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The efficient sampling of simulations has applications
throughout fusion research. For example, large synthetic
datasets are needed to train emulators for real-time
control of tokamak plasmas, while the efficient traversal
of parameter spaces governing simulations is necessary
to find optimal configurations or to fit experiment data
with model predictions. Considerable effort is under way
to assemble interoperable multi-machine experiment
databases [1,2], but those do not necessarily span the
whole range of parameters relevant to upcoming
experiments or new machines. Challenges arise from the
dimensionality of the parameter space, and numerical
instability or computational cost of simulations.

The MIDAS/HiveMind suite [3] provides Monte Carlo
samplers and optimisers, also via asynchronous multi-
agent implementations that are easily distributable on
HPC and cloud systems. HiveMind has been used to
build a large synthetic set of Grad-Shafranov equilibria
to train virtual circuit emulators, for use in plasma shape
control on the MAST-U machine [4,5]. An application of
the asynchronous "multi-hopper" is the optimized design
of engineering components, e.g., in the divertor region.
The same algorithms can also be used to tune
hyperparameters of machine learning models, and to
sample expensive-evaluation functions or experiment
setups while minimizing overall uncertainties.

Another example of synthetic datasets arises in
reinforcement learning (RL) for plasma shape control,
whose agents are trained on several simulated or historic
experimental instances of plasma dynamics. RL based on
experiment databases has been trained on machines with
a long history of campaigns [6,7], but simulation-based
RL [e.g. 8,9] is needed for new or upcoming machines.
The FreeGSNKE-RL codebase [10] seamlessly integrates
the RL environments with the FreeGSNKE codebase to
simulate plasma dynamics [11,12]. In this context, the
data requirements depend on the choices of observation
and action spaces, as well as on the chosen agent
architecture and training regime.
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Figure 1: UMAP embedding of a synthetic library of
5%10° MAST-U equilibria, containing both limited and
diverted configurations, colour-coded by the radial
coordinate of the lower divertor strike-point.
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