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ABSTRACT
Solving large-scale computationally hard optimization problems using existing computers has hit a bottleneck. A promising alternative
approach uses physics-based phenomena to naturally solve optimization problems, wherein the physical phenomena evolve to their mini-
mum energy. In this regard, photonics devices have shown promise as alternative optimization architectures, benefiting from high-speed,
high-bandwidth, and parallelism in the optical domain. Among photonic devices, programmable spatial light modulators (SLMs) have shown
promise in solving large scale Ising model problems, to which many computationally hard problems can be mapped. Despite much progress,
existing SLMs for solving the Ising model and similar problems suffer from slow update rates and physical bulkiness. Here, we show that
using a compact silicon photonic integrated circuit optical phased array (PIC-OPA), we can simulate an XY Hamiltonian, a generalized form
of the Ising Hamiltonian, where spins can vary continuously. In this nanophotonic XY Hamiltonian solver, the spins are implemented using
analog phase shifters in the optical phased array. The far field intensity pattern of the PIC-OPA represents an all-to-all coupled XY Hamil-
tonian energy and can be optimized with the tunable phase-shifters, allowing us to solve an all-to-all coupled XY model. Our results show
the utility of PIC-OPAs as compact, low power, and high-speed solvers for nondeterministic polynomial-hard problems. The scalability of
the silicon PIC-OPA and its compatibility with monolithic integration with CMOS electronics further promise the realization of a powerful
hybrid photonic/electronic non-Von Neumann compute engine.

© 2024 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(http://creativecommons.org/licenses/by/4.0/). https://doi.org/10.1063/5.0187545

I. INTRODUCTION

Nondeterministic polynomial (NP)-hard optimization prob-
lems are of interest to many fields, including finance, cryptography,
medicine, and biology, but solutions to such problems cannot be
guaranteed to be found in polynomial time, and traditional methods
for solving such problems require resources that grow exponen-
tially with problem size. In an effort to find efficient methods
of solving, NP-hard combinatorial optimization problems can be
mapped to Ising Hamiltonians,1–3 and continuous variable opti-
mization problems can be mapped to the XY Hamiltonian.4 High
performance methods for solving XY and Ising Hamiltonians can

benefit from non-traditional physics-based solvers, which can har-
ness properties unique to the physical systems of implementation to
realize lower resource-consuming algorithms that cannot be imple-
mented on conventional processors. Recently, promising works on
such physics-based solvers have included quantum annealers,5,6

gate-based quantum computers,7 trapped ions,8 optical paramet-
ric oscillators,9–19 stochastic nanomagnets,20 coupled lasers,21,22 and
spatial light modulators.23–28

Photonic Ising solvers using programmable spatial light mod-
ulators (SLMs) can have considerable advantages over other Ising
solvers due to the massive parallelism of spatial optical modes with
no modal crosstalk in free-space. SLMs encode Ising spins in the
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phase of light and can simulate many spin all-to-all coupled Ising
models,23 as well as XY models with arbitrary coupling strengths.29

In an SLM-based Ising solver, the propagation of light from the
near field (directly emitted from the device) to the far field (where
the camera or photodetector is placed) performs the Ising energy
calculation, and the speed of such calculation is only limited by
the detector and the backend electronics. Despite these numer-
ous advantages, these conventional SLMs, which are liquid-crystal
based, can be physically large, bulky, and slow. Significantly, current
top-of-the-line liquid crystal SLMs have refresh rates two or more
orders of magnitude lower than the phase-shifter modulation rates
for on-chip devices.27,30,31 The limitations of traditional SLMs and
increasing progress in the development of on-chip SLM devices32–34

provide motivation to look for faster and more compact photonic
approaches for solving NP-hard problems. In addition, the appli-
cation of such photonic processors in solving XY model problems
remains relatively unexplored, despite the existence of algorithms
for efficient XY model optimization in gain-dissipative classical and
quantum systems.35

In this paper, we employ an on-chip and low power silicon
photonic integrated circuit optical phased array (PIC-OPA)36 as a
high-speed programmable SLM to solve for the energy minimum
and corresponding spin configurations of an all-to-all coupled XY
model. The XY model generalizes the Ising model by allowing spin
to vary continuously and can be used to solve optimization problems
with continuous variables. In the all-to-all coupled XY model imple-
mented by our PIC-OPA, every spin is coupled to every other spin
with couplings that are a function of the OPA device geometry and
spin location. Through implementation with silicon nanophotonic
technology, our PIC-OPA XY model solver benefits, in particular,
from fast spin refresh rates of 300 kHz and low power consump-
tion of the analog phase shifters.36 Using analog phase shifters, the
PIC-OPA processor naturally allows the simulation of a system with
continuous XY model spins.

