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Towards Nuclear Physics as Precision Science

stable nuclei ~300 nuclel
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Exp: M. Wang et al., PRL 130, 192501 (2023) Wang, Wang, Xu, PWZ*, Meng*, PRL 132, 232501 (2024)
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Where do the next ten years take us?

£2030%F, FIPIRBESE—HIFRERENGS, BENPFR=RFZIHEEEZX
Iz E xRN, RETEE=ENMAEE LTINS, Long Range Plan 2023

Progress in Particle and Nuclear Physics 109 (2019) 103713 Progress in Particle and Nuclear Physics 64 (2010) 120-168

Contents lists available at ScienceDirect ) BN . . . .
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Progress in Particle and Nuclear Physics Progress in Particle and Nuclear Physics

journal homepage: www.elsevier.com/locate/ppnp T QEV | journal homepage: www.elsevier.com/locate/ppnp
Review Review
Towards an ab initio covariant density functional theory for Toward ab initio density functional theory for nuclei
nuclear structure
ah,i* J.E. Drut, R.]J. Furnstahl ¥, L. Platter

Shihang Shen **“, Haozhao Liang “¢, Wen Hui Long "¢, Jie Meng ™,
Peter Ring *

Department of Physics, Ohio State University, Columbus, OH 43210, United States
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Carlson et al., Rev. Mod. Phys. 87, 1067 (2015)
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Number of states

Devising a polynomial scaling and accurate trial wave function ?
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Universal Approximation Theorem: existence / limit theorem

A single-hidden-layer neural network can approximate any continuous function.
George Cybenko (1989); Kurt Hornik (1991)

output = a(z) = a [( ixi X wi) + b]
i=1

Hidden
layer 2
Hidden
layer 1
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Carleo and Troyer, Science, 355, 602 (2017)
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RESEARCH ARTICLE

MANY-BODY PHYSICS

Solving the quantum many-body
problem with artificial
neural networks

Giuseppe Carleo'* and Matthias Troyer"?>

The challenge posed by the many-body problem in quantum physics originates from the
difficulty of describing the nontrivial correlations encoded in the exponential complexity

of the many-body wave function. Here we demonstrate that systematic machine learning of
the wave function can reduce this complexity to a tractable computational form for some
notable cases of physical interest. We introduce a variational representation of quantum
states based on artificial neural networks with a variable number of hidden neurons.

A reinforcement-learning scheme we demonstrate is capable of both finding the ground
state and describing the unitary time evolution of complex interacting quantum systems.
Our approach achieves high accuracy in describing prototypical interacting spins models in
one and two dimensions.
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FermiNet PauliNet Pfau et al., PRR 2, 033429 (2020)
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Yang, Epelbaum, Ji, PWZ*, submitted
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< “FeynmanNet achieves high accuracy while remaining
robust and efficient”
— Lovato, Carleo et al. arXiv: 2602.13826
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