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Abstract we present three case studies demonstrating the minimisation of human intervention from the process of generating datasets with relevance to different problems in tokamak

fusion experiment design and control: 1) Markov Chain Monte Carlo algorithm for generating a library of plasma equilibrium configurations; 2) the efficient generation of large SD1D and
Hermes-3 datasets with strategies for deployment on HPC systems that minimise resource requirements; 3) ranked batch-mode active learning for the efficient training of machine learning

models.
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* Aranked batch mode score (sggym) IS assigned to data points from an unlabeled (pooling)

. D1D H - | fluid simulators built on BOUT++ [3,4].
S and Hermes-3 are plasma fluid simulators built on BOUT++ [3,4] dataset to evaluate how impactful a given data point is likely to be for training a model [7,8]:

 They solve a time-dependent isotropic plasma fluid model for density, pressure and
momentum of both the ions and neutrals. sgem = (1 — Sgim) + B(1 — a)s,.
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