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Science

RESEARCH ARTICLE

QUANTUM CHEMISTRY

Accurate computation of quantum excited states
with neural networks

David Pfau’2*, Simon Axelrod'**, Halvard Sutterud?, Ingrid von Glehn, James S. Spencer'

We present an algorithm to estimate the excited states of a quantum system by variational Monte Carlo,
which has no free parameters and requires no orthogonalization of the states, instead transforming the
problem into that of finding the ground state of an expanded system. Arbitrary observables can be
calculated, including off-diagonal expectations, such as the transition dipole moment. The method works
particularly well with neural network ansétze, and by combining this method with the FermiNet and
Psiformer ansétze, we can accurately recover excitation energies and oscillator strengths on a range of
molecules. We achieve accurate vertical excitation energies on benzene-scale molecules, including
challenging double excitations. Beyond the examples presented in this work, we expect that this
technique will be of interest for atomic, nuclear, and condensed matter physics.

Pfau et al., Science 385, 6711 (2024)
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However, in recent years, advances in deep neural networks have led
to their use as accurate ansitze for studying spin systems (6),
electronic structure (7) and nuclear systems (70), often reaching
levels of accuracy rivaling projector QMC methods. These advances
have led to a renewed interest in VMC as a standalone method.
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Neural network ansédtze have already been applied to ground state
calculations in some of these domains (70, 71). We are excited to
see how NES-VMC and deep neural networks can be applied to many
of the most challenging open problems in many-body quantum
mechanics in the future.
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Mastering the game of Go without human knowledge

David Silver 84, Julian Schrittwieser, Karen Simonyan, loannis Antonoglou, Aja Huang, Arthur Guez,

Thomas Hubert, Lucas Baker, Matthew Lai, Adrian Bolton, Yutian Chen, Timothy Lillicrap, Fan Hui,

Laurent Sifre, George van den Driessche, Thore Graepel & Demis Hassabis

Nature 550, 354-359 (2017) | Cite this article
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Abstract

Along-standing goal of artificial intelligence is an algorithm that learns, tabula rasa,
superhuman proficiency in challenging domains. Recently, AlphaGo became the first
program to defeat a world champion in the game of Go. The tree search in AlphaGo evaluated
positions and selected moves using deep neural networks. These neural networks were
trained by supervised learning from human expert moves, and by reinforcement learning

(" from self-play. Here we introduce an algorithm based solely on reinforcement learning, )
without human data, guidance or domain knowledge beyond game rules. AlphaGo becomes

its own teacher: a neural network is trained to predict AlphaGo’s own move selections and

also the winner of AlphaGo’s games. This neural network improves the strength of the tree

\_search, resulting in higher quality move selection and stronger self-play in the nextiteration. /

Starting tabula rasa, our new program AlphaGo Zero achieved superhuman performance,
winning 100-0 against the previously published, champion-defeating AlphaGo.




Appendix




o RIA—TMEARH ML

* H%

/

N \ 74 - f Output _
N e w, b FTBARE
Hidden

Ik~
<T
B
S

)39

VAN YN
fan TN
- ). yl = 0 .X;] X Wij + b]

(1N

e e o: IELLMEREL, 40 tanh(x), In(1 + &), ...
Faeir bl EE: —} 1818 _E AR A IR R R Z 2 =X
— 1 ERERIBENEEMNE, REASERZMEZTT, [Eeein DT {alEEE R AL,




BRI REHAEIR
o FEEREARMBRKT SN, REEARNEN 1 NEL

¥,y = lim e 7| ¥,

T— 00

\/

* IFSEMMER (Fi12. BEDM) KR T 4015 Al IR RN
- SERIEENRTH 1o TRMEERRRSEHNERER
o | ey |
-26_. . 6] i . 2.8}, : v ? 4 : +
E 28 | s 2-6_ A T R
=30 "t NJ i % - ci/; 2.4/ :HHZ“H: ’ : Z I _
2 Y TN
32 . 2 o _
34000 002 004 006 20000 002 004 006
r (MeV™") 7 MeV™)

Taken from Pudiner, Pandharipande, Carlson, Pieper, and Wiringa, PRC 56, 1720 (1997)
9918



Chiral symmetry in nuclear force

Chiral symmetry + /N data = predictions for the large-distance behavior of the nuclear forces
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QMC + BERW formula for na phase shifts

YLY, Evgeny Epelbaum, Jie Meng, Lu Meng, and Pengwei Zhao, PRL 135, 172502 (2025)
e na phase shifts are extracted from the SHe;, energy in a harmonic

oscillator trap
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