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Abstract

The global demand for clean energy has brought Inertial Confinement Fusion (ICF)
to the forefront of sustainable power research. Due to the high cost and limited
availability of ICF experiments, optimization methods must achieve exceptional
sample efficiency. Bayesian Optimization (BO) is a standard tool for expensive
black-box function optimization, yet it suffers from a “cold-start” problem, ne-
glecting prior knowledge from simulations and past experiments. We propose a
Meta-Bayesian Optimization (Meta-BO) approach that integrates prior tasks into
the BO loop. Our method introduces boundary-box constraints, dual acquisition
strategies, and interpretability candidates. Our method (MBO) achieves substantial
performance gains over existing BO approaches in ICF energy-yield optimization,
demonstrating sample efficiency and accelerating the path to a sustainable fusion
power source.

1 Introduction

The urgent need for sustainable energy has placed Inertial Confinement Fusion (ICF) at the center
of modern scientific research. By using powerful lasers to compress and heat fuel pellets to fusion
conditions, ICF offers a path toward a nearly limitless, carbon-free power source. Despite this
promise, the path to ignition is challenging. ICF experiments are exceptionally complex, costly, and
limited to only a handful of opportunities annually. This reality makes sample efficiency, the ability
to find an optimal solution with the fewest experiments possible, the single most critical factor in a
successful research campaign.

Bayesian Optimization (BO) has been the go-to method for optimizing expensive, black-box environ-
ments (Feurer et al.,[2015}; Snoek et al., [2012; Wang et al., 2023 |Shmakov et al., 2023 |Gundecha
et al.,[2024} |Gutierrez et al., [2024} |Ghorbanpour et al., [2024). However, traditional BO begins each
new optimization campaign with no prior knowledge, essentially starting from scratch every time.
This approach is inefficient and wastes valuable experimental opportunities.

To solve this, we study Meta-Bayesian Optimization (Meta-BO) as a paradigm for ICF optimization
(Bai et al.| |2023)). Instead of starting from a blank slate, Meta-BO learns from a library of related
source tasks, such as simulations. It then uses this pre-trained knowledge to rapidly adapt its surrogate
model and acquisition function to a new target experiment. This approach allows the optimization
to begin in a much more informed state, leading to faster convergence and a higher probability of
finding a superior solution.
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In this work, we adapt a Transformer Learning Processes (TNPs) (Nguyen and Grover, |2023)) and
propose a set of improvements to the standard BO loop for the ICF domain. Our findings provide
a tangible and impactful solution for ICF practitioners. By empowering researchers with a tool
that makes their experimental campaigns dramatically more effective, our work directly accelerates
progress toward the ultimate goal of fusion energy.

2 Background

2.1 ICF

Inertial Confinement Fusion (ICF) harnesses nuclear fusion by compressing and heating a small fuel
pellet, typically a deuterium-tritium mixture, to extreme temperatures and pressures. This is primarily
achieved using high-power lasers that deliver a massive, precisely shaped energy burst within a
few nanoseconds. The goal is to create conditions where atomic nuclei can overcome their natural
repulsion and fuse, releasing substantial energy. The efficiency of this energy release is critically
dependent on the laser pulse shape, which during an ICF experiment is optimized by controlling two
essential parameters, the foot power and the picket power (Betti and Hurricane, 2016} [Lees et al.,
2021; Gopalaswamy et al., 2019,2024). A representation of the pulse shape is shown in FigureE}

2.2 Bayesian Optimization

Bayesian Optimization (BO) is a sequential decision-making framework for optimizing black-box
objective functions f whose evaluations may be expensive or time-consuming (Garnett, 2023)). It
aims to find the global optimum z* = argmax_ ., f(z), where X C R? is the input domain and z*
denotes the maximizer.

BO operates by constructing a surrogate model of f from past evaluations, then using this model
to guide the selection of the next query point x € X’ via an acquisition function (AF). Gaussian
Processes (GPs) are a common choice for surrogates due to their flexibility and well-calibrated
uncertainty estimates. Popular AFs include the Upper Confidence Bound (UCB) (Jones, 2001}
Srinivas et al.l 2012) and Expected Improvement (EI) (Mockus et al., [{1978]; Jones et al.| |1998)), which
balance exploration of uncertain regions with exploitation of promising areas (Garnett, [2023).

