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Quantum Many-body Physics



“all” possible quantum states | ۧ𝑆1 …| ൿ𝑆2𝑁

| ۧ𝑆 = | ۧ↑↓↑ ⋯ ↑

G. Carleo, M. Troyer

Science 355, 602 (2017)

▪ Universal function approximation theorem

▪ Computable in polynomial time

▪ Much reduced limits on simulation time / system size

Neural Network Quantum States



Restricted Boltzmann Machine (RBM)

G. Carleo, M. Troyer,  Science 355, 602 (2017)

Neural network quantum states
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Restricted Boltzmann Machine

Hinton et al, 2002, 2006



Restricted Boltzmann Machine (RBM)

G. Carleo, M. Troyer,  Science 355, 602 (2017)

Neural network quantum states

Restricted Boltzmann Machine

best neural-network representation of the un-

known ground state of a given Hamiltonian H.

In thiscontext, reinforcement learning is realized

through minimization of the expectation value

of the energy EðWÞ¼ hYM jH jYM i =hYM jYM i

with respect to the network weights W. In the

stochastic setting, this isachieved with an iterative

scheme. At each iteration k, a Monte Carlo sampl-

ing of jYM ðS; WkÞj
2

is realized for a given set of

parameters Wk. At the same time, stochastic esti-

mates of the energy gradient are obtained. These

are then used to propose a next set of weights

Wkþ 1 with an improved gradient-descent optimi-

zation (32). The overall computational cost of

this approach is comparable to that of standard

ground-state QMCsimulations (see supplemen-

tary materials).

To validate our scheme, we consider the prob-

lem of finding the ground state of two prototyp-

ical spin models, the transverse-field Ising (TFI)

model and the antiferromagnetic Heisenberg

(AFH) model. Their Hamiltonians are

H TFI ¼ −h

X

i

sx
i −

X

i j

sz
i s

z
j

and

H AFH ¼

X

i j

sx
i sx

j þ sy
i sy

j þ sz
i s

z
j

respectively,wheresx ; sy ; and sz arePauli matrices.

In the following, we consider the case of both

one- and two-dimensional (1D and 2D) lattices

with periodic boundary conditions (PBCs). In

Fig. 2, we show the optimal network structure

of the ground states of the two spin models for

hidden-variable density a = 4 and with imposed

translational symmetries. We find that each fil-

ter f ¼ ½1; …; aŠlearnsspecific correlation features

emerging in the ground-state wave function. For

example, in the 2D case(Fig. 2, rightmost panels)

the neural network learns patterns correspond-

ing to antiferromagnetic correlations. The gen-

eral behavior of the NQSis completely analogous

to that observed in convolutional neural networks,

where different layers learn specific structures of

the input data.

In Fig. 3, we show the accuracy of the NQS,

quantified by the relative error on the ground-

state energy Drel ¼ ðENQSðaÞ−EexactÞ=jEexact j, for

several values of a and model parameters. In Fig.

3A, wecompare thevariational NQSenergieswith

the exact result obtained by the fermionization of

the TFI model, on a 1D chain with PBCs. The

most notable result is that NQS achieve a con-

trollableand arbitrary accuracy that iscompatible

with a power-law behavior in a. The hardest-to-

learn ground state isat thequantum critical point

h = 1, where nonetheless a notable accuracy of

one part per million can be easily achieved with

a relatively modest density of hidden units. The

same accuracy is obtained for the more complex

1D AFH model (Fig. 3B). In this case, we also ob-

servea systematic drop in theground-stateenergy

error, which, for a small a = 4, attains the same

high precision obtained for the TFI model at the

critical point. The accuracy of our model is sev-

eral orders of magnitude higher than the spin-

Jastrow ansatz (dashed line in Fig. 3B). It is also

interesting to compare the value of a with the

MPS bond dimension M needed to reach the

same level of accuracy. For example, on the AFH

model with PBCs, we find that with a standard

density matrix renormalization group (DMRG)

implementation (33), we need M ~ 160 to reach

the accuracy NQS have at a = 4. This points

toward a more compact representation of the

many-body state in the NQS case, which fea-

tures about three orders of magnitude fewer var-

iational parameters than the corresponding MPS

ansatz.

