthiness and explainability of
Meta-BO decisions, necessary for adoption in high-stakes do-
mains, have received little attention. Furthermore, the princi-
pled integration of valuable expert knowledge to potentially
amplify optimization performance within Meta-BO remains
an open problem.

To address these limitations, we introduce HL-MBO,
an explainable human-in-the-loop framework for Meta-
Bayesian Optimization. Developed through a direct partner-
ship between Al researchers and ICF physicists, HL-MBO
integrates expert knowledge with few-shot, uncertainty-aware
machine learning to accelerate discovery in data-scarce, high-
stakes scientific domains. Built with interpretability in mind,
HL-MBO provides insights into its decision-making process,
helping to foster trust and expert engagement. An overview
of the framework is presented in Figure 1. We summarize our
main contributions as follows:

* We propose HL-MBO, the first framework that inte-
grates human-in-the-loop and Meta-BO. We demon-
strate how this framework achieves superior perfor-
mance against state-of-the-art (SOTA) human-aided BO
and Meta-BO methods in high-stakes applications such
as ICF.

* We propose a new formulation for an expert-informed
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Figure 1: Refinements proposed in HL-MBO over standard Bayesian Optimization. HL-MBO trains a meta-surrogate using related source
tasks and integrates a preference model to incorporate expert knowledge. During online black-box optimization the meta-surrogate and
preference model are used in conjunction with an AF to optimize the target function (scientific experiment), providing explanations to

support decision-making.

AF, which integrates both preference learning and ex-
perts’ hypotheses, and study the effect that human ex-
pertise can have over the optimization process.

* We implement a comprehensive explainable frame-
work for Meta-BO, leveraging uncertainty quantifica-
tion, Shapley values and LIME to provide users with
insights into the model’s decision-making process and
foster trust.

2 Background

2.1 Challenges of Yield Optimization for ICF

Inertial Confinement Fusion (ICF) achieves nuclear fusion
by using lasers to compress and heat a deuterium-tritium
fuel pellet to extreme temperatures and pressures, overcom-
ing electrostatic repulsion between nuclei and releasing en-
ergy [Betti and Hurricane, 2016]. Energy yield is highly sen-
sitive to the laser pulse shape (LP), which drives ignition
within 3 ns and is controlled by five critical parameters.

ICF experiments are extremely costly due to the sophisti-
cated laser systems and harsh operating conditions. More-
over, access to ICF-capable facilities is limited, with only
5-10 shots typically conducted per day and just a few ex-
perimental days available each year.

Although simulators can generate data to train surrogate
models or warm-start optimization, discrepancies between
simulated and real outcomes often arise due to the system’s
complexity. As a result, there is a strong need for methods
that can leverage simulation data but still be able to quickly
adapt on the fly to compensate for these discrepancies.

2.2  Meta Bayesian Optimization

Bayesian Optimization (BO) is a technique that considers
an objective function f as a black-box and aims to find the
global optimum by sequentially selecting points to evalu-
ate based on the information obtained from previous evalu-
ations [Garnett, 2023]. Meta-Bayesian Optimization (Meta-
BO) approaches aim to improve the optimization of new
unseen target black-box functions by leveraging knowledge
from a set of NV related source tasks (functions) F [Maraval
et al., 2023]. We assume the model has access to this knowl-
edge as datasets Dy, ...., Dy. Each dataset D,, consist of e,
evaluations of f,(x) € F forall n € {1,..., N}, such as

Dy = {(x7,, yp) }iZy» where yj, = fr(a7,).

In single-task scenarios, GPs have traditionally been the
primary tool for constructing surrogate models. However, in
the context of Meta-BO, recent studies highlight the superi-
ority of uncertainty-aware meta-learning approaches, such as
Neural Processes (NPs) [Garnelo et al., 2018]. NPs are a class
of models that combine the expressive function approxima-
tion capabilities of neural networks with the stochastic prop-
erties of GPs. Trained following a meta-learning framework,
NPs enable rapid adaptation to new functions at test time [Jha
et al., 2023]. Given a dataset of input-output context samples
D.. and an unlabeled set of [ target locations X7 = {z'}._;
in which we would like to make predictions, NPs generate a
distribution p(-| X7, D) that approximates the true posterior
over the target labels Vr.
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3 HL-MBO

HL-MBO is an explainable meta-learning human-in-the-loop
framework that improves the efficiency and trustworthiness
of black-box optimization. HL-MBO accelerates the opti-
mization of high-stakes experiments by synthesizing histor-
ical task data with real-time expert insights, ensuring rapid
convergence even in data-scarce environments.