2.3 Meta-Bayesian Optimization

Meta-Bayesian Optimization (Meta-BO) extends BO by leveraging knowledge from N related
source tasks JF to accelerate the optimization of a new, unseen target black-box function (Maraval

et al., [2023). The prior knowledge is provided in the form of datasets D1, ..., Dy, where each
D, = {(z}, v2) iy, vl = falzl), fn € F, contains e, evaluations from the n-th source
function.

While GPs have been the dominant surrogate model in single-task BO, Meta-BO often benefits from
uncertainty-aware meta-learning methods such as Neural Processes (NPs) (Garnelo et al., 2018). NPs
combine the expressive power of neural networks with the probabilistic nature of GPs, and are trained
in a meta-learning framework to enable rapid adaptation to new functions (Jha et al., 2023).

Given a context set D, of observed input—output pairs and an unlabeled set of target inputs X7 =
{x}L_,, NPs produce a predictive distribution p(- | X7, D) that approximates the true posterior
over the target outputs Vr.

Building on recent state-of-the-art advances (Nguyen and Grover, 2023} [Maraval et al., [2023; [Feng
et al., 2023} |[Miiller et al., [2023)), this work adopts Transformer Neural Processes (TNPs), a variant of
NPs that employs transformer architectures for enhanced representation learning and scalability.

3 Meta-Bayesian Optimization for ICF

Transformer Neural Processes (TNPs) have demonstrated impressive performance as surrogate models
in meta-learning settings (Nguyen and Grover, 2023} |Gutierrez et al.,|2024} |Gundecha et al., [2024).
We build on prior TNP-based Meta-BO approaches and propose three refinements tailored to ICF:



* We introduce AF boundary boxes to enforce diversity in candidate experiments.

* We propose a dual acquisition function strategy that offers practitioners diverse candidate
solutions.

* We offer interpretable response surface representations of the surrogate’s predictions and
AF values to provide practitioners with deeper insights about the optimization.

These enhancements are specifically designed to address the unique constraints of real-world, high-
stakes experiments.

4 Boundary Boxes

For ICF, the high cost and limited availability of experimental time make it essential to avoid
redundant trials, which would otherwise be a waste of valuable resources. To enforce this practical
constraint, we introduce the concept of boundary boxes to a standard AFs, such as EI or UCB.
Instead of allowing the AF to propose points anywhere in the search space, we define and mask
regions around previously sampled points, making them "invisible" to the AF and thus preventing
re-sampling. The sizes of these regions can be dynamically changed and are defined by the ICF
experts during an online experiment.

Let the search space be X C R”, where D is the number of experimental parameters and the set
of previously sampled points be Xy = {X1,...,X;_1}. We define a hyperrectangular boundary
box B; around each point x; to be excluded from the search. This box is defined by a vector of radii
r = (rq,...,rp), where each r; specifies the half-width of the box in dimension j.

The boundary box B; around a point x; is formally given by:
Bi={xeX||xj—xi;| <r;, Vie{l,...,D}}L

We then define the total excluded region as the union of all such boxes, B = Uf;ll B;. The standard
acquisition function AF'(x) is then modified to create a masked acquisition function, A Fjpasked (X),
which effectively discourages sampling within the excluded regions:

AFmasked(X) = {AF(X) %fX ¢ b

—00 ifxekB
The next experimental point is then chosen by maximizing this masked function over the entire
search space, ensuring it is a predefined distance away from all previously tested points: x; =
arg maxxex AFmasked(X). This mechanism guarantees the exploration of novel parameter spaces
while adhering to practical experimental requirements.
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Figure 1: Illustration of an ICF trajectory in the early stages of optimization. EI primarily proposes to
exploit regions with high surrogate predictions, while UCB prioritizes exploration of uncertain regions. Such
visualizations provide ICF practitioners with insights to select the candidate most likely to succeed. The
numbering represents the order in which samples were taken. The red boxes represent the boundary boxes
defined by the ICF expert.



4.1 Dual Acquisition Function

In high-stakes scientific optimization, a single acquisition function recommendation may not always
provide the most useful guidance to a practitioner. To offer a more comprehensive view of the
search space, we propose a dual acquisition function approach. Instead of a single candidate point,
we provide two distinct points, each offering a different perspective on where to conduct the next
experiment. In our approach, the first candidate is proposed using EI as AF, while the second
candidate is chosen by UCB.