We next studied the AFH model on a 2D

square lattice (for a comparison with QMC re-

sults, see Fig. 3C) (34). As expected from en-

tanglement considerations, the 2D case proves

harder for the NQS. Nonetheless, we always

find a systematic improvement of the variational

energy upon increasing a, qualitatively similar

to the 1D case. The increased difficulty of the

problem is reflected in a slower convergence. We

still obtain results at the level of existing state-

of-the-art methods or better. In particular, with

a relatively small hidden-unit density (a ~ 4), we

already obtain results at the same level as the

best-known variational ansatz for finite clusters

[the entangled plaquette states (EPS) of (35)

and the projected entangled pair states (PEPS)

of (36)]. Further increasing a then leads to a siz-

able improvement and, consequently, yields the

best variational results reported to date for this

2D model on finite lattices.

Unit ary dynamics

NQS are not limited to ground-state problems

but can be extended to the time-dependent

Schrödinger equation. For this purpose, we de-

finecomplex-valued and time-dependent network

weights WðtÞthat, at each time t, are trained to

best reproduce thequantum dynamics, in the sense

of the Dirac-Frenkel time-dependent variational

Carleo et al ., Science 355, 602–606 (2017) 10 February 2017 3 of 4

1 2 4
α

10− 8

10− 6

10− 4

10− 2

h

h

h

1 2 4
α

10− 6

10− 5

10− 4

10− 3

10− 2

1 2 4 8 16 32
α

10− 4

10− 3

10− 2
A B C

Fig. 3. Finding the many-body ground-state energy with neural-network quantum states (NQS).

The error of the NQS ground-state energy relative to the exact value is shown for several test cases.

Arbitrary precision on the ground-state energy can be obtained upon increasing the hidden-unit density a.

(A) Accuracy for the 1D TFI model, at a few values of the field strength h and for an 80-spin chain with

periodic boundary conditions (PBCs). Points below 10–8 are not shown to enhance readability. (B) Accuracy

for the 1D AFH model, for an 80-spin chain with PBCs, compared with the Jastrow ansatz (horizontal

dashed line). (C) Accuracy for the AFH model on a 10-by-10 square lattice with PBCs, compared with the

precision obtained by EPS [upper dashed line (35)] and PEPS [lower dashed line (36)]. For all cases

considered here, the NQS approach reaches MPS-grade accuracies in one dimension and systematically

improves the best known variational states for 2D finite lattice systems.
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Fig. 4. Many-body unitary t ime evolut ion with NQS. NQS results (solid lines) for the time evolution

induced by a quantum quench in the microscopic parameters of the models we study (the transverse

field h for the TFI model and the coupling constant Jz in the AFH model) are shown. (A) Time-dependent

transverse spin polarization in the TFI model, compared to exact results (dashed lines). (B) Time-

dependent nearest-neighbors spin correlations in the AFH model, compared to exact numerical results

obtained with t-DMRG (dashed lines). All results refer to 1D chains representative of the thermodynamic

limit, with finite-size corrections smaller than the line widths.
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2D antiferromagnet
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Y Nomura and M Imada, Phys. Rev. X 11, 031034 (2021) 

Beyond Benchmarks

෡𝐻 = 𝐽1 ෍

<𝑖,𝑗>

෠𝐒𝑖 ∙ ෠𝐒𝑗 + 𝐽2 ෍

≪𝑖,𝑗≫

෠𝐒𝑖 ∙ ෠𝐒𝑗

2D antiferromagnet Dirac-Type Nodal Spin Liquid 



Simulating ultrafast dynamics

Dynamics of correlations C(Rx,t) after perturbation of exchange (ΔJex)

G. Fabiani, M.D. Bouman, J.H. Mentink

space (lattice spacing)
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e
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e
x
)

SciPost Phys. 7, 004 (2019),  Phys. Rev. Lett. 127, 097202 (2021), SciPost Phys. 17, 159 (2024).

Supermagnonic propagation in 2D antiferromagnets
M.D. Bouman1, J.H. Mentink1

1 Radboud University, Institute for Molecules and Materials, Nijmegen, The Netherlands. email: m.bouman@science.ru.nl

Microscopic model
Light-matterStatic Heisenberg AFM Method

Motivation
• Laser-induced perturbations of the exchange interactions trigger 

ultrafast two-magnon dynamics. [1]

• Numerical calculations revealed magnons can propagate faster 
than expected → supermagnonic effect. [2]

• Many-body effect →  interactions are essential.
• A deeper understanding of the origin of the effect is needed.
• What is the effect of the spin value S and the lattice geometry?

