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Original work: Carleo & Troyer, Science 2017
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estimate loss function, gradients

Here: Z£(0) = Z [y (6;) — yy(o) |
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The model creates its own dataset - in each training step

B pGED = wGED P
+ Y(o2) | % > e The quantum state determines the
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probability distribution

® \Ne want to optimize the quantum
state itself
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Figure 3. Reconstruction of off-diagonal observables.
/ (a) Spatial average T of the transverse field (7). (b) Trans-
A 2 A / w (O- ) verse field expectation values at site ¢ for A =~ 0.7 MHz. (c)
<Q7b‘ O ‘¢> — E |¢ (O') ‘ E <O' ‘ O ‘ O > Averaged nearest-neighbor correlations in the x basis. (d)
w ( 0-) Nearest-neighbor correlation (6567, 1). as a function of posi-
tion ¢ for A = 10 MHz. The two peaks correspond to the
bonds highlighted in Fig. 1b.
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Training loop

The dataset changes in each training step

estimate loss function, gradients

ven,kEen

—e— gradient step

n—+ 1i
parameter 6
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. Dynamics:
Finding ground states: | . L
Time-dep. variational principle¥

R(6(1)) = dist(Bg, ~iHbo)
mjn I(‘@b §>7 [/ ‘w 9>) Carleo & Troyer, Science 355 (2017),

Schmitt & Heyl, PRL 125 (2020),

H
<w0 | ‘ we > Egs 6 Guiterrez & Mendl, Quantum 6 (2022)

<¢9 ‘ ”(ﬁe > Sinibaldi et al., arXiv:2305.14294, ...
vd Walle, Schmitt, Bohrdt, MLST (2025)

Minimize energy

Eg =

Lange*, Bohler*, Roth, Bohrdt, PRL 135 (2025)

Open systems:

State reconstruction: Solve the master equation

Minimize Kullback-Leibler divergence Vovk et al.. arXiv:2508.08964
J(o) Finite temperature states:
Dxr.(¢|pe) Z q(o) log ( )
o (o) METTS, purification
Hendry et al., PRB 106 (2022), Nomura et al., PRL 127 (2021)
Torlai et al., Nat. Phys. 14 (2018), Koutny et al., PRA 106 (2022), ... 10 Déschl, Abedinnia et al., in preparation Julich, 09/2026
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Gapped 1D

o

see e.g. Sharir et al., PRB 106 (2022); Deng et al., PRX 7 (2017)
Review article: Lange, ..., Bohrdt, QST 9 (2024)
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4 X 4 t — J model with a single hole:

5000 10000 15000 20000
training steps

* More parameters than Hilbert space dimension

* Higher representative power than MPS?!

Lange et al., Comms. Phys. 7 (2024) 13 Jilich, 09/2026
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Can neural quantum states learn volume-law ground states?

Giacomo Passetti,! Damian Hofmann,? Pit Neitemeier,!

Lukas Grunwald,!*? Michael A. Sentef,®? and Dante M. Kennes''?

L Institut fir Theorie der Statistischen Physik, RWTH Aachen University and
JARA-Fundamentals of Future Information Technology, 52056 Aachen, Germany
*Max Planck Institute for the Structure and Dynamics of Matter, Center for
Free-FElectron Laser Science (CFFEL), Luruper Chaussee 149, 22761 Hamburg, Germany
SH H Wills Physics Laboratory, University of Bristol, Bristol BS8 1TL, United Kingdom
(Dated: December 16, 2022)

We study whether neural quantum states based on multi-layer feed-forward networks can find
ground states which exhibit volume-law entanglement entropy. As a testbed, we employ the paradig-
matic Sachdev-Ye-Kitaev model. We find that both shallow and deep feed-forward networks require
an exponential number of parameters in order to represent the ground state of this model. This
demonstrates that sufficiently complicated quantum states, although being physical solutions to rel-
evant models and not pathological cases, can still be difficult to learn to the point of intractability
at larger system sizes. This highlights the importance of further investigations into the physical
properties of quantum states amenable to an efficient neural representation.

Passetti et al., PRL 131 (2023)
15
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Passetti et al., PRL 131 (2023)
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1 == SYK scaling o
1 =—@— SYK scaling u
| —@=— Heisenberg

Passetti et al., PRL 131 (2023)
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Comment on “Can Neural Quantum States Learn Volume-Law Ground States?”