The methodology presented here was developed through
direct and iterative discussions between Al researchers and
ICF physicists to ensure the framework addresses real-world
experimental problems. Moreover, central to our approach is
an expert-guided AF where the ICF experts acted as domain
leads.

3.1 Preference Learning

Traditional Meta-BO approaches overlook the valuable in-
sight that human experts can provide. In resource-intensive
scientific applications such as ICF, effectively leveraging this
expert knowledge is critical to increase experimental effi-
ciency. To address this problem, HL-MBO incorporates a
preference model built on binary preference learning [Adachi
et al., 2024; Bradley and Terry, 1952; Lun Chau et al.,
2022al. We construct a preference dataset by presenting
experts with pairs of candidate points, {x1,22}, and ask-
ing them which point is more likely to be a better candi-
date for experimental evaluation. Specifically, experts label
each pair based on their preferences. This process is repeated
M times, resulting in a dataset Dyer = {2}, 25, Y} s} it
where yprer is 1 if 21 is favored over x», and O other-
wise. Dy is then used to build a binary preference func-
tion g, which follows a likelihood model: P(Yprer, |21, 22) =
S (Ypret; 9(x1,22)). Where S(Yprer; 2) 1= 2%l (1 — z) 1 et
represents a Bernoulli likelihood and g(x1, x2) represents the
user’s preference level for 1 compared to x. To model func-
tion g, we employ Dirichlet-based GPs [Adachi ez al., 2024;
Milios et al., 2018] combined with skew-symmetric data aug-
mentation [Lun Chau et al., 2022b]. Following this approach
allows us to estimate a preference model 7 as GPs that gen-
erate a distribution p, (-| X7, D.) that approximates an expert
aligned posterior given a set of target locations A and con-
text samples D,.

3.2 Experts’ Hypotheses

Typically, the set of pair candidate points {x1,x2} presented
to human experts is randomly selected [Adachi et al., 2024].
However, this random process is impractical and faces re-
sistance from human experts in complex tasks due to the
large number of samples that require labeling. A more ef-
ficient approach would be to reduce the sampling space to
high-quality zones and reduce the number of samples re-
quiring labeling by improving sample quality. To achieve
that, we explore the concept of experts’ hypotheses [Cisse
et al., 2024] in the scope of preference learning. Experts’
hypotheses can be defined as subsets H C X of the over-
all search space, where experts identify a range of val-
ues considered promising. For instance, in a 2D problem
(two features), a hypothesis might be specified as H =
{xeX|0.1<x;<0.7, 0.5<x2 <0.9}, where x; and

xo refer to features 1 and 2, respectively. Instead of per-
forming a selection of pairs across the entire search space,
we constrain the selection to points that fall within these de-
fined hypotheses. This constraint applies exclusively dur-
ing Dyer construction, without interfering with online black-
box optimization’s flexibility to explore beyond hypothesis
boundaries. This minimizes influence on the optimization
process while improving preference data collection efficiency
and quality.

3.3 Meta Training

A key shortcoming of prior human-aided BO techniques is
their inability to exploit the rich information contained within
historical experimental data or simulations [Gupta et al.,
2023; Hvarfner et al., 2022; Adachi et al., 2024; Souza et al.,
2021; Ramachandran et al., 2020; Chakraborty et al., 2024;
Akata et al., 2020; Venkatesh et al., 2022]. In this work, in
parallel with constructing the preference model, we train a
Meta-BO model using a set of related source tasks and TNPs.
TNPs are particularly well suited for this setting as they pro-
vide a robust method for uncertainty-aware meta-learning by
leveraging sequence modeling, enabling sample efficient op-
timization. We consider each set D,, € {D1,....,Dn} con-
taining e,, evaluations as an ordered training sequence. A ran-
dom subset of each training sequence is selected as the con-
text set,.comprising context pairs (1., Y1.m ), Which serve
as few-shot conditioning for the transformer model. Subse-
quently, the TNPs autoregressively model the predictive like-
lihood of the remaining (e,, — ) target points and optimize
the objective:

AC(G) = Exl:en-,ylzen,m [Inge(ym—i-l:en | zl:en,yylzm)} - (D

During each training iteration, the indices n (dataset) and
m (context-target split) are picked uniformly to define the
division of the samples into context and target points. For
the transformer architecture in TNPs, we adopt the GPT-style
model described in [2022].