Schwinger boson mean-field theory (SBMFT) [2,3]

• Spins →  bosons
• Magnon-magnon interactions on a mean-field level
• Provides a qualitative description
• Spin dynamics in the linear response regime
• Analytical expression for the spin correlation function:

Benchmark against:
Linear spin-wave theory (LSWT)
• Large-S expansion
• Mapping to non-interacting magnons

Results [4]

The spin correlations                                                                                             provide a 
fingerprint of magnon propagation. We observe light-cone spreading of correlations.
Propagation velocity is given by the slope of the light-cone.

References:
[1] D. Bossini et al., Phys. Rev. B, 100, 024428, (2019)
[2] G. Fabiani, M.D. Bouman, J.H. Mentink, Phys. Rev. Lett. 127, 097202 (2021)
[3] A. Auerbach, D.P. Arovas, Phys. Rev. Lett., 61, 617 (1988)
[4] M.D. Bouman, J.H. Mentink, to be published

Conclusions and outlook
• Supermagnonic propagation is a result of magnon-magnon interactions. 
• Determined by competition between propagating magnons and the quasi-bound state.
• Next: Dynamical control of the supermagnonic effect. Study non-linear effects and periodic driving.
• Potential use in faster, smaller and more energy-efficient IT.

Square Honeycomb

Fit arrival times of first maxima t* :

• SBMFT qualitatively confirms supermagnonic velocities
• Higher spin →  lower velocity (quantum effect!)
• Square lattice: supermagnonic velocity (isotropic)
• Honeycomb lattice: x/y asymmetry

supermagnonic velocity along y-axis, not along x-axis

Spectral representation:

• Competition between (non-interacting) propagating magnon modes, and a 
localised quasi-bound state (due to magnon-magnon interactions)

• Supermagnonic effect if:  - dominating propagating magnons at low q
- dominating quasi-bound state at high (zone-edge) q

Single magnon:

Propagation velocity     for 
two-magnon excitation?

Maximum velocity

The problem: magnon propagation

Global quench of the exchange interaction along polarization

spins move faster 

than the fastest 

magnetic wave!

+40%

time (ℏ/Jex)
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<𝑖,𝑗>

෠𝐒𝑖 ∙ ෠𝐒𝑗

2D antiferromagnet Supermagnonic propagation

∆෡𝐻 𝑡 = ∆𝐽𝑓(𝑡)෍

𝑖,𝛿

Ԧ𝑒 ∙ Ԧ𝛿
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෠𝐒𝑖 ∙ ෠𝐒𝑖+𝛿



Experimental Frontiers

Picosecond nucleation of 

magnetic domains

Key insight from classical

Heisenberg model on 100x100 lattice

Büttner, Pfau, JHM, et al, Nat. Mater. (2021)

Kern et al., Nano Lett (2022)
Gerlinger, Liefferink, …., JHM, (arxiv 2022)
Khusyainov, Liefferink, …, JHM, Rasing (arxiv 2025)

Chang, .. JHM, .. Ropers (arxiv 2025)

Classical fluctuation states



“Killer” applications

Classical fluctuation states Quantum fluctuation states

Key insight from classical

Heisenberg model on 100x100 lattice

Quantum Heisenberg model

100x100 lattice?

+



Computational challenges

SciPost Phys. 7, 004 (2019)

Table 1: Ground state energy for different ↵ and different system sizes. Evaluation

of the ground state energy is done sampling 105 states. Errors are calculated as

statistical errors on the Monte Carlo sampling.

N ↵ = 1 ↵ = 2 ↵ = 4 ↵ = 8 ↵ = 16

16 -0.6981(2) -0.70014(5) -0.70075(5) -0.70156(1) -0.701770(8)

36 -0.67305(8) -0.67732(6) -0.67808(5) -0.67857(2) -0.67848(1)

64 -0.66803(2) -0.67082(4) -0.67227(3) -0.67285(2) -0.67291(9)

100 -0.66661(8) -0.66937(2) -0.67039(2) -0.67076(2) -0.670850(7)

144 -0.66597(3) -0.66893(3) -0.66965(2) -0.66998(1) -0.670101(7)

196 -0.66586(3) -0.66840(2) -0.66926(1) -0.66951(1) -0.669750(4)

Table 2: Ground state spin correlation functions ĥSi · Ŝi+ Ri for different system sizes.

