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How can Al help us?



Neural Quantum States
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Why Neural Networks?

* NNs have “oco power”: a neural network can approximate any continuous function

* Space complexity: polynomial scaling of memory resources... possibly!
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NQS showcases



FermiNet (Quantum Chemistry)
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FermiNet (Quantum Chemistry)
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Pfaffian-based Networks (Superconductivity)
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Pfaffian-based Networks (Superconductivity)
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NQS for Nuclei
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1. Neural Network Architecture



Physical properties in NNs

* Particle exchange symmetry

779(331; Loy ... 7'CCN) — iw(a:QJ‘/L.la :'/L.N)

* Spherical symmetry

(Z) = (RT)

* Time-reversal symmetry

w(f7 0) — w(T(fv U))




Physical properties in NNs

« 1D Harmonic Oscillator
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Reflection Symmetry
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Particle Exchange Symmetry
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2. Optimisation Strategy



Gradient Descent
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Gradient Descent

* LocalLinear Model: M, (0) = L1§ + C

* Update: 9n+1 = Qn + 5n where On =argminser M (9)
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Second-order optimisation
* Local Quadratic Model: M, (§) = ;5TQ5 + L5+ C
 Trustregion: Tn — {5: 5TRn(5 < 7“2}

* Update: 9n+1 — Qn + 571 where On =argmingep M (9)
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Second-order optimisation
* Local Quadratic Model: M, (§) = ;5TQ5 + L5+ C
 Trustregion: Tn — {5: (5TRTL(5 < *r‘2}

 Update: 9n+1 =0, +0, where! 0, = — (Qn + )\an)_l VE(Qn)




Second-order optimisation JEP—
* Local Quadratic Model: M, (§) = ;5TQ5 + L5+ C '\I [, = V@E !
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Second-order optimisation
* Local Quadratic Model: M, (§) = ;5TQ5 + L6+ C

* Trustregion: Tn = {5 (STR,H(S S 7“2}
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StOChaStiC RGCO nfigu I‘atiOI‘I “Quantum Geometric Tensor”
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Stochastic Reconfiguration
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Quantum Natural Gradient
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sor. An efficient algorithm is presented
for computing a block-diagonal approxi-
mation to the Fubini-Study metric tensor
for parametrized quantum circuits, which
may be of independent interest.

1 Introduction

Variational optimization of parametrized quan-
tum circuits is an integral component for many
hybrid quantum-classical algorithms, which are
arguably the punnhnw applications of

most

Iarreian

onal Quantum Physics, Flatiron Institute

New York, NY 10010 USA

0

5TQ5 + LTS5 + C,

{0:0"R, 0 <r*} R,

n+1 — an, + 5n where (Sn

rameters, including deriv
methods such as Nelder-
[12] or SPSA [33]. Recen|
ploiting direct access to
formation has been exp!
circuits have been design|
dients with minimal over
tive function evaluations

One motivation for e
dients is theoretical: in
pected error in the obje:
best known zeroth-order
algorithm s
d of the parameter space
dient Descent (SGD) cor

d. Another motivation s

les polynon

success of stochastic grac
deep neural networks, v
tion of non-convex obj
dimensional parameter s

The application of SC
fers from the caveat tl
tion hinges on careful

ug 2024

)

[cond-mat.str-el]

A simple ~

Large-Sca

Riccardo Rende,'** Luciano Loris V

! International School for Aa
2 Dipartimento di Fisica,

Neural-network architecture
functions. These networks req
optimize using traditional met
effective with a limited numb
parameters. Here, we leverag
even in the deep learning scen
a Deep Transformer architect:
energy in the Ji-J2 Heisenber
benchmark in highly-frustratc
scalability and efficiency of §
method to investigate unknow

I. INTRODUCTION

Deep learning has become crucial in
fields, with neural networks being the ke
pre
volutional Neural Networks for in
and Deep Transformers for language-rel:
The success of deep networks comes frc
ents: architectures with a large numbe
(often in the billions),
and training these networks on large a1
However, to successfully train these large
tice, one needs to navigate the complic:
non-convex

ve results. Well-known examples in¢

ge 1

which allow for

landscape associated with tl

rameter space.
The most used methods rely on stocha:
scent (SGD), where the gradient of the
estimated from a randomly ulmml \uh
ing data. Over the years, vari
AdamW 7]

