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MOTIVATION RESULTS

eModeling turbulent transport plays a crucial role in fusion development.  NKN captures short-scale variation and long-scale trend simultaneously,

Various data may have different levels of fidelity: experiments, simulations, while a single-scale kernel (RBF) cannot (Fig. 1).
and reduced models. We aim to improve the predictive accuracy of  « NARGP learns the correlation between low and high-fidelity data and
turbulent transport by multi-fidelity data fusion. [Maeyama (2024)] utilizes it for extrapolative prediction (Figs. 2 and 3). Employing both

NKN and NARGP is essential for improvement (Fig. 3).
METHODS

Multi-fidelity regression problem

 We have applied the multi-fidelity regression to the real-world dataset

of turbulent diffusion coefficient from JET experiments [Narita (2023)],
Estimate the high-fidelity function

Yh = fn(xy) by fully utilizing
low- and high-fidelity dataset.

mimicking extrapolative prediction for (future) better-confinement

plasma by using the existing training data (Fig. 4-1). A combination of

NKN and NARGP achieved improved extrapolative prediction (Fig. 4-2).
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Fig. 2 Extrapolative prediction by multi-fidelity regression for a 1D test problem.
extrapolability of theory/simulation.
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Fig. 3 Extrapolative prediction by multi-fidelity regression for a 2D test problem.
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