Although more general XY Hamiltonians with varying con-
nectivity and spins can be mapped to silicon PIC-OPAs,37 the
OPA circuit in this work only programs the spins, i.e., the phase
shifters, resulting in an all-to-all XY model with equal connec-
tivity between the graph edges. In future work, the OPA circuit
can be redesigned to have both phase and amplitude control per
antenna to enable the programming of the spins as well as cou-
pling strength between the spins. Using our OPA architecture, we
find the energy minimum of an XY Hamiltonian and solve for the
corresponding minimum spin configuration in the Fourier domain
through a phase retrieval process. Our work demonstrates the poten-
tial of OPAs as compact, efficient, and scalable solvers of NP-hard
problems.

II. EXPERIMENT
In this work, we employ an 8 × 8 optical phased array

OPA architecture with compact overcoupled ring resonator phase
shifters36,38 to experimentally implement and solve a 64-node all-
to-all coupled XY model. Photonic emission from the OPA imaged
in the far field provides a physics-based calculation of XY model
energies for our experiment.

TABLE I. Summary of the key differences between the XY model with spin lattices
and the XY model implemented with an optical phased array.

Spin lattice Phased array

Spin Zj eiθ j

Description Lattice of spins Lattice of phased array
with continuously elements with continuously
varying spin values varying phase

Energy XY Hamiltonian Phased array far
expression field intensity

An OPA can be used to encode and solve the Ising and XY mod-
els. For a general Ising model, the interaction portion of the Ising
Hamiltonian H is equal to

H = −∑
⟨i,j⟩

eijZiZj , (1)

where ⟨i, j⟩ denote all nodes i and j connected by an edge, and eij are
edge weights. An OPA with an array of antennas, each with inde-
pendent phases constrained to equal either 0 or π, can be mapped
to an array of Ising spins.23 The interference pattern produced from
light emitted by an OPA, when summed and normalized, equals the
energy of the Ising Hamiltonian. The interference terms between
each antenna or spin give the couplings or edge weights, eij.

In addition to solving Ising model problems, OPAs can also be
used to encode and solve XY model problems. The XY model is the
continuous phase counterpart of the Ising model, and the spin–spin
interaction portion of the XY Hamiltonian is equal to35

H = −∑
⟨i,j⟩

eij cos (θi − θj), (2)

where ⟨i, j⟩ denote all nodes i and j connected by an edge, eij are edge
weights, and θ is constrained to equal any value between [−π, π].35

As in the Ising model case, the summed pixel intensity of the far field
interference pattern emitted from an OPA is equal to the negative
magnitude of the energy of the XY Hamiltonian. However, because
the phases of the OPA antennas are no longer confined to being
either 0 or π as in the Ising model but instead can take any value
between [−π, π], XY model problems have a larger solution search
space but also may have a greater density of near-solutions near the
minimum. Table I shows a summary of a comparison of spin lattice
systems and our phased array system in the context of solving XY
problems.

To solve the XY model using the OPA, first laser light with a
wavelength near the overcoupled resonance of the ring resonators
(here ∼1510 nm) is routed into the OPA. The light is emitted through
the antennas on-chip, and the resulting light emission pattern in
the far field is imaged. To find the energy associated with a given
configuration of spins (correspondingly, the configuration of phases
on each of the antennas), the total pixel intensity over an integer
number of periods of the far field pattern is summed. After energy
is calculated for a given configuration of spins, a genetic algorithm
is used to optimize the voltages applied to each ring resonator to
increase far field intensity and to solve for the XY model minimum.
No information from the target Hamiltonian is required or used in
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FIG. 1. General view of the photonic hardware used for the XY Hamiltonian solver and the algorithmic approach for the solver. (a) A diagram showing the XY model solver
implemented with a PIC OPA. The phases of the optically phased array are encoded in the light emitted from each emitter pixel (A, A′) and controlled via voltage applied to
the resonator phase shifters. In the focal plane (B, B′), the far field pattern is imaged and XY Hamiltonian energy is calculated, then voltages applied to each resonator phase
shifter are modified over each optimization iteration to minimize or maximize energy through a feedback process. Phases are extracted using a phase-retrieval algorithm (C,
C′). (b) A schematic showing the process of solving the XY model with a PIC OPA. Voltage is applied to the device to tune phases on the antennas (A, A′), which in the
far field (B, B′) form a pattern from which the XY energy is calculated and used to feedback to tune the voltages. After the optimization process completes, the phases are
extracted from the lowest energy far field pattern (C, C′).

