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Optimized diffusivity parameters reduce mean squared error
(MSE) by over 98% compared to the empirical model,
demonstrating significant improvement.

The model accurately predicts core and edge densities and
temperatures, demonstrating better agreement with DIII-D
experimental data.

« The model generalizes well across test shots, confirming its
reliability for modeling diverse plasma conditions.

Understanding burning plasma dynamics in ITER is essential for .
advancing controlled thermonuclear fusion.

Accurately modeling multi-region, multi-timescale energy

transfer is key to predicting plasma thermal stability. .
NeuralPlasmaODE |everages machine learning to enhance

burning plasma simulations.
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- Particle Balance: Tracks densities influenced by external sources,
fusion reactions, particle transport, and ion orbit loss (IOL).
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- NeuralPlasmaODE combines Neural ODEs with the burning 0o 5 10 15 0 5 10 15

plasma dynamics model to enhance predictive accuracy.
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Preprocessor Optimizer * NeuralPlasmaODE successfully models ITER plasma transport
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