To ensure these recommendations are meaningfully different from one another, we apply our boundary
box mechanism between the two proposed candidates. This ensures the candidates are not in the
immediate vicinity of each other, guaranteeing that both options represent a meaningful step in the
optimization process.

4.2 ICF Response Surface Representations N
ICF Optimization
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For ICF, it is crucial to offer users transparent and
interpretable representations of the predictions and
decisions generated by complex black-box models,
such as the one proposed in this paper. To enhance
user understanding and trust, we provide intuitive
visual representations that convey both the predicted
outputs of the TNPs and the associated uncertain-
ties in those predictions. Additionally, to facilitate
a deeper insight into the optimization process, we 0 2 e 8
present visualizations of the AF across the response

or search space, enabling users to comprehend how Figure 2: Comparison between BO methods and
the model navigates and prioritizes different regions MBO in ICF. The shaded areas represent a +1
during decision-making. Figure[I]illustrates an exam- standard error. Performance is normalized.

ple of these informative representations, highlighting

the interplay between model predictions, uncertainty quantification, and optimization guidance.
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5 Experimental Evaluation

We evaluate the performance of different BO approaches, in the task of energy yield optimization for
ICF. We compare our approach (MBO) with classical BO baselines, which utilizes a GP surrogate
model combined with classical acquisition functions like UCB and EI (Garnett, 2023 |Chung et al.,
2020; |Vazirani et al., 2024} [Hatfield et al., 2019} |Li et al.l 2023} |Vazirani et al.| |2023)). Additionally,
we include NAP (Maraval et al., [2023)), the state-of-the-art method for Meta-BO, as a baseline
(Gundecha et al.}|2024). For MBO, a human expert selected the candidate to be sampled, choosing
from the proposals generated by the two acquisition functions. To simulate a real-world constraint, we
limited the optimization to 10 total samples (shots). Our evaluation involved running all approaches
on 6 distinct test tasks, using 10 different initialization seeds for robustness. The performance of
these different methods is presented in Figure 2] quantified by the mean normalized energy yield
of the proposed candidates. This yield is reported as the best candidate point found up to that
point during each optimization run. Our results demonstrate MBO’s superior performance over all
baselines, highlighting its benefits for the ICF domain. Experimental details can be found in Section

[C (Appendix).

6 Conclusion

Our results demonstrate that our approach significantly improves the effectiveness of inertial con-
finement fusion (ICF) experimental campaigns by achieving high sample efficiency. By providing
optimized experimental solutions with minimal required shots, MBO reduces operational costs,
accelerates experimental cycles, and maximizes the scientific return of limited shot opportunities.
Consequently, MBO offers a practical and scalable path toward faster progress in fusion energy
research and a more efficient utilization of high-value experimental facilities.
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A MBQO’s Surrogate Predictions

To understand the superior performance achieved by our method, we examine the predictions made
by its surrogate model and assess how well it adapts. To conduct this evaluation, we compare the
real target function against MBO predictions. For MBO, first we evaluate its initial predictions when
using one context point (1 sample), so the information provided to the surrogate comes only from the
first evaluation sample. Moreover, we assess how MBO adapts by querying it after three samples
have been collected from the target function (3 Samples). Figure ] shows the results of the evaluation.
From these results, we can see that MBO effectively uses information from source tasks to identify
regions with a higher likelihood of finding optimal solutions. Furthermore, after incorporating just a
few samples, MBO accurately adjusts its predictions to match the target function closely.

Figure 3: Representation of a laser pulse shape used in ICF experiments. During online optimization, the foot
and picket powers are tuned to improve implosion performance

B MBO vs NAP Adaptation

To better understand the superior performance of MBO against NAP, the state-of-art-approach of
Meta-BO which has shown good results in optimizing ICF objectives (Gundecha et al.,|2024), we
compare the predictions of both model’s surrogate. Figure [5|shows the results of this comparison.
For each trajectory we follow the candidates proposed by each method. We can observe that the
predictions of MBO are more accurate and smoother, Moreover, MBO’s surrogate predictions are
more interpretable.

