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Magnetic spin textures in ultrafast nanomagnetism
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Requires scalable simulation

>10.000 quantum spins



Quantum dynamics of magnetic spin textures

Spin textures at quantum criticality
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Antiferromagnetic VBS

Toscano et al. (2011) J. Appl. Phys. 109, 014301 Senthil et al. (2004) Science 303(5663), 1490-1494
Coenders et al. (2026) Sandvik, A. W. (2007). Phys. Rev. Let. 98(22), 227202.

Minimal model: antiferromagnetic Heisenberg model: 7 =7> S;-§;

Accelerating Quantum Simulation on Intel Loihi 2 (17)
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NQS is powerful!

Quantum spin liquids Shastry-Sutherland model Frustrated models
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How to realize more scalable, large

scale NQS?




Boltzmann Machines -

e Restricted Boltzmann Machine:

 Deep Boltzmann Machine:

Carleo & Troyer (2017) Science 355,602-606

 More expressive & parameter-efficient

Nomura et al. (2021). Phys. Rev. Let., 127(6), 060601.
Gao et al. (2017). Nature Comm., 8(1), 662
Carleo et al. (2018). Nature Comm., 9(1), 6322.

 Sparse Deep Boltzmann Machines

Chowdhury et al. (2025). arXiv:2512.24558 (for NQS)
Niazi et al. (2024). Nat. Elec., 7(7), 610-619 Montufar (2015). ICLR2015

d deep

h; hidden

 But, hard to train! S; visible
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1. Boltzmann Machines

Neural Quantum States

el
___________________________________ ]
Variational technique hidden h;
| NN\
 Ansatz: Yy (s), solve: H|y) = E|) \\6‘)\‘?‘%‘»“’4%“"{{
visible S;
fmmmm e |
Initialise with random weights WV n
* Restricted Boltzmann Machine

Carleo & Troyer (2017) Science 355,602-606

Monte Carlo sampling by P(s) = WW(S)\Z

v

Calculate observables, e.g. (E) Each step has to be efficient to scale!

v

Stochastic Reconfiguration to update V

Scaling Neural Quantum States beyond 10000 quantum spins 9
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Initialise with random weights WV

Monte Carlo sampling by P(s) = |[{yy(s)

Observables: Metropolis-Hastings:
(Yw|O]pw) Mc 1 At N ( |¢(3')|2>

O) = ~ Oloe( p(s — §') =min ( 1,

< > WWWW Z | ‘~‘O(n) |¢(S)|2
$ GPU Acceleration
Calculate observables, e.g. (E)
Gradients: Local energy: ,» O(n)
0 S o (s

@, = | _ /

k(5) v, 108 Y (s) Eioc(s) =) (s|H|s) ar(5)

S/

v

Stochastic Reconfiguration to update WV
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Initialise with random weights WV

Monte Carlo sampling by P(s) = |[¢y(s)|?
Observables: Metropolis-Hastings:
NS I\ |2
(Yw|Olw) Mc 1 N s P(s)
<O> - ~ ZOIOC p(S%‘S) — 11N 17 9
WWWW ~‘(’)(n) |¢(S)| |
{ GPU Acceleration
Calculate observables, e.g. (E)
Gradients: Local energy: ,» O(n)
Ok(s) = 72— log i (s) Eloc(s) = 2<s\ﬁ\s’>w(8'>
oWy o > U (s)
Stochastic Reconfiguration to update )V v O( P3)

S, = (OO0 — (ON Oy Update: K
J:k <E< kO*k>> <J<5 k§<<05>> Wi(p+1) = Wi(p) = n(p) Sy F (Wi (p))
k — locVE/ — loc k

Or minSR: O(Ng)

Scaling Neural Quantum States beyond 10000 quantum spins Chen et al. (2024) Nat. Phys. 20, 1476-1481 Rende et al. (2024) Commun Phys 7, 260 12



Outline

1. Restricted Boltzmann Machines

A o1 L 2 4
\\ // hidden h;
N\
visible S;

2. GPU Acceleration
Scale up to 10.000 quantum spins

3. Neuromorphic computing
Scale to millions guantum spins
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1. Restricted Boltzmann Machines
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Boltzmann Machines