the process of solving. Figure 1 shows a schematic of the process for
solving the XY model, including a high-level view of the OPA device.

Once the XY model minimum energy is found through the
genetic algorithm optimization process, the corresponding low-
est energy spin configuration is found by retrieving the phase of

each of the antennas in the OPA. In principle, phase estimation
at each antenna would be possible through a calculation of the
voltage applied to the phase shift expected given previously char-
acterized voltage to phase shift response curves. However, in prac-
tice, fabrication inhomogeneities between ring resonators, thermal

FIG. 2. Detailed structure of the PIC-OPA device used for the XY Hamiltonian solver. (a) A 3D rendering of a portion of the 8 × 8 PIC-OPA chip, with a yellow arrow showing
where the laser light enters before branching to reach each of the phased array elements and antennas. The inset shows a scanning electron microscope image of one
phased array element consisting of an overcoupled ring resonator phase shifter and an antenna. The electronic control of the phase shifter is not shown in this image. (b) A
microscope image of the 8 by 8 optical phased array device. An inset shows a camera image of the emission from each antenna, taken in the near field.
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crosstalk between heaters, and thermal drift make such a calcula-
tion infeasible. Instead, we retrieve the XY model phases using the
Gerchberg–Saxton phase retrieval algorithm.39,40

Figure 2(a) shows a 3D rendering of a portion of the OPA
device with 8 × 8 elements used for the experiments. In this device,
laser light enters the OPA through a waveguide, and through a tap
coupler, it is split into eight horizontal bus waveguides with equal
power. For each horizontal bus waveguide, there are eight tap cou-
plers to extract the light and pass it to a ring resonator phase shifter
before feeding into an antenna. All tap couplers are designed such

that the antenna elements receive equal intensities. With an appro-
priate resonator and waveguide coupling design, we achieve strong
overcoupling for the resonator phase shifters. A unit cell of this OPA
has dimensions of 15 × 15 μm2, and includes a resonator phase
shifter with a radius of 2.75 μm, a grating antenna, and a tap cou-
pler for inputted light. The use of an overcoupled ring resonator as a
phase shifter provides fast and low power phase tuning. More details
on the design and fabrication of these devices can be found in our
prior work.36 Figure 2(b) shows the near field optical emission from
the device, as well as a microscope image of the device, showing eight

FIG. 3. Schematic showing the phase recovery from the experimental data using the Gerchberg–Saxton algorithm. First, (a) an array of random phases is generated. Then,
(b) a near field constraint (src) according to the array geometry is multiplied by the random phases. Next, (c) the Fourier transform of the image is taken, and following that,
(d) the far field constraint (experimental data or trg) is imposed, and (e) an inverse Fourier transform performed. The images in panels (b)–(e) show the results of the first
iteration in this example. These steps are repeated over many iterations until the image after step C resembles the image after step D. In the example shown, (f) shows the
reconstructed far field C after 10 000 iterations.

APL Photon. 9, 031306 (2024); doi: 10.1063/5.0187545 9, 031306-4

© Author(s) 2024

 19 April 2024 12:35:04

https://pubs.aip.org/aip/app


APL Photonics LETTER pubs.aip.org/aip/app

rows and eight columns of overcoupled ring resonator phase shifters
with antennas. The overcoupled ring resonator acts as a low power
phase shifter for light, which couples from a waveguide to the ring
resonator before emitting from an antenna. The phases of light emit-
ted from each antenna, ϕj, each encode an XY model spin. The phase
at each antenna is controlled by adjusting the voltage applied to a
doped resistive heater on each ring resonator.

