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Introduction Results

The design of tokamaks is a complicated and high-dimensional problem that considers many physics and We present two experiments using the Sobol + Bayesian optimisation framework: Markers
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log plot of Experiment 2, including its Pareto frontier, is shown below. m  BaysOpt 158

We present an Al-based method of exploration and optimisation for TF coil design. We deploy a Multi-Output

Bayesian Optimisation (MOBO) algorithm over a Bluemira model to optimise the geometry of the coil. We - benchmarked the MOBO approach_ to tV_VO 10%} E
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require many more samples to perform comparable to Sobol or MOBO.
 We are implementing a multi-objective optimisation over an 8-dimensional design space. Cross-validation Crocevalidat
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 Consider applications of this
technique to the design of other
reactor magnets such as the
Poloidal Field coils and Central 1000
Solenoid coils, considering their 0 .,

effects on the plasma equilibria. : 0 . 10 15 20
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We fit the GPs by minimising the sum of the marginal log-likelihood across them. Finally, we transform the
iInputs onto the unit hypercube and standardise the outputs before fitting the GP; the standardisation occurs on
every iteration. The Bayesian optimisation uses an Expected Hypervolume Improvement acquisition function.
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