~ Zakari Denis, Alessandro Sinibaldi, and Giuseppe Carleo
Institute of Physics, Ecole Polytechnique Fédérale de Lausanne (EPFL), CH-1015 Lausanne, Switzerland and

Center for Quantum Science and Engineering, Ecole Polytechnique

Fédérale de Lausanne (EPFL), CH-1015 Lausanne, Switzerland
(Dated: September 22, 2023)

Passetti et al. [1]| recently assessed the potential of neural quantum states (NQS) [2] in learning
ground-state wave functions with volume-law entanglement scaling. They focused on NQS using
feedforward neural networks, specifically applied to the complex SYK Hamiltonian for fermions [3].
Their numerical results hint at an exponential increase in the required variational parameters as
the system size grows, apparently tied to the entanglement growth within the SYK ground state.
This challenges the general utility of NQS for highly entangled wavefunctions, contrasting with
established analytical [4-9] and numerical findings [4, 9]. Based on our experiments, we show that
suitably chosen NQS can learn ground states with volume-law entanglement both for spin and
fermionic problems. We argue that the setup utilized in [1] reveals the inefficiency of non-fermionic
NQS to learn fermionic states, rather than a general connection between entanglement content and
learnability hardness.

18 Julich, 09/2026
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week ending

PRL 105, 050502 (2010) PHYSICAL REVIEW LETTERS 30 JULY 2010

Entanglement Entropy and the Fermi Surface

Brian Swingle*

Department of Physics, Massachusetts Institute of Technology, Cambridge, Massachusetts 02139, USA
(Received 11 March 2010; published 30 July 2010)

Free fermions with a finite Fermi surface are known to exhibit an anomalously large entanglement
entropy. The leading contribution to the entanglement entropy of a region of linear size L in d spatial
dimensions is § ~ L4 ! logL, a result that should be contrasted with the usual boundary law § ~ L471,
This term depends only on the geometry of the Fermi surface and on the boundary of the region in
question. I give an intuitive account of this anomalous scaling based on a low energy description of the
Fermi surface as a collection of one-dimensional gapless modes. Using this picture, I predict a violation of
the boundary law in a number of other strongly correlated systems.

20 Julich, 09/2026
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Typical activation function:

Output
rectified linear unit

— ‘—> Input
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PHYSICAL REVIEW LETTERS 136, 120403 (2026)

Bound on Entanglement in Neural Quantum States

*k

Nisarga Paul
Department of Physics, Massachusetts Institute of Technology, Cambridge, Massachusetts 02139, USA
and Department of Physics and Institute for Quantum Information and Matter,

California Institute of Technology, Pasadena, California 91125, USA

) (Received 18 November 2025; revised 6 February 2026; accepted 10 March 2026; published 25 March 2026)

Variational wave functions offer a practical route around the exponential complexity of many-body
Hilbert spaces, but their expressive power is often sharply constrained. Matrix product states, for instance,
are efficient but limited to area law entangled states. Neural quantum states (NQS) are widely believed to
overcome such limitations, yet little 1s known about their fundamental constraints. Here we prove that feed-
forward neural quantum states acting on n spins with k scalar nonlinearities, under certain analyticity
assumptions, obey a bound on entanglement entropy for any subregion: S < cklog n, for a constant c. This
establishes an NQS analog of the area law constraint for matrix product states and rules out volume law
entanglement for NQS with O(1) nonlinearities. We demonstrate analytically and numerically that the
scaling with n 1s tight for a wide variety of NQS. Our Letter establishes a fundamental constraint on NQS
that applies broadly across different network designs, while reinforcing their substantial expressive power.

23
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Expand non-linear activation
In correlation order:

Entanglement entropy S

1000 1500 2000

Subsystem size X

000

FIG. 4. Entanglement scaling for different neural networks
with maximal correlation order scaling with subsystem size

n = zX (blue), with the area n = v X/In(X) (red), and
kept constant n = 1 (green).