III. RESULTS
The XY model problem addressed in this work is that of an

all-to-all coupled graph with 64 nodes. Although a uniform OPA
with equivalent emission intensity from each antenna corresponds
to an all-to-all coupled XY model, the edge weights in the model
are modified by a constant phase dependent on the relative spatial

distances between each on-chip antenna. Given a uniform peri-
odic OPA with uniform emission intensities from each antenna,
the weight products w′i w

′

j for two antennas, antenna i and antenna
j, with the corrections for the finite distances between antennas are
given by (see Appendix A),

w′i w
′

j = 4wiwjLxLy sinc(αΔmijLx) sinc(αΔnijLy), (3)

where α ≡ 2πd/(λ0z0), Lx and Ly are the horizontal and vertical dis-
tances over which the pixels in the far field pattern are summed, and
mi, mj (ni, nj) are the row and column numbers of the phased array
element m (n), such that Δnij = (ni − nj) and Δmij = (mi −mj).
When Lx and Ly are constrained to be equal to an integer num-
ber of periods in the far field, the dependence on the distance over
which the far field is integrated disappears. Equation (3) is valid

FIG. 4. Energy minimization results for the OPA XY model solver for one optimization run. (a) XY model energy and summed image pixel intensity for each iteration of an
optimization for an energy minimum. (b) The simulated energy probability density function for the regular 8 × 8 OPA, with lines overlaid showing the experimental energies
corresponding to the energies marked in (a) shown in different colors. (c) Experimental data showing the far field images corresponding to the energies marked in matching
colors in (a) and (b).
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near the center of the far field interference pattern, where diffrac-
tion effects from the finite size of the antennas do not dominate, and
experimental data are taken from this center region.

Using the 8 × 8 uniform OPA described above, we solve for the
minimum energy and phase configurations for the corresponding
XY model Hamiltonian. A schematic showing the process of phase
retrieval using the Gerchberg–Saxton algorithm is shown in Fig. 3.
We use the constraint of a uniform array structure in the near field
and experimental images of the far field interference pattern as the
far field constraint.

In order to decrease the impact of noise, defects in periodicity,
and non-uniformities in the far field image on the phase retrieval
result, the far field image area used for phase extraction encom-
passes four periods of the diffraction pattern in the far field. The
choice of four periods was determined by running optimization tests
that employed the genetic algorithm without the Gerchberg–Saxton
algorithm in order to optimize the far field to a specific sample pat-
tern. Using too few far field periods can result in a retrieved phase
map that is not representative of the actual phases due to failing to
account for small but significant non-periodicity and imperfections
between each far field unit cell. Using more far field periods imple-
ments averaging over noise effects and more accurate phase retrieval.
However, the camera and setup, as well as the need to maintain a
high resolution image for each of the individual unit cells in the far
field, set a constraint on the maximum number of periods that can
be used.

Figure 4(a) shows the energy minimization results for the
64 node all-to-all coupled XY model. The energies calculated
through summing pixel intensity follow the energies calculated from
the XY model Hamiltonian after phase extraction, signifying suc-
cessful phase retrieval. As shown in Fig. 4(a), the variation of the
energy per iteration decreases non-monotonically and is somewhat
noisy. This noise in the summed pixel energy arises due to a large
ratio of baseline image intensity to signal intensity. In addition,
part of this noise as well as the non-monotonic behavior of the
energy plot arises inherently due to the genetic algorithm process.
Appendix B contains further details on the sources of noise in this
experiment.

Figure 4(b) shows the minimum energy found using the OPA
(in purple) as well as other energies at earlier points during the
optimization process (shown in green, yellow, and orange) overlaid
on the simulated energy probability density function. As shown in
Fig. 4(b), the final energy recovered is a low energy or near mini-
mum solution to the XY model Hamiltonian. Figure 4(c) shows the
experimental images at each of the corresponding points throughout
the optimization process, including (purple boxing) the minimum.
As visible in the figure, the experimentally found energy minimum
is at the tail of the probability density function.