R e EE L ETEE TR EE T EE R T ]
 Variational ansatz: / hidden h;
S SRS W7
p(s) =/ 2une f' \ i
" D 57
- e N OSSR
» Succesful architecture: ~ Tteeallloo-- N\ —
Carleo & Troyer (2017) Science 355,602-606 o T X * I VISIDIE 54
Nomura, Imada (2021) Phys. Rev. X 11, 031034 n

Joshi et al. (2024) Phys. Rev. B 110, 104411

« Efficient inference/updates: O(n*) — O(n®)

Carleo & Troyer (2017) Science 355,602-606

Scaling Neural Quantum States beyond 10000 quantum spins 15



Boltzmann Machines: Efficient updates

e Efficient inference/updates:

 Sampling & off-diagonal observables requires:

Y(s) = \/Zh e2i Dihitd " Wishis;

l analytically sum hidden units

P(s) = \ ﬁ 2 cosh (bi + zn:Wijsj)
i=1 j=1

N— e "

update! — 0, =0; + Z Wiij
7= O(an?) — O(an)

Scaling Neural Quantum States beyond 10000 quantum spins 16



Boltzmann Machines: Symmetries

» Translation invariance reduces trainable parameters by  O(an® + an) — O(an + )

an.n 3 4 516 7 819 10 11]12 13 1415 16 17|18 19 20|21 22 23|24 25 26
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Carleo & Troyer (2017) Science 355,602-606 L I 9 10 11|12 13 143 4 516 7 821 22 23|24 25 26|15 16 17|18 19 20
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. L 13 14 12| 4 5 3|7 8 6|10 11 9|25 26 24|16 17 15|19 20 18|22 23 21
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Nomura (2021) J. Phys.: Condens. Matter 33, 174003 S T
.é 107 -
:
» For a = 2 only 144 KB or 18434 parameters for 96x96 Z o] _
spins y
F% 10° -
= Almost 10.000 times less parameters 8

Id | 8x8  16x16 39x32 64x64 128x198
= Small SMatrix! n=1xL

=—@— 'Translation invariant =@ No translation invariance Typical transformer/CNN range
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Training large RBMs is hard!




RBM hard to train for big systems

Antiferromagnetic Heisenberg model, L = 40 X 40, o = 2
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RBM hard to train for big systems

Antiferromagnetic Heisenberg model, L = 24 X 24, o = 2
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Structured weights

* For big systems, training gets stuck!

. Typical initialization: 7'y ~ U(—107%, 107%)

* New Initialization:

. Two variances: #'; ow ~ U(—107%, 107%) and

» Initialize all with 7’| 5w, except for 1 weight per a,

W 16 like ‘spikes’

Scaling Neural Quantum States beyond 10000 quantum spins
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New ‘spiky’ initialization
Antiferromagnetic Heisenberg model, L = 40 X 40, a = 2
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2. GPU Acceleration

Scale up to 10.000 quantum spins




Neural Quantum States
Variational technique

» Ansatz: Yy (s) , solve: F[W} = E|Y)

Monte Carlo sampling by P(s) = |y(s) k ) _
sty P00 pu pcceteation

|

Scale up to 10.000 guantum spins
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Local energies on GPU

Local energy calculation 16384 samples

* Parallelization on GPU with Julia & 102 —
CUDA =
101 ¢
e Each GPU thread calculates
wavefunction ratio: 3 —~ 100 |
(s") ©
5 = 1071
(4,5) (4,5) z
1072 —e— CPU*
_ i —&— GPU* _
» Use cached: ¢, —p, + Z Wijs; 10-3 = Fit g e 218 -
J=1 A Sx8  16x16  32x32  G4x64  128x128

n = L?
* 1000x speed-up on GPU

Scaling Neural Quantum States beyond 10000 quantum spins *1-core AMD EPYC 9555P, **NVIDIA L40S, excluded calculation of 0, 25



Sampling

Metropolis-Hastings:

)P

pls -+ ) = min (1.

Only one/two flips at a time

Large quantum systems are hard to study!