Evaluation of the correlations is done by sampling 106 states. For N = 16 we used

↵ = 10, while for larger N we used ↵ = 16. Errors are calculated as statistical errors

on the Monte Carlo sampling.

N ĥSi · Ŝi+ Ri

16 0.1798(2)

36 0.1528(3)

64 0.1386(4)

100 0.1289(3)

144 0.1238(4)

Figure5: Timerequired for a singleoptimization step versussystem size. Thenumber

of samples for the optimization is kept fixed to 2⇥104 for each data point. The sizes

addressed are: N = {36, 144, 256, 400, 676, 900} , where N is the number of spins.

Simulations are performed in our local cluster machine exploiting 60 cores in parallel

during the whole optimization process. The plot clearly shows that for fixed ↵ the

scaling is quadratic in the number of spins.

15

G. Fabiani, JHM, SciPost. Phys. 7, 004 (2019)

Nhidden / Nspin=2

Nhidden / Nspin=4
24 x 24 6 hours

100 x 100 > 75 days



Optimization

Variational principles

min ( ෡ℋ − 𝐸)𝜓𝒲

min i𝜕t𝜓𝒲 𝑡 − ෡ℋ(𝑡) 𝜓𝒲(𝑡)

ODE variational parameters

Variational Monte Carlo

Initialize “weights” 𝒲

Update “weights” by 𝑆𝑘𝑘′ , ℱ𝑘

Monte Carlo sampling 𝜓𝒲(𝑆)
2

Stochastic reconfiguration (Sorella, 1998)



Computational Cost

Variational Monte Carlo

Initialize “weights” 𝒲

Update “weights” by 𝑆𝑘𝑘′ , ℱ𝑘

Monte Carlo sampling 𝜓𝒲(𝑆)
2

Monte Carlo Sampling 
𝑁S states: 𝑂(𝑁spin ×𝑁S)

Inference 𝜓𝒲 𝑆 :

𝑂 𝑁spin ×𝑁hidden
= 𝑂 𝑁spin

2



Computational Cost

Variational Monte Carlo

Initialize “weights” 𝒲

Update “weights” by 𝑆𝑘𝑘′ , ℱ𝑘

Monte Carlo sampling 𝜓𝒲(𝑆)
2

Monte Carlo Sampling 
𝑁S states: 𝑂(𝑁spin ×𝑁S)

Inference 𝜓𝒲 𝑆 :

𝑂 𝑁spin ×𝑁hidden
= 𝑂 𝑁spin

2
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• Memristor elements at crosses

• Matrix-vector multiplication 

by Ohm and Kirchhoff laws

• Enormous reduction 

on-chip data-transfer

Analog in-memory computing (AIMC)

Cross-bar structure

Lanza et al., Science 376, 1066 (2022)A. Sebastian et al., Nature Nanotech. Rev. 15, 529 (2020)



Science use cases

Condensed Matter Particle Physics

T. Aarrestad, … S. Caron, … et al., SciPost Phys. 12, 43 (2022)G. Carleo, M. Troyer,  Science 355, 602 (2017)

G. Fabiani, JHM, SciPost. Phys. 7, 004 (2019)



EAR software: Energy management framework for HPC

ESC cluster @ SURF

https://github.com/dkosters/EME
• CPU: Intel Xeon Gold 6248 dual socket (2x20 cores)

• GPU: NVIDIA GPU V100

Energy measurements

https://github.com/dkosters/EME


Architecture design for AIMC

D.J. Kösters et al., APL Machine Learning 1, 016101 (2023)

Particle Physics

Condensed Matter 

Phase-change memory



Results Neural-Network Quantum states

>100x more energy efficient Flat scaling (by design)

D.J. Kösters et al., APL Machine Learning 1, 016101 (2023)



Results Particle Physics

D.J. Kösters et al., APL Machine Learning 1, 016101 (2023)

>1000x more energy efficient Flat scaling (by design)



Towards neuromorphic advantage
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Flat scaling of

compute time

𝑂(𝑁spin × 𝑁hidden) ⟶ 𝑂(1)
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Optimization

