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Abstract

Neural quantum states are among the most expressive variational ansétze for quantum
many-body problems, yet evaluating them incurs a digital computational cost that grows
with network size. We propose realizing the ansatz directly in analog hardware, using
experimentally demonstrated devices as variational wavefunctions within the variational
Monte Carlo (VMC) framework. We study two platforms: the microring resonator meshgrid
(MRM) and the optical reservoir (OR), a disordered lithium niobate slab that maps phase-
encoded spin configurations to high-dimensional speckle features. Benchmarked against a
restricted Boltzmann machine (RBM) on frustrated two-dimensional spin models and the Hs
molecule, both platforms match the digital baseline. These results establish analog hardware
as a viable substrate for neural quantum states.

1 Introduction

The simulation of strongly correlated quantum many-body systems is one of the foremost
challenges in modern physics. State-of-the-art numerical methods each face characteristic
limitations: density functional theory fails in strongly correlated regimes [1, 2], tensor network
methods scale exponentially with entanglement and become intractable beyond quasi-one-
dimensional systems [3, 4], quantum Monte Carlo [5] suffers from the sign problem in frustrated or
fermionic systems, and neural quantum states (NQS) within variational Monte Carlo (VMC) [6]
are increasingly limited by the throughput and power consumption of conventional digital
hardware.

We introduce a paradigm in which analog physical devices serve as trainable variational wavefunc-
tion ansétze, optimized within the VMC framework. Rather than instantiating the wavefunction
on digital hardware, we let a device’s own physical dynamics carry out the computation, using it
as a physical neural network (PNN) [7]. This approach is compelling because many physical pro-
cesses perform the core operations of computation directly in hardware, executing linear-algebra
primitives at a throughput and energy efficiency that conventional processors cannot match [8—
10] and, in the optical case, even acting as universal function approximators [11]. These are
precisely the properties a variational ansatz demands: enough expressivity to capture nontrivial
quantum correlations, and cheap enough evaluation to facilitate the variational optimization.
We adapt two experimentally realized platforms (Fig. 1), both previously demonstrated on
image-classification tasks: the microring resonator meshgrid (MRM) [12] and the optical reservoir

(OR) [13].

2 Analog Wavefunction Architectures

2.1 Microring Resonator Meshgrid

The MRM [12], as illustrated in Fig. 1a, is a layered network of optically coupled resonator modes
in which the input spin configuration o € {—1,+1}"V is encoded directly into the resonator
detunings rather than the propagating light. This causes the scattering to produce a nonlinear
input-output map from a fully linear physical process. Setting x¢ = diag(c), successive layers
effectively apply

Tt = fo,(xn) = (A}, 20 Ag, +bs,) ", (1)
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Figure 1: (a) Microring resonator meshgrid: spin inputs modulate resonator detunings, the summed scattering
output yields log. Adapted from Ref. [12]. (b) Optical reservoir: spin configurations are phase-encoded and
scattered through a X<2) medium, speckle features at w and 2w are read out by a trainable linear layer. Adapted
from Ref. [13].

where Ay, encodes interlayer couplings and by, encodes decay rates and reference frequencies.
The variational wavefunction amplitude is then the composition of these layers

long(U) = Z[(f@n 0--0 f91)($0)]i,i7 (2)
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which nicely mirrors a deep neural network with matrix inversion as a nonlinear activation.
Another beneficial feature of this setup is also that gradients can be extracted from local
scattering measurements [12], enabling efficient training.

2.2 Optical Reservoir

The OR [13] uses a polycrystalline lithium niobate slab as a fixed, untrained feature extractor.
Input spins are phase-encoded via a spatial light modulator (o; = +1: zero phase, o; = —1: 7
phase) and the phase-modulated wavefront propagates through the slab, where random quasi-
phase-matching and ¥ nonlinearity produce high-dimensional speckle patterns at both w and
2w. The resulting intensity spectra are then captured using a camera and passed to a single
trainable linear layer that maps the speckle features to the variational log-amplitude:

log¢g(0) = Ap log Q;FH/SH(U) + by, (3)

where log py ssu(o) denotes the fundamental- and second-harmonic speckle intensity. Because
the linear readout is the only component evaluated digitally, any expressivity beyond product
states must arise from the reservoir’s physical nonlinear mapping.