@irh ac Adam (Rl Ar haw

Oct 2020

.,
=

[quant-ph] 1

163v2

n

‘Quantum Geometric Tensor”

0Py Yy

ij

\
niln

on

Geometr ~

—

-

Chae N

Institute for

Combining insights from m
ration method with neural nc
ground state estimation of qi
in practice, little is known al
hidden details of the algorith
of the quantum Fisher matrix
initial dynamics, but the conv
contrast to the spectral prope
at convergence do not reveal
identify a new measure of cor
show that, generically, the le
value, suggesting that correlat
stable representations of the g

I. INTRODUCTION

Recently the fields of machine learnii
information science have seen a lot «
On the one hand, a number of prom

[cond-mat.dis-nn] 21 Feb

been obtained suggesting the potential Q)
quantum or classical machine learning t >

tum computer [1]. the va
tum eigensolver |
tum algorithms for first generation quantum computers
is based on the variational optimization of a cost func-
tion to be evaluated on a quantum device, providing
a new playground for hybrid quantum-classical learning
3. 4]. arguably the most significant advances

In particular, ll()lldl quan-
2]-perhaps the most promising quan-

However,

09, " 00,

As a fundamental concept in quantum physics,
ground state wave function plays a central role in un-
derstanding the behavior of many-body quantum sys-
tems. The accurate numerical solution of ground states,
however, becomes an extraordinary challenge for existing
numerical methods, especially in complex and large two-
dimensional s;
on the individual utilized method, such as the
of dimensionality™
the notorious sign problem [2] in quantum Monte Carlo
(QMC)

traction complexity in tensor network (TN) methods
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Efficient optimization of deep neural quantum states toward machine precision
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Neural quantum states (NQSs) have emerged as a

the quantum many-body problem.

novel promising numerical method to solve

However, it has remained a central challenge to train modern

large-scale deep network architectures to desired quantum state accuracy, which would be vital in
utilizing the full power of NQSs and making them competitive or superior to conventional numerical

approaches.
reduces the optimi

Here, we propose a minimum-step stochastic reconfiguration (MinSR) method that
tion cost by orders of magnitude while keeping similar accuracy as compared to

conventional stochastic reconfiguration. MinSR allows for accurate training on unprecedentedly deep

NQS with up to 64 layers and more than 10° parameters in the spin-1

/2 Heisenberg .J;-J> models

on the square lattice. We find that this approach yields better variational energies as compared to
existing numerical results and we further observe that the accuracy of our ground state calculations
approaches different levels of machine precision on modern GPU and TPU hardware. The MinSR
method opens up the potential to make NQS superior as compared to conventional computational
methods with the capability to address yet inaccessible regimes for two-dimensional quantum matter

in the future.

the

The respective challenges depend
“curse
in exact diagonalization (ED) [1],

[3], or the entanglement growth and matrix con-

Recently, the neural quantum state (NQS) has been
introduced ¢
of ground states of quantum matter by means of artifi-
We are far

a promising alternative for the calculation

nature of entanglement in the spin chain.

networks, we find significantly lower variational energies
outperforming conventional numerical approaches up to
lattice sizes of 16 x 16 spins. Most importantly, we ob-
serve that our ground state results reach different levels
of machine precision. Thus, with MinSR we are able to
reach the frontier where the sole limitation of applying
the NQS approach to complex two-dimensional quantum
matter is not anymore the expressive power of the neural
network but rather the inherent numerical precision of
the computing device. This is of key importance to ex-
ploit the full power of NQS for the calculation of ground
states in the future opening up the potential to address
vet inaccessible regimes of quantum many-body systems
also in higher spatial dimensions.

form such a detailed understanding of machine learning

inspired methods.

Thus it is natural that some studies have related com-

plex RBM states to tensor network states [17,

18]. But

these studies are mostly based on constructing abstract
mappings between RBM wave functions and tensor net-



Decisional Gradient Descent
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DGD vs. ADAM
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