Far field image noise results in a distribution of retrieved
phases and energies given different initial random seedings of the
Gerchberg–Saxton algorithm. The far field reconstruction from
phase retrieval (see Fig. 3) can never perfectly match the far field
constraint of the experimental data due to optical scattering and
other aberrations in the far field image data. Figure 5(a) shows
the histogram of the solved XY model energies given different
Gerchberg–Saxton algorithm random seeds at the final phase extrac-
tion step. Although the energy spread is clustered at the tail of the
simulated probability density function (see Fig. 4), there is a spread

FIG. 5. Dependence of XY model energy (calculated from retrieved phases) on
the random seed in the Gerchberg–Saxton algorithm. (a) Distributions of solved
XY model energies for differently seeded phase retrievals, with selected retrieved
phase sets shown as insets marked by Roman numerals. For 100 random seeds,
a 10 000 iteration Gerchberg–Saxton phase retrieval is performed using far field
data, and the histogram of the resulting energies is plotted. (b) Three phase con-
figurations associated with different random seeds. Their corresponding energies
are plotted as vertical lines (a) and labeled.

in energy that is dependent on the number of Gerchberg–Saxton
iterations. Three examples of solved phase configurations are shown
in Fig. 5(b), with their corresponding energies marked in the
histogram. As their corresponding energies decrease, the phases
become more uniform within each distribution.

IV. DISCUSSION
The OPA-based XY Hamiltonian solver calculates the

XY model Hamiltonian energies purely photonically and uses a
genetic algorithm to minimize the energy. Our approach can be
compared to a solver that combines a genetic algorithm for function
minimization with a computer calculation to find the Hamiltonian
energy. The energy calculation portion of our approach has the
benefit of constant time scaling with Hamiltonian size. We can
also leverage heuristic recurrent optimization algorithms41 in our
solver.

Our XY model solver provides the benefit of fast multipli-
cation of spin–spin coupling via free-space photonic propagation
and interference to generate the far field, as well as the benefit of
efficient phase-retrieval for OPAs. The composite nature of our
XY model solver enables further fine-tuning or even replacement
of the constituent genetic algorithm or Gerchberg–Saxton phase
retrieval algorithm. As an example, one can replace the genetic algo-
rithm with a Monte Carlo or gradient-based search algorithm.23,26

In simulated tests, the genetic algorithm showed the fastest and
most efficient convergence when compared to other optimiza-
tion algorithms, including Matlab’s fminsearch and particle swarm
algorithms (see Appendix C for details).

In our XY model solver algorithm, the phase retrieval process
is a time limiting step as it requires thousands of Fourier and
inverse Fourier transforms on the experimental far field image.
The retrieved phases and corresponding energies for the solved XY
model are dependent on the random seed in the Gerchberg–Saxton
phase retrieval step, with a variance in energies determined by
the number of Gerchberg–Saxton iterations. However, the phase
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retrieval step is performed post-solving without augmenting the
solving process, which uses the summed pixel intensity of the far
field image for the Hamiltonian energy. Significantly, the
Gerchberg–Saxton algorithm scales with the number of pixels
in the far field image rather than scaling directly with the size of the
OPA array.

Compared to an alternative phase readout method of convert-
ing voltages applied to the heaters to phases through a characteri-
zation of phase shifter response with voltage, the Gerchberg–Saxton
phase retrieval technique has the advantages of lacking dependence
on device calibration and being a more direct measurement of the
phases, or XY model spins. The Gerchberg–Saxton technique is also
more practical and feasible than a phase readout method based on
the characterization of individual phase shifter responses to voltage.
The characterization based on the latter approach would be primar-
ily difficult due to the many measurements required to individually
characterize each phase shifter, especially for large size arrays, as well
as to account for crosstalk.

The characterization of the response of the phase shifters with
applied voltage would require at least 64 measurements for an array
of 64 phase shifters. However, the magnitude of the response of
each resonance with a change in voltage applied is nonlinear and
proportional to the square of the voltage, and the curves model-
ing the wavelength shift of resonance as the voltage is applied to a
resonator’s heater vary slightly but significantly with each resonator.
Measurements at several voltages will need to be performed for each
phase shifter.