Variational Monte Carlo

Initialize “weights” 𝑊

Update “weights” by 𝑆𝑘𝑘′ , ℱ𝑘

Monte Carlo sampling 𝜓𝒲(𝑆)
2



Probabilistic Bits (pbits)

Camsari et al, PRX 7, 031014 (2017) Stochastic p-Bits for Invertible Logic

Digital computer

Digital bit

0 1

Probabilistic computer

Probabilistic bit

0 1
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Probabilistic Bits (pbits)

Camsari et al, PRX 7, 031014 (2017) Stochastic p-Bits for Invertible Logic
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Stochastic Ising Machines

Stochastic 

Neuron

synaptic

connections

Courtesy: Rutger Berns



Stochastic Ising Machines

Sampling

𝑝 𝑠 = 𝑒−𝐻ising (𝑠)

𝐻ising 𝑠 =෍

𝑖<𝑗

𝐽𝑖𝑗𝑠𝑖𝑠𝑗 +෍

𝑖

ℎ𝑖𝑠𝑖

Courtesy: Rutger Berns

Stochastic Neuron

weighted

sum



Stochastic Ising Machines

Stochastic Neuron

weighted

sum

𝐸Ising = −෍

𝑖

𝑁tot

𝑏𝑖
′𝑚𝑖 −෍

𝑖

𝑁tot

෍

𝑗

𝑁tot

𝐽𝑖𝑗𝑚𝑖𝑚𝑗

𝐼𝑖 = −
𝜕𝐸Ising

𝜕𝑚𝑖
= ෍

𝑗

𝑁tot

𝐽𝑖𝑗𝑚𝑗 + ℎ𝑖

𝑚𝑖 = sgn[tanh 𝐼𝑖 − rand𝑈 −1,1 ]

𝑝({𝑚}) ∝ exp[−𝐸Ising({𝑚})]

100-1000X less energy



Time complexity



Time complexity

𝑂(𝑁pbit) ⟶ 𝑂(1)



Analysis sampling efficiency

𝜀rel(𝑁) =
𝐸0 − 𝐸(𝑁)

𝐸0
Investigating Ising machines for quantum simulations 3

which can be rewritten as because Var(E) is constant and a
property of the distribution

NGibbs

NMH
=
tGibbs

tMH
(16)

which shows that if the autocorrelation time of Gibbs sam-
pling is very small we also need very little samples to achieve
thesameaccuracy in comparison to Metropolis-Hastings sam-
pling.

IV. RESULTS

Accuracy of the RBM compared to modified RBM?

A. Combined figure autocorrelat ion Ult raFast versus Gibbs

FIG. 1. Autocorrelation time in sweepsof thevariational energy for

the modified RBM ansatz.

B. Scaling of the relat ive error

C. Projected Performance

V. CONCLUSION/ DISCUSSION

Typically, NS > 10NP which for larger systems grows is
problematic because the number of parameters grows with
the number of spins15. For these large systems, it seems
that shallowness of the RBM ansatz starts to become a prob-
lem. Deeper neural networks can suffice with fewer number
of samples even though the number of parameters is larger16

(note that this could also be due to MinSR17).

VI. OUTLOOK

The next step is going to
DBMscan bemapped and sampled similarly to RBMs. Re-

cent work demonstrates that DBMs which are typically too

FIG. 2. erel (N) as a function of the number of steps. The number
of steps for the UltraFast code is chosen as a Monte Carlo flip, since

this is the smallest sequential unit of the code (i.e. there can be no
parallel flips). For the Ising machine, the Ising step is chosen as the

parallel unit.

FIG. 3. Autocorrelation time in sweeps of thevariational energy for
the modified RBM ansatz.

expensiveon traditional hardwarecan beefficiently simulated
on Ising machine hardware.

For performing real time evolution of quantum systems, a
complex wave function is required. This can be achieved by
using two networks, one for the amplitude A(s) and one for
the phase f (s). For sampling only the A(s)2 is required.

𝑁spin = 16, α = 2 𝑁spin = 484, α = 2

MC

Ising

MC fit

Ising fit
α =

𝑁hidden
𝑁spin

Ising sampling better for large systems

Investigating Ising machines for quantum simulations 3
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the modified RBM ansatz.

expensiveon traditional hardwarecan beefficiently simulated
on Ising machine hardware.