3 Ground-State Benchmarks

3.1 Lattice Spin Hamiltonians

We benchmarked both architectures against a restricted Boltzmann machine (RBM) on three
two-dimensional spin Hamiltonians:

Hrena = —J Y ZiZj—h)_ X; (J =1, h=3.044), (4)
(i.3) i
HHeis = JZ Sz . Sj (J = 1)7 (5)
(i,3)
Hj, s, :le Si-S;+Jo Z Si-S; (Ji=1, J,=0.5). (6)

(4.5) ()
All three architectures used comparable parameter counts (1648 RBM, 608 MRM, 1601 OR)
and were optimized via stochastic reconfiguration [16] with spatial symmetries imposed. On a
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Figure 2: Ground-state benchmarks and quantum chemistry results. (a) Relative energy errors on a symmetrized
4 x 4 lattice. (b) Spin structure factor S(q) for the 4 x 4 lattice. (c) Potential energy surface of Ha (6-31G basis,
N = 8 spins via Jordan-Wigner) traced by the OR versus exact diagonalization, the equilibrium bond length
deq = 0.74 A is accurately recovered. (d) Energy errors on an unsymmetrized 10 x 10 lattice (MPS at bond
dimension 2000 and QMC as baselines). (e) Structure factor for the 10 x 10 lattice. (f) Relative ground-state
energy errors at equilibrium, the OR and RBM reach ~10~7, while the MRM reaches ~2 x 1073,

4 x 4 lattice, both analog architectures achieve relative energy errors matching the RBM baseline
across all three Hamiltonians (Fig. 2a). Both architectures reproduce the spin structure factor
S(q), from exact diagonalization calculations (Fig. 2b), capturing the antiferromagnetic ordering
of the Heisenberg model and the frustrated stripe order of the .Ji-J2 model at Jo/J; = 0.5, which
is a particularly challenging frustrated regime in which sign-problem-free QMC is unavailable.
Extending the MRM (unsymmetrized) 10 x 10 lattice, it remains competitive against the RBM,
especially for the Heisenberg model (Fig. 2d,e), demonstrating that analog wavefunctions can
be scaled up to larger, two-dimensional systems. Here, the "exact" energy and structure factor
results were generated using DMRG for the TFIM and QMC for the Heisenberg model.

3.2 Quantum Chemistry: the H, Molecule

To demonstrate that the approach extends beyond lattice spin models, we applied the OR to
the hydrogen molecule in the 6-31G basis. The Hy Hamiltonian is mapped to an N = 8 spin
problem via the Jordan-Wigner transformation using molecular integrals from PySCF [17, 18].
As can be seen in Fig. 2c¢, the OR traces the full potential energy surface (PES) in near-exact
agreement with exact diagonalization across interatomic distances from 0.1 to 2.5 A, correctly
locating the equilibrium geometry at deq = 0.74 A. At equilibrium, the OR achieves a relative
ground-state energy error of ~2 x 10~7, comparable to the RBM (~5 x 10~7) and nearly four
orders of magnitude lower than the MRM (Fig. 2f). This demonstrates that analog variational
ansétze extend beyond spin systems to problems in quantum chemistry.

4 Conclusion

We have introduced analog physical devices as variational wavefunction ansétze for quantum
many-body problems. Both the MRM and the OR integrate seamlessly into the VMC frame-
work and match or approach RBM accuracy on spin models in two dimensions, with the OR
further achieving near-exact energies for the Ho molecule. Future work will address theoretical
expressivity bounds, hardware noise tolerance, and the regimes where analog devices offer a
genuine computational advantage over digital neural quantum states.
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