C Experimental Details

For all experiments involving MBO, we employed the autoregressive variant of Transformer Neural
Processes (TNPs-A) (Nguyen and Grover, 2023). The model was configured using the hyperparame-
ters recommended in the original work (Table|l). Optimization was performed using Adam (Kingma
and Ba, [2017) with a cosine annealing learning rate schedule. Random seeds were set using Python’s
built-in random library.

All training and evaluation were carried out on a server equipped with an AMD EPYC 7542 32-core
CPU and four NVIDIA H100 GPUs. These experiments ran for approximately 180 hours at ~ 80%
GPU utilization.

D EI and UCB Candidate Trajectory

Previous work has compared acquisition functions such as EI and UCB, showing that UCB tends
to favor exploration while EI prioritizes exploitation (De Ath et al.l 2021; Raihan et al. 2023).
We observe the same behavior in the ICF domain, as illustrated in Figure [6| In the early stages
of optimization, EI is inherently more exploitative, focusing on regions predicted to outperform
the current best observation. In contrast, UCB is more explorative, as it explicitly incorporates



Model Predictions True Function

Initial prediction
(1 Sample)
Foot Power

0.5

0.5 .
Picket Power Picket Power

0.8

Foot Power
© ©
IS o

Model Adaptation
(3 Samples)
]

0-9. 0.5 1.0 ‘9. 05
Picket Power Picket Power

Figure 4: MBO’s meta-learned surrogate predictions: (top) without only one context point; (bottom) after
three context points; (right) the optimization target function. We can observe that our approach achieves quick
adaptation with high sample efficiency, closely approximating the true function in just three samples. This
property is ideal for the limited ICF experiments possible on a shot day.

TNPs’ Hyperparameters
Model dimension 64
Embedding layers 4
Feed forward dimension | 128
Attention heads 8
Transformer layers 6
Dropout 0.0
Learning rate 5e — 5

Table 1: Hyperparameters used by the TNPs for all experiments.

predictive uncertainty and encourages sampling in less-visited areas of the search space. By uniting
these two perspectives in our dual acquisition strategy, we provide scientists with complementary
candidate proposals, one guided by exploitation and the other by exploration. This not only makes the
optimization process more transparent and interpretable, but also empowers practitioners to exercise
informed scientific judgment when selecting the next experiment, a critical advantage in high-stakes
settings where each trial is costly and limited.

D.1 ICF Dataset

To construct the ICF dataset (the collection of source tasks used to train our meta-learning models)
we employed the LOTUS library to generate laser pulse shapes using a custom parameterization (Ejaz]
[2024). The resulting laser power and timing profiles (laser pulse shape) served as inputs to

LILAC (Delettrez et al.,[T987), a physics-based simulator for laser-driven fusion. For a fixed fusion
fuel target, the laser pulse shape determines key outcomes such as neutron yield, influencing both

target compression and the growth of hydrodynamic instabilities (Williams et al., [2021)).
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Figure 5: MBO’s meta-learned surrogate prediction against NAP’s surrogate prediction. MBO’s predictions are
more accurate, smoother and interpretable.

To create the response surface, we varied two front-end parameters of the pulse shape representation,
generating 1000 samples via Latin hypercube sampling while respecting the laser system’s design
limits. Each pulse shape was simulated in LILAC with the same target configuration, and the
resulting optimization objectives (neutron yield and pR), which are the ICF performance metrics
under consideration (Ejaz et al.| [2024), were recorded to define the response surface over the two
parameters.

We generated 16 source tasks, 6 validation tasks, and 6 test tasks by perturbing the simulator’s physics
models, such as the equation of state, thermal transport properties, and inclusion of 3D degradation

effects(Lees et al.| [2023)), these alter the response surfaces and generates a variety of source tasks to
learn from and evaluate on. These physics variations mimic the mismatch between simulations and

real experiments, enabling us to evaluate our method under realistic domain-shift conditions.
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Figure 6: Comparison of acquisition strategies. In early stages, EI prioritizes regions predicted to yield
improvements over the current best (exploitative), while UCB balances the mean prediction with uncertainty,
sampling in less-explored areas (explorative). On later stages, both AF converge to a similar point. Together,
they provide complementary candidate proposals for high-stakes optimization.
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