3.4 Acquisition Function

In expert-aided BO, we aim to find the point in the parame-
ter space that leads to the best performance while considering
experts’ preferences. CoExBO [Adachi et al., 2024] estab-
lished a principled approach by combining GP-based surro-
gate model S and preference model 7 through a UCB acqui-
sition function as . as:

asx () = ps . (x) + 05 7 (2) (2)
psrle) = 2 o)+ B Dust) 0
o2 (g) e Zr(@)o5(@)

S2(x) == o2 (x) + ytPog(x), (5)

where fis, 0% and i, 02 are the predicted mean and vari-
ance (uncertainty) of the surrogate model S and the prefer-
ence model 7, respectively. The parameter -y is a decay factor
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and ¢ represents the current time step in the optimization pro-
cess. ~ ensures that the information provided by 7 decays,
so the impact of 7 is high at the start of the optimization but
allows S to take over at later stages. As demonstrated by
[Adachi er al., 2024], this formulation offers a no-harm guar-
antee, where even in a worst-case scenario the preference-
influenced AF achieves convergence rates comparable to or
better than those of standard BO AFs.

While CoExBO demonstrated strong single-task perfor-
mance, it cannot leverage knowledge transfer from prior
experiments or simulations, a crucial limitation for expen-
sive scientific optimization where historical data from related
tasks is available. Additionally, empirical studies have shown
Expected Improvement (EI) often outperforms UCB in prac-
tical optimization scenarios [Merrill ez al., 2021].

To address these limitations, we introduce a meta-learned
TNP surrogate S to replace the standard GP-based surrogate
used in traditional approaches. This enables knowledge trans-
fer from related source tasks. Second, we formulate a new
human-aided AF based on Expected Improvement to better
exploit the improvement-based criterion. Our El-based for-
mulation as () is defined as:

asr(r) = (psx(x) = f(2") = )@(Z) + 05,2 (2)p(Z)

(6)
_ psa(@) = fah) = ¢
Z = s (@) ) )

where f(zT) is the best observed value so far, ®(-) is the
cumulative distribution function (CDF) and ¢(-) is the prob-
ability density function (PDF) of Z [Tacq, 2010]. The pa-
rameter £ is a small positive hyperparameter that encourages
exploration. Crucially, we retain the decay-based uncertainty
combination structure from Equations 3-4 (see Technical Ap-
pendix C), which preserves the intended no-harm behavior of
progressively reducing preference influence over time. We
then replace the underlying components ps and 0% with the
predictive mean and variance derived from our meta-trained
TNP, enabling meta-learning capabilities within the same ac-
quisition framework.

To provide users with flexible optimization strategies, HL-
MBO also offers a preference-free AF as(z) that applies
standard Expected Improvement over the meta-surrogate
alone (us and %), enabling pure data-driven optimization.

3.5 Explainability

To assist human experts in making informed decisions dur-
ing the optimization process, we provide explanations of the
model predictions. First, we present visual representations of
the TNPs’ predicted experimental output (TNPs Mean) and
its uncertainty levels, along with the AF values for the pro-
posed HL-MBO candidates. Presenting uncertainty is partic-
ularly important because it highlights the confidence level of
the model in its predictions. Figure 2(a) shows an example
of these representations for general applications. We include
representations for the specific task of ICF energy yield opti-
mization in Section B of the Technical Appendix.

Moreover, we incorporate two widely used explainability
methods: Shapley values (SHAP) [Shapley, 1952; Lundberg
and Lee, 2017] and Local Interpretable Model-Agnostic Ex-
planations (LIME) [Rodemann er al., 2024; Ribeiro et al.,
2016].

Figure 2 (b) provides an example of the explanation gen-
erated by SHAP and LIME for the user. ”X1” and "X2”
denote the two candidate points proposed by as and as r,
respectively. For each candidate point, the bars represent
the Shapley or LIME attribution value of the features in re-
lation to their respective AF score, TNPs’ predicted mean
and TNPs’ uncertainty at proposed location. The divergence
in feature attributions across methods offers human experts
complementary perspectives on the model’s reasoning. Pro-
viding these diverse explanations empowers experts to iden-
tify truly influential features with greater confidence, facilitat-
ing precise and targeted interventions in the optimization pro-
cess. Furthermore, this multi-faceted explainability enables
experts to critically analyze and potentially discard candidate
solutions when the observed feature importance deviates sub-
stantially from their domain knowledge or expected behavior,
fostering a more robust and reliable optimization loop. In our
collaboration, ICF experts utilized these attributions to ver-
ify if suggested laser pulse parameters aligned with known
physical sensitivities, allowing them to confidently override
or accept model-predicted “shots” based on domain intuition.

