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Emulators as part of computational research
in nuclear physics

* Recent years have witnessed success in emulating nuclear bound and continuum
states calculations.

 Many other nuclear physics topics (important for FRIB, Jlab, EIC, and astrophysics)
are waiting to be explored: nuclear resonances, responses, and reactions, (time-
dependent) density functional theory, bridging theory and experiment, and more.

* Synergy between ML and model-driven emulators expands their capability (or one
way to achieve physics informed ML).

“Deep learning-based reduced order models (DL-ROMs) have been recently proposed to overcome common
limitations shared by conventional reduced order models (ROMs) — built, e.g., through proper orthogonal
decomposition (POD) — when applied to nonlinear time-dependent parametrized partial differential equations
(PDEs).” from Stefania Fresca, Andrea Manzoni (2022) [2101.11845]

* In nuclear physics, our recent work combines Gaussian process and model-driven
emulators for quantum three-body scattering.

Xilin Zhang, R. Furnstahl (2022) [2110.04269 ]

* The synergy is a new research direction in the field of model order reduction and has
great potential in nuclear physics as well.

Jan S. Hesthaven, Cecilia Pagliantini and Gianluigi Rozza (2022)[https://doi.org/10.1017/50962492922000058]
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Proper Orthogonal Decompaosition-enhanced Deep Learning-based Reduced Order Model (POD DL-ROM)

Fig. 1. POD-DL-ROM architecture. Starting from the FOM solution wuy,(f; p), the intrinsic coordinates V;, uy,(f; p) are computed, by means of
rSVD, and the neural network provides as output uy(z; ), an approximation of them. The reconstructed solution uy(f; g) is then recovered

through the rPOD basis matrix.

Stefania Fresca, Andrea Manzoni (2022) [2101.11845]