Doschl & Bohrdt, arXiv:2508.14152
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16x16 Hubbard model, 1/8 doping, 10x10 Emery model
pairing correlations (3-band Hubbard)
1074
I $ 128sites, t'= —0.3
y ¢ 256 sites, t'= —0.3
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Roth et al. (Flatiron), arXiv:2511.07566

See also Gu et al., Nat. Comm. (2026), Rende et al., arXiv:2608.1 2%?5

vv. 1apis et al, Nature Communications 5 (2014)

Lange et al., in preparation Jiilich, 09/2026
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Probing d-wave pairing in the ¢-t'-U Hubbard model with tensor-backflow wave

functions

Xiao Liang! ?:*

' Research Computing(Information Technology), William & Mary, Williamsburg, Virginia 23185, USA

* Department of Physics, William & Mary, Williamsburg, Virginia 23185, USA

Building on the recently developed tensor-backflow method, which accurately describes energies
and stripe states in the Fermi-Hubbard model, we investigate d-wave pairing in the two-dimensional
t-t'-U Hubbard model. For the 8 x 8 lattice, we improve the wave function using symmetry pro-
jections followed by one Lanczos step, whereas for the 12 x 12 and 16 x 16 lattices, we apply one
Lanczos step without symmetry projection. We focus primarily on the parameter regime with filling
n = 0.875, on-site repulsion U = 8 and next-nearest-neighbor hopping t' = —0.2¢, a regime in which
enhanced d-wave pairing has been reported. The resulting energies are competitive with those ob-
tained using state-of-the-art neural quantum states. For example, on a 16 x 16 lattice with periodic
boundary conditions, the tensor-backflow wave function after one Lanczos step without explicit sym-
metry enforcement achieves a relative energy difference of 4.4 x 10™° from the symmetry-preserving
neural quantum state result. From the real space pair correlations, for t' = —0.2¢, we observe

26
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SCHOOL FOR PHD AND MASTER STUDENTS
Machine Learning for Complex
Quantum Systems

29 November — 4 December 2026 venue: Max Planck Institute for the Science of Light, Erlangen

About the School

Are you fascinated by the intersection of artificial intelligence and
quantum physics? This specialized school invites PhD and Master
students to explore cutting-edge machine learning techniques applied
to complex quantum systems.

Organized as part of the Research Unit FOR 5919 (https://
for5919.github.io/), the program combines theoretical lectures
with comprehensive hands-on coding tutorials to bridge foundational
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concepts with active research. "‘ & : i J
Specialized Parallel Tracks s D v . ~
Participants choose one of two specialized tracks during Days 2—4: Lecturers M ILC Q S
B Track 1: Neural Quantum States (NQS) NQS Track:

— Annabelle Bohrdt (LMU Munich)

Focuses on representing complex many-body wave functions us- _y Markus Heyl (Univ. of Augsbure)

ing neural network architectures, variational Monte Carlo, and

ground state searches. No prior knowledge in NQS required! RL Track:
— Florian Marquardt (MPL Erlangen)
B Track 2: Reinforcement Learning (RL) for Quantum Tech — Marin Bukov (MPI-PKS Dresden)

Covers the fundamentals of RL, strategies for quantum control

Winter school organized by our ML research unit:

circuit dynamics. No prior knowledge of RL required! Application Details

Program Schedule Deadline: September 30, 2026
Registration Fee: free (approval required)
Phase 1: Day 1 (NOV 30, 1:30 PM Kick-off) Venue: Max Planck Institute for the Science

Introduction to deep learning, neural network architec- fciifﬁ;niré?ﬁgiii self-organized (see wob- — P a ra ‘ ‘ e ‘ tra Cks O n N QS a n d R I_

tures, and optimization. i )
site for local suggestions)

Phase 2: Days 2—4 (Dec 1-Dec 3)
Intensive track-specific lectures and interactive track-

oriented hands-on programming tutorials. Website & Application

Phase 3: Day 5 (Dec 4, Ends 12:30 PM) https://indico.mlcqs.de/event/1/ — Ap p ‘ icati O n d ea d ‘ i n e S e pt 3 O

Joint scientific session featuring contemporary research
talks.

Prerequisites & Logistics

— Basic understanding of quantum mechanics & Python proficiency.

— No prior deep learning/machine learning experience required.

— Laptop Required: Participants must bring their own laptops
for hands-on numerical and coding sessions.

Contact

Ms. Julia Stier
MAX PLANCK INSTITUTE julia.stier@verwaltung.uni-regensburg.de

- J

27 Julich, 09/2026

Max Planck Institute for the Science of Light e Organized as part of Research Unit FOR 5919
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