3.6 Explainable Expert Guided Optimization

Given a trained meta-surrogate model S, a preference model
, a target function fieer, and a context dataset D, which
contains a set of Z initial input-output samples which have
been evaluated on fiareer, We start the optimization process by
generating a pair of candidate points x; and x5 where:

x1 = argmax as ()

To = argmax as - ()
reX rzeX

Given these candidates, we provide explanations about them
and the expert selects between both options. Subsequently,
this newly selected input-output pair {x;,y;} is appended to
the dataset D, D, < D.U{x;,y;}. D, is used as context for
the surrogate to adapt its predicted posterior over the current
function fiareer and a new pair of candidate points is generated.
Since we are using TNPs, this adaptation does not require any
gradient updates and only a forward pass with the new con-
text D, as input is necessary. This iterative process continues
until a budget of points to evaluate B is reached. HL-MBO’s
overall optimization process is shown in Algorithm 1.

4 Experiments

We evaluate HL-MBO across diverse domains to address
three research questions: (1) performance on optimizing
black-box tasks, (2) the influence of expert preferences, and
(3) the impact of experts’ hypotheses.

For ICF, we evaluate HL-MBO in the task of energy yield
optimization, where we optimize 5 critical parameters of a LP
in order to maximize energy generation.

Moreover, to demonstrate generalization across domains
we make use of the HPO-B benchmark [Pineda Arango et
al., 2021] a popular hyperparameter optimization benchmark
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Figure 2: (a) Visual representation of the expected experimental output (TNPs’ Mean) and the associated uncertainty of the prediction for
both candidate points proposed. (b) Feature attribution using SHAP and LIME on the ICF optimization task over 5 features, for the two
candidate points proposed by HL-MBO. Each bar represents contribution with respect to the BO metrics (AF, Expected Output, Uncertainty

Estimation).

Algorithm 1 HL-MBO algorithm

Input: Meta-surrogate S, preference model 7, target func-
tion fiarger, initial samples Z, budget B.

1: Initialize D, < Z input-output pairs.

2: fori=1to B do

3:  Obtain posterior p(-|D.) from S and 7.

4:  Propose candidates {x1, 22} using s and as .

5 Present candidates with explanations to expert.

6 Expert selects x, € {x1,22}, evaluate furet(zp) =

Yp-
7: Update D. < D.U{xp,yp}.
8: end for

used to evaluate Meta-BO approaches. We selected 3 dif-
ferent datasets for this evaluation; Ranger (6D), SVM (8D),
and XGBoost (16D), covering problems from 6 to 16 input
dimensions (hyperparameters to optimize).

Additionally, we evaluate HL-MBO.in the real-world high
dimensional tasks of critical temperature maximization for
Superconductor (86D) materials and practical molecular op-
timization (PMO) (2048D) [Gao et al., 2022; Trabucco et al.,
2022].

Additional experimental details and dataset descriptions
can be found in the Technical Appendix.

4.1 HL-MBO Performance

To answer the first question, we compare HL-MBO against
CoExBO and wBO [Hvarfner et al., 2022; Adachi et
al., 2024], SOTA approaches for human-in-the-loop BO,
NAP [Maraval et al., 2023], the SOTA for Meta-BO, and a
standard TNP+EI [Nguyen and Grover, 2022]. Moreover,
to evaluate the isolated impact of our proposed AF, we de-
sign a new baseline, a meta-learning version of CoExBO
(MCoExBO). MCoExBO uses the same UCB-based AF pro-
posed in CoExBO; however, the single-task GPs are replaced
by TNPs. Both HL-MBO and MCoExBO were meta-trained
in the same training sets. Similarly, for fairness of compari-
son, the GPs used by CoExBO were initialized with training

data. For all cases, the methods were evaluated on a set of
test tasks that have not been seen during training.