For performing real time evolution of quantum systems, a
complex wave function is required. This can be achieved by
using two networks, one for the amplitude A(s) and one for
the phase f (s). For sampling only the A(s)2 is required.

𝑁spin = 16, α = 4 𝑁spin = 484, α = 4

But advantage depends on network width

𝐸 = 𝜓𝒲 𝐻 𝜓𝒲 / 𝜓𝒲 𝜓𝒲



Predicting Advantage

𝜀rel 𝑁 =
𝐸0 − 𝐸 𝑁

𝐸0
~ 𝜎 ത𝐸 =

2𝜏

𝑁
var(𝐸)

Provided that distributions the same

𝜀rel,Ising(𝑁)

𝜀rel,MC(𝑁)
=

𝜏Ising

𝜏𝑀𝐶

Autocorrelation time 𝜏

𝑁Ising

𝑁MC
=
𝜏Ising

𝜏MC

property

model

prediction

hardware



Exploring many models

𝑁spin

𝑁Ising

𝑁MC
=
𝜏Ising

𝜏MC

Number of quantum spinsR. Berns,.. JHM, arxiv 2504.18359

small models

seem better

orders of 

magnitude

variation

Tune Ising advantage 

by network choice



Projected Speedup

Energy: 

CPU: 200 mJ

IMC+pbits: 2 μJ

105 more efficient 

R. Berns,.. JHM, arxiv 2504.18359

Number of quantum spins

sMTJ flip ~ 1ns

IMC ~ 4-100 ns

Nspin large

→ more advantage



Combinatorial Optimization

3D Spin-Glass

Edward-Anderson

randomly



Challenging Optimization Problems

arXiv:2503.10302 Nature Comm. (in press, 2025)

3D Spin-Glass

Edward-Anderson

randomly



Challenging Optimization Problems

arXiv:2503.10302 Nature Comm. (in press, 2025)

3D Spin-Glass

Edward-Anderson

randomly



• Neuromorphic Computing very promising to break existing 

computational barriers

• In-memory computing: flat scaling with matrix size

~ up to 20X faster, 100-1000X less energy

• Ising Machine: parallel instead of serial sampling 

~ up to 100-10000X faster, 100-1000X less energy

NQS: Advantage can be predicted based on network properties

• Even digital emulators / FPGAs can show significant advantage

G. Fabiani, M.D. Bouman, JHM, PRL. 127, 097202 (2021)

D.J. Kösters et al., APL Machine Learning 1, 016101 (2023)

Summary

R. Berns et al., arxiv 2504.18359 (2025)

Chowdhury et al., arXiv:2503.10302 (2025)
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Current position the Netherlands

For neuromorphic computing, dif erent materials are needed than those used for the transistors of 

digital computers. For example, materials with adaptive properties to mimic the synapses of the 

human brain. Devices are components with a given functionality. This can be a switch, a memory 

element and also a sensor or artif cial neuron. Multiple devices have to be integrated for which 

neuromorphic circuit design is needed. Moreover, new hardware architectures have to be 

developed to realize a computing chip, featuring either fully neuromorphic or a combination of 

digital and neuromorphic circuits. 

Algorithms of digital computers def ne the manner in which the computer is programmed and 

interacts with the environment. For digital computers there is a strict separation between software 

algorithms and hardware. For neuromorphic computing this seperation is less clear and they are 

often developed and designed together. Moreover, the way neuromorphic computers are 

programmed is dif erent. They are essentially learning machines, just as the human brain, and they 

become better and better by training them with data.

Applications also play a special role in neuromorphic computing. It is not expected that 

neuromorphic computing will directly replace existing digital computers. It will rather have 

advantages for specif c tasks that are highly demanding in terms of the amount of data,  response 

time or the available energy. Especially tasks that involve pattern recognition and classif cation are 

very suited for neuromorphic computing. For example, fraud detection for credit card transactions 

in mobile payment terminals and image analysis by robots and on drones, with potentially huge 

business opportunities in, for example, health, logistics and food production. 

Neuromorphic computing includes several dif erent aspects as illustrated in Figure 1 and brief y 

explained below:

05.



Towards Neuromorphic Alliance

• Ecosystem governance

- Technical roadmap development NL 

- organising the field

• Market-driven Application Lab

• Prototyping facility for Emerging Technology
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