The complexity of the characterization process increases when
one considers thermal crosstalk between phase shifters. To account
for this crosstalk, at first approximation, for all heaters i = [1 . . . 64]
and resonators j = [1 . . . 64], one would need to measure the reso-
nance shifts produced by heater i acting on resonator j to produce
a 2D matrix, which would be of dimension 64 × 64 to account for
the effect of each resonator on each resonator. This approxima-
tion likely will not be sufficient, however. A better approximation
should account for the effects of two or more heaters on a third
resonator because the heating effects are nonlinear and cannot
simply be added when finding the phase-shifting effect of multi-
ple simultaneous heaters on a given resonator. This will drastically
increase the size of the required matrix. To perform a careful cal-
ibration, one will also wish to repeat the matrix measurement for
different voltages, which further makes the problem impractical.
The Gerchberg–Saxton approach circumvents all of these issues by
directly reading out the phase without attempting to determine it
from the applied voltages.

In this work, we only vary the phase of the OPA phase shifters,
which represent the spin in the XY model, while the spin–spin cou-
pling weights are constant. However, the PIC-OPA circuit design
can be updated to allow for varying the spin–spin coupling weights.
An OPA with independent intensity control in each antenna will
allow for the solving of XY model problems for graphs with dif-
fering edge weight pairs (see the simulations of such a case in
Appendix D). To implement an OPA with both phase and ampli-
tude control for modulating both spin and spin–spin coupling,
we can include an on-chip optical attenuator before each phase
shifter. An optical attenuator can be implemented either using a
waveguide-based charge-injection attenuator by integrating a PN

junction with the silicon waveguide before the phase shifter or using
another microresonator in the path that is undercoupled and can
induce attenuation with minimal phase perturbation. In this latter
scheme, we have one strongly overcoupled resonator for the phase
shifter purpose and one undercoupled resonator for the attenuation
purpose.

Although in this work we used thermo-optic based phase
shifters that induce thermal crosstalk, one can reduce the crosstalk
by increasing the pitch of the OPA to increase the phase shifter spac-
ing. Alternatively, in future OPA designs, one can explore other
phase shifter mechanisms, such as electro-optic approaches, that
have negligible to no crosstalk.

V. CONCLUSION
In conclusion, we have implemented and solved an all-to-

all coupled XY model Hamiltonian using a silicon nanophotonic
two-dimensional optical phased array made of 64 elements. For
a uniform optically phased array, we found energies that popu-
late the tail of the XY model energy distribution. We calculated
the XY model energy in two ways: by summing the pixel inten-
sity of the far field image and through the retrieval of the phases
on each antenna in the OPA. The two energies matched each other
for each optimization iteration, up to the noise from image intensity
fluctuations.

Although in this work we used a 64-element OPA, the OPA cir-
cuit can be scaled to a much larger number of elements, offering the
ability to solve XY Hamiltonian problems with larger graphs. The
current optimization process uses a genetic algorithm, and the final
phase (spin) extraction uses the Gerchberg–Saxton algorithm. The
Gerchberg–Saxton algorithm is quite efficient and almost indepen-
dent of the array size. Future work can explore alternative algorithms
to the genetic algorithm for more efficient computation.

As the OPA size scales up, the use of a camera with a high reso-
lution during the optimization and phase retrieval process can help
to increase the image detail and information retrieved from each
period of the far field image. In addition, the use of a high-speed
camera will enable faster image data transfer to the main proces-
sor, enabling a faster XY Hamiltonian solver. The OPA device used
in this work only programs the spin values and not the spin–spin
couplings, limiting the XY Hamiltonian to modeling a single uni-
form all-to-all connectivity graph. However, spin–spin coupling
reconfigurability can be implemented in next generation devices by
introducing an on-chip optical tunable attenuator to control the
intensity from each antenna independently. As a proof of concept,
this work also shows promise for other application-specific inte-
grated circuit computing with on-chip OPAs, including machine
learning42 and adiabatic annealing.24
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APPENDIX A: DERIVATION OF UNIFORM PHASED
ARRAY XY MODEL WEIGHTS

In this appendix, we derive Eq. (A10) for the optical phased
array XY model Hamiltonian weights. Given a uniform periodic
OPA, we find the weights w′i and w′j for two antennas, antenna i and
antenna j, corrected for the finite distances between each antenna in
a uniform array of antennas.

