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Nuclear Fusion offers the potential for limitless, Meta BO ICF Energy Yield Optimization
clean energy. Inertial Confinement Fusion (ICF)

hi l e b . ti MetaBO uses Reinforcement Learning (RL) to meta-learn an
acnieves nuc gar usion DYy compressmg a tny adaptive acquisition function that can generalize across related - 1.0 e o
fuel pellet, typically composed of deuterium and tasks. o P
. . — -
tritium (isotopes of hydrogen), to extreme The acquisition function is replaced with a neural network, :;D.E— e
temperatures and pressures using 3 precisely which can identify and exploit structural properties shared o
across a class of functions. Un6-
controlled laser pulse. o c V-
*Meta-Training Phase: L
eSource tasks are used to evaluate the acquisition E 0.4-
dChallenges: function, using GP as surrogate model. N
« High costs and extreme conditions for *Using Proximal Policy Optimization (PPO), MetaBO o 0.72- [N PTCLL L
. trains the neural network-based acquisition function. E . )
experlments. o NAP GP.UCE
* Limited number of facilities equipped to <001 % . GhE e Random MetaBO
conduct ICF experiments. Initial Samples ' - - - - -
: ¢ 0 2 4 o 8 10
* Experiments are very sparse. Steps
Gaussian Processes [«¢—
dGoal: I
 Maximize the energy produced in a shot and ——— t Add new samples Comparison between classic BO methods (El
. .. einrorcemen to surrogate model
related metrics by optimizing the Learning Neural |« and UCB) and Meta BO methods for ICF. NAP
parameters that form a pulse shape. Policy can achieve optimal performance in a few
RL AF proposes . samples.
l candidate point. | 'm@inRL agi:: to
improve . . .
Evaluate in Source A Meta BayeS|an Opt|m|zat|on
Function .
i Adaptation
| | | | Calculate
ICF Pulse Shape Rewards

Bayesian Optimization

Problem: Find the global optimum of a costly black-box Rank-Weighted Gaussian Process Ensemble (RGPE)

function over a given input domain. BO operates in two main
steps:

RGPE is designed to optimize a target task by utilizing previously

) solved source tasks that share similarities with it.
Surrogate Modeling:

* Use previous evaluation data to fit a probabilistic Rank-Weighted Ensemble of Source Tasks:
surrogate model of the true black-box function.

* The surrogate model allows for probabilistic *RGPE takes samples from source tasks and builds a separate
predictions for unobserved inputS. Gaussian Process (GP) model for each task.

*RGPE then weights each GP model based on how relevant the
task is to the new target task.

*RGPE combines the weighted GPs from source tasks with a
GP fitted directly on the target task data.

Acquisition Function Optimization:
* Optimize an Acquisition Function (AF) that balances:
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