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Motivation

Fusion plasmas are highly non-linear and turbulent systems, and often require many hours on high performance computers
to evaluate. Reliable surrogate models are therefore a must for integrated modelling, design optimisation, and uncertainty
quantification. Due to this cost, we must build surrogates with as few data points as possible, and models may struggle to fit
accurately to these complicated physical responses. We therefore seek reliable error estimation in surrogate modelling.

Instabilities in tokmak plasmas Surrogate before and after calibration
Micro—tear.ing mo.des (MTMS) are a type of linear micro—instabiolity.that A Gaussian process is used throughout as the base machine learning
can grow in (mainly) spherical tokamaks. MTM Turbulence is highly model, for regression using a 1/2 Matern kernel, and a Bernoulli GP with
detrimental to tokamak confinement and performance. Modelling re- 5/2 Matern kernel for classification. Data split: ngain = 2000, nea =
quired to understand and create scenarios to mitigate their effects. Needs 500, 151 = 500.
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How to deploy? Imprecise probabilities can help

Under some assumptions, the method works irrespective of the selected
machine learning model, data-set, and sample size. ICP also allows us to
apply CP to pre-trained surrogate models.

But how do we use this for, e.g., uncertainty propagation, sensitivity analysis, relia-

bility analysis, design optimisation, and coupled surrogates.
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The above is a pictoral example of applying ICP to a simple regresson task.
Panel a) Regressor (orange) compared to the true function at calibration points Reterences
using a non-conformity score s(z,y) = |y — f(z)|. Panel b) Distribution of non-
conformity scores, and inverse evaluated at 1 — «. Panel ¢) Attained (1 — «)
prediction set. Panel d) Nested prediction sets at all a-levels.
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