Scaling Neural Quantum States beyond 10000 quantum spins
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Sampling

ATl
R QAR D P P P hiddenh,
Wﬁ? "tf I ?“3‘:‘ ti’ﬁt"} ¢ AN\ N7 acen
N é z \\ “11 1‘ 1:“ f‘t‘f‘ "J Map to Ising Model \%&\ %é/
+ ‘f TR 4% — N e
RN LI RO
ty PGB v s,
_______ e
()2 = P(s) = Y e Homshsd oy — [ g
¢(3) — \/Zh 62?” bZhZ_FZ??n Wighis; Oer}’rz an+n j—1
Hising(m) — Z hzmi — Z ZJZszm]
i=1 j=1 i=1
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Chromatic Gibbs sampling

Parallel updating of all hidden and visible spins!

1
;= £1) = — H(osi)— H(o
p(m ) 1—|—exp(::AE) AL H( Vi ) H( i )
an-+n an+n j—1
Higing(m) = — Z him; — Z ZJijmimj
i=1 j=1 i=1

Scaling Neural Quantum States beyond 10000 quantum spins
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Encoding magnetization constraint is difficult

Antiferromagnetic Heisenberg model: s 6 s 10 1 1 o1 18 20 2

1.0 - - T - T - - .;I_. ;:::é :

| —4— a=3"-
0.8 i —{E— a =4 |

[ -{E— oa = 8 :

\0.6_— 10x

02} |
0.0 | |

16 36 64 100 144 196 256 324 400 484
n

R. Berns et al. Phys. Rev. Applied 25, 024085 (2026)

Constraint:
Z si =0 10x more samples without constraint

1
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r’ e U[0, 1]

random pairs

30

PArallel sampling with COnstraints (PACO)
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detailed balance!

Ints

Restores

1. Group visible spins that want to flip in two blocks (up/down)

2. Determine #N,: number of spins of smallest block

3. Flip #N, spins in both up and down block

(4) Pairing for constra

tion to flip

717 7SR
N

(2) Spins with inten
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Ground state optimisation

Initialise with random weights V

v

Monte Carlo sampling by P(s) = WW(S)\z

v

Calculate observables, e.g. (E)

v

Stochastic Reconfiguration to update WV

Scaling Neural Quantum States beyond 10000 quantum spins
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Scale up on GPU

16 24 32 40 18 00 64 (2 30 33 96

—— PACO Pairing (FP32)*, a = 2 -

0.005 —8— PACO Pairing (FP32)*, a =4 -

0.004 -
S 0.003 F il ':
w L

-

0.002 [ / :

0.001 | 21 GPU Hours

0.000 L

200 576 1024 1600 2304 3136 4096 5184 6400 7744 9216
‘ n
24 x 24, Fabiani et al. (2021) Phys. Rev. Lett. 127, 097202 80 x 80, Chowdhury et al. (2025) arXiv:2512.24558

32 X 32, Moss et al. (2025) Phys. Rev. B 112, 134450

Accelerating Quantum Simulation on Intel Loihi 2 *NVIDIA L40S, Reference values: Sandvik et al. (2026) J. Stat. Mech. 043101 32



Total sampling time

L
3 16 24 32 40 48 50 64 72 30 38 96
I I I I I I I I I I I A.I :
104 £ E
—~ 103 3 -
- —-
£ 102] -
=
=
101 £ E
10° k _
64 200 576 1024 1600 2304 3136 4096 5184 6400 7744 9216
mn
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Accelerating Quantum Simulation on Intel Loihi 2 33



3. Neuromorphic computing

Scale to millions guantum spins




Neuromorphic computing

CPU/GPU MEMORY

e Conventional architectures have an inherent —

memory throughput bottleneck!

 Neuromorphic hardware:
* Brain inspired
 Memory and processing integrated
 Massively parallel & scalable compute!

* But limited programmability and often
requires quantization & sparse
connectivity

Scaling Neural Quantum States beyond 10000 quantum spins

Wong & Salahuddin (2015). Nature Nanotechnology, 10(3), 191-194




Sampling advantage for NQS?