For ICF, the ICF experts actively formulated hypotheses
and selected from the candidate experiment pairs. Two ICF
physicists provided 100 pairwise labels in about one hour, and
two ICF experts selected between the two candidates dur-
ing online optimization. For the HPO-B, superconductor
and PMO tasks, we simulate human decision making for se-
lecting candidate points proposed by the AFs as, as » and
constructing D,,..r, by employing the synthetic human se-
lection method outlined in [2024]. In this simulation, user
selection is modeled as fruman (1) > fruman(22), Where
fhuman (33) = fta'r'get(x) + €pref and €pref "~ N(l’, 0, Up2ref)-
For hypothesis selection, we simulate expert knowledge by
dividing the search space into slices of size M = 100 and
choosing the slice that contains the optima. For our experi-

2 _
ments o.¢ = 0.1.

We set Z = 1 for all tasks to emulate a real-world setting
where sampling is costly. We evaluated all methods using 25
random seeds for the HPO-B and superconductor tasks and 5
random seeds for the ICF and PMO tasks.

As is common in BO literature, we evaluate performance
in terms of simple regret, defined as R; = f(x*) — f(z;),
where z; is the best input point found up to and including
time step ¢ [Volpp et al., 2020; Maraval et al., 2023]. Given
that, on average, a maximum of 10 shots can be fired dur-
ing an ICF experiment day, we set our optimization budget
B = 10 for the ICF evaluations. Figure 3 presents the re-
sults of this evaluation. HL-MBO significantly outperforms
all baselines, achieving the lowest regret with the fewest op-
timization steps. For ICF, HL-MBO reaches the optimum in
4 samples compared to 9 for the other methods, achieving a
44% improvement in sample efficiency.

As shown by MCoExBO, replacing the GP-based surrogate
with TNPs improves optimization performance. However, us-
ing TNPs alone is insufficient, as MCoExBO does not match
the performance of HL-MBO. This highlights the effective-
ness of our AF formulation in driving superior optimization
outcomes.

A more granular analysis of HL-MBO’s success in the ICF
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Figure 3: Results of the comparison between HL-MBO and the base-
lines. The lower the better. The shaded areas represent a -1 stan-
dard deviations. HL-MBO outperforms the baselines on all 6 bench-
marks. Moreover, we can observe that HL-MBO is able to achieve
the best sample efficiency in the scientific applications of ICE, PMO
and Superconductor.

domain is provided in Technical Appendix B.

4.2 Robustness Analysis

Hypothesis Evaluation In this ablation, we explore the in-
fluence of experts’ hypotheses on the performance of HL-
MBO. For this experiment, we assume access to the target
function f;4,ge; and consider three experimental settings: Ex-
pert Hypothesis (EH), Random Hypothesis (RH), and Adver-
sarial Hypothesis (AH). To construct these hypotheses, we
partition the search space X1 in K slices of size M. For each
slice k € K, we evaluate all input values 2§ € X% and gen-
erate datasets Dy, = {(x%,y!)}M,. The Expert Hypothesis
represents an optimal scenario. We construct it by selecting
the slices that contain the optima. On the other hand, the
Adbversarial Hypothesis simulates the worst-case scenario, we
choose the slice k where the cumulative sum V;, = Zgo i
is the lowest. For the Random Hypothesis, we uniformly
sample from X7. We also added CoExBO and NAP for com-
parison.

Figure 4 presents the results of this ablation study. De-
spite the Adversarial Hypothesis impacting HL-MBO’s per-
formance, it still outperforms CoExBO and matches NAP’s
performance in most tasks, highlighting HL-MBO’s robust-
ness. Moreover, the Random Hypothesis surpasses NAP on
average across the six different tasks, demonstrating the HL-
MBQ’s ability to maintain strong performance even without
access to an optimal hypothesis.

- CoExBO +  MBO-HF-Random Hypothesis
NAP - = MBO-HF-Adversarial Hypothesis
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Figure 4: Results of the comparison between different hypothesis.
Expert and Adversarial represent the best-case and worst-case sce-
narios, respectively, for sampling in the preference learning initial-
ization. Random, represents uniform sampling.

Accuracy Evaluation We study the effect of correctness
in experts’ selections when building dataset Dprr. Specif-
ically, we assess how the accuracy in selecting the input
value z,, that yields the highest output y,, from the candidate
pairs {x1, z2} affects HL-MBO’s performance. We evaluate
the performance of HL-MBO on different experts’ accuracy
thresholds: 50%, 75% and 100%. To conduct this analysis,
we assume access to the target function, which allows us to
evaluate all pairs of inputs in Dy.r and generate the corre-
sponding datasets for each accuracy level. For all three cases
we consider a good hypothesis. Figure 5 shows the results
of this evaluation. In most cases, 75% and 100% accuracy
levels, which represent some level of knowledge about the
black-box function by the expert, show better performance
than random selection (50%), emphasizing the crucial role of
expert input in the optimization process. Moreover, we can
see that in most cases even 75% offers significant benefits.