Ising Machines

o= 2

L
4 6 3 10 12 14 16 18 20 22
]_OO 1 1 1 1 1 1 1 1
-4 - MH (CPU) —f - projected SIM (conservative)
101 F --f-- SIM(CPU) —f = projected SIM (optimistic)
— = SIM (FPGA)
@ 107 e Y
g ;_-y-—. -
3 102 - 104 faster
qu]
(Vg
8_ Gallo et al. (2023). Nature Electronics 6(9), 680-693
)
£
— .
Patel et al. (2020). arXiv:2008.04436
107°° |
— — 3 I _F — Sutton et al. (2020). /EEE Access : Practical
- m——T —— Innovations, Open Solutions, 8, 157238-157252.
. — "
10_7 ~ —
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R. Berns et al. Phys. Rev. Applied 25, 024085 (2026)
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Probabilistic Ising Machines for NQS are exciting!

Predicted sampling advantage Demonstration Large scale NQS

H — JeX Z . . S’L ’ Sj I
(17) Ch
316 F em. accuracy
10° = ——= FRBM (6 FPGA)
L I == = PEPS estimate (L = x)
c -3.18 |
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S b= - =1,-=3.044
S S 320 J -
a | >
o 1N Ising S |
- . C —o.
i§ = Machines LL] -
Problem Size ————————p gog bt i
1 2 4
10 10 10> 10
Number of iterations
R. Berns et al. Phys. Rev. Applied 25, 024085 (2026) S. Chowdhury et al. arXiv:2512.24558 (2025)
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Sampling with constraints on

distributed spiking hardware
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Accuracy for PACO with Buckets

o =4
L
8 12 16 20 24
0.0035 - -
0.0030 | -
0.0025 F :

~0.0020 f :

(33 | —#— PACO Buckets (INT8) (Evaluated MH)
00015 3 { —@— PACO Buckets (FP64) (Evaluated MH)
0.0010 | ] ~*&- MH (FP64)

0.0005 F -
o.ooo0tm—r—r—p—0 . .. ..
64 144 256 400 576
n . F — EQMC
Erel — I
Model & optimization in FP64, Local energies FP32 GPU QMC

Scaling Neural Quantum States beyond 10000 quantum spins Reference values: Sandvik et al. (2026) J. Stat. Mech. 043101 21



Total sampling time
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Outlook: (Sparse) Deep Boltzmann Machines

d deep

hj hidden

S; Vvisible

Deep Boltzmann Machine

Carleo et al. (2018). Nature Communications, 9(1), 5322.
Niazi et al. (2024). Nature Electronics, 7(7), 610-6109.

Nomura et al. (2021). Physical Review Letters, 127(6), 060601.
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(a)

Energy per spin, E/N
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-3.21

-3.22 |
-3.23

-3.24 L

S.

Chem. accuracy
== gparse DBM
= = PEPS estimate (L = «)

30x30

size:

J=1,T.=3.044

Number of iterations

Chowdhury et al. arXiv:2512.24558 (2025)
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Outlook: Boltzmann Machines for NQS Dynamics

2x2 Heisenberg model

el — e | | « Amplitude-phase ansatz:
' - \ertical correlations
- — ED
0.6 ! S Z¢I/ S
| e (S) = 1, (5)e' (S
</m't ‘0.8 - B
v .
_ * Train dual networks:
1.4+ | ' ' I | | O :uj F'uz

| T | (Suiuj ) ( ) : ( .)
5 7 8 9 10
t/J 0 SV?Z V. VJ FVq;

RBM (¢ = 2) x RBM (a = 2)

Finnian Rist (2026)
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* INT8 quantization of sampling with competitive accuracy, giving high potential
for deployment on neuromorphic hardware!

* Projected speed-up on spiking hardware such as Intel Loihi 2.

Scaling Neural Quantum States beyond 10000 quantum spins



Outlook

* Deploy on SpiNNaker and Intel Loihi 2 to leverage parallelism & sparsity with
models such as sparse deep Boltzmann Machines

 Buckets for constraints with chromatic Gibbs sampling

 Quantum dynamics of antiferromagnetic textures

SpiNNaker 2

dj, deep

h; hidden

S; visible

Mayr et al. (2019) arXiv:1911.02385 Deep Boltzmann Machine
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