Exploration Hyperparameter Evaluation We investigate
the influence of the parameter £ which governs the balance
between exploration and exploitation in our El-based AF.
Higher values of £ encourage more exploration. The results
of this evaluation are shown in Figure 6. Across all domains,
smaller values of ¢ within the range of 0.1 and 0.3 generally
yield better performance compared to 0.5. However, domains
such as Ranger and SVM require a higher level of explo-
ration, as £ = (0.3 obtains the best performance. These find-
ings highlight that the optimal value of £ is domain-specific
and must be carefully tuned to suit the problem at hand. Fol-
lowing standard practices, we use validation sets to fine-tune
¢ for our experiments.
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Figure 5: Results showing the accuracy of experts in selecting the
better point from each presented pair during preference model con-
struction. 50% accuracy indicates random choice.

5 Related Work

Human-aided and Explainable BO While no prior work
has integrated few-shot meta-learning into human-aided ex-
plainable BO as proposed in this paper, recent efforts have
advanced both explainable and human-in-the-loop BO.

One methodology is to incorporate human knowledge into
BO by encoding it as a prior over the input space [Hvarfner
et al., 2022; Souza et al., 2021; Ramachandran et al., 2020;
Cisse et al., 2024; Hvarfner et al., 2024], guiding the search
toward promising regions. However, this requires users to
precisely express their expertise, which becomes challenging
in high-dimensional spaces [Mikkola et al., 2021].

Another strategy engages humans during optimization, al-
lowing them to reject or label points based on intuition or ex-
pertise [Gupta ef al., 2023; Adachi et al., 2024; Chakraborty
et al., 2024; Akata et al., 2020; Venkatesh et al., 2022;
Borji and Itti, 2013]. This interactive strategy enables more
adaptive exploration of the search space and presents the ex-
pert with a simpler avenue to integrate their knowledge.

Methods for explainable BO have also emerged, provid-
ing insight into BO decisions to improve user understand-
ing [Adachi er al., 2024; Rodemann et al., 2024; Chakraborty
et al., 2023; Li and Adams, 2020]. These approaches aim
to improve user understanding of the decision-making pro-
cess, providing insight during or after optimization to support
a more informed evaluation of candidate solutions.

Optimization for ICF Standard BO has been applied to
target design and experimental optimization in ICF [Chung
et al., 2020; Vazirani et al., 2024; Hatfield et al., 2019;
Li et al., 2023; Vazirani et al., 2023]. Additionally, surro-
gate models built from ICF simulations or historical data have
been used for efficient experimental optimization [Chung et
al., 2020; Humbird and Peterson, 2022; Wu et al., 2022;
Gaffney et al., 2024; Ben Tayeb et al., 2024; Vander Wal et
al., 2023]. However, these approaches have yet to explore
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Figure 6: Results of the comparison between different values of &,
which controls the level of exploration in HL-MBO’s AF.

meta-learning or human-aided strategies to enhance trustwor-
thiness and performance.

6 Conclusion

We presented HL-MBO, an explainable human-in-the-loop
Meta Bayesian Optimization approach. We evaluated our
method across three different hyperparameter optimization
tasks and the real-world tasks of energy yield optimization
in ICF, practical molecular optimization, and critical temper-
ature maximization for superconductor materials. Our results
showed that HL-MBO surpasses current SOTA for human-Al
collaboration and Meta-BO. Moreover, we assessed the im-
pact of experts’ knowledge on Meta-BO and showed that its
integration is beneficial.

Our work can have a significant impact on real-world sci-
entific applications where experiments are costly but expert
knowledge is available. In a critical domain like ICF, we
demonstrate that HL-MBO outperforms all baselines. Ad-
vancing research in this direction, brings us closer to the goal
of developing nearly limitless clean energy, which could have
profound environmental and societal benefits.

6.1 Limitations

Meta-BO requires access to a set of related source tasks
which might not be available in some cases. Moreover, train-
ing TNPs can be computationally expensive. While effective,
eliciting precise and comprehensive hypotheses from domain
experts in complex, high-dimensional real-world settings is
challenging, suggesting avenues for future research into in-
teractive or automated elicitation methods. Furthermore, our
method requires input from human experts, which might not
be available in all cases.
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