The equation for the array factor for the interference pattern
for a two-dimensional uniform phased array with N elements is, in
general,

AF(x, y) =
N

∑
j=1

wje
i( 2πd

λ0z0
(mj ⋅x+nj ⋅y))+iϕ j

mn , (A1)

where mj and nj are the column and row numbers of the phased
array element j, ϕ j

mn is the phase on the jth array element at column
m and row n, wj is the intensity at antenna j, d is equal to the spacing
between the antennas, λ0 is the wavelength of laser light, and z0 is
the distance between the imaging plane and the source.

Given I is the total summed pixel intensity (disregarding the
finite size of the antennas and only including array factor effects) for
an image containing an integer number of periods of the interference

pattern in the far field, and C is a constant equal to the sum of each
of the non-corrected weights, squared (C = ∑64

k ∣wk∣2), we can write

H = −(I − C) = −
pixels

∑
x

pixels

∑
y
∣AF∣2 − C = −

pixels

∑
x

pixels

∑
y

64

∑
i

64

∑
j

wiwj

× eiα((mix+niy)−(mj x+nj y))+i(ϕi
mn−ϕ j

mn) + c.c., (A2)

= −
pixels

∑
x

pixels

∑
y

64

∑
i

64

∑
j

wiwj2 cos (α((mix + niy) − (mjx + njy))

+ (ϕi
mn − ϕ j

mn)), (A3)

= −
64

∑
i

64

∑
j

wiwj2
⎡⎢⎢⎢⎢⎣

cos (ϕi
mn − ϕ j

mn)
pixels

∑
x

pixels

∑
y

cos (α(mi −mj)x

+ α(ni − nj)y) + sin (ϕi
mn − ϕ j

mn)
pixels

∑
x

pixels

∑
y

sin (α(mi −mj)x

+ α(ni − nj)y)
⎤⎥⎥⎥⎥⎦

, (A4)

where α ≡ 2πd/(λ0z0).
Considering a sum over many pixels (number of pixels≫ 64),

we approximate the sums over x, y as integrals. We also integrate
over an integer number of periods in x, from −Lx to Lx, and an
integer number of periods in y, from −Ly to Ly. In addition, let
Δmij = (mi −mj), Δnij = (ni − nj), and Δϕi j

mn = (ϕi
mn − ϕ j

mn). Then,

I − C =
64

∑
i

64

∑
j

wiwj2[cos Δϕij
mn∫

Lx

−Lx
∫

Ly

−Ly

× cos (αΔmijx + αΔnijy)dxdy

+ sin Δϕij
mn∫

Lx

−Lx
∫

Ly

−Ly
sin (αΔmijx + αΔnijy) dx dy].

(A5)

The sine terms integrate to 0, considering we integrate over an
integral number of periods, leaving

I − C =
64

∑
i

64

∑
j
− 2wiwj cos Δϕij

mn
1

αΔmij

1
αΔnij

× [cos (αΔmijLx + αΔnijLy) − cos (αΔmijLx − αΔnijLy)
− cos (−αΔmijLx + αΔnijLy) + cos (−αΔmijLx − αΔnijLy)],

(A6)

=
64

∑
i

64

∑
j

2wiwj cos Δϕij
mn

4
α2ΔmijΔnij

× sin (αΔmijLx) sin (αΔnijLy). (A7)

So we recover an XY model Hamiltonian in which

H = −(I − C) = −∑
⟨i,j⟩

w′i w
′

j cos Δϕij
mn, (A8)
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where

w′i w
′

j = 4wiwj

α2ΔmijΔnij
sin (αΔmijLx) sin (αΔnijLy). (A9)

The above expression can also be written as follows:

w′i w
′

j = 4wiwjLxLy sinc(αΔmijLx) sinc(αΔnijLy), (A10)

APPENDIX B: SOURCES OF NOISE
IN THE XY HAMILTONIAN SOLVER

Various sources of noise are present throughout the process
of solving the XY Hamiltonian using the OPA solver. One source
of noise occurs due to fluctuations in image-wide scattering and
intensity in the far field images used for phase retrieval. Fluctu-
ations in global image intensity can add noise to the energy cal-
culated by summing the pixels in the far field image, creating or
exacerbating non-monotonicities when plotted against optimization
iterations.

Another source of noise in the retrieved phases stems from sub-
tle non-identically, such as the nonuniform scattered light in the far
field unit cells, which prevents the far field reconstructed from the
retrieved phases from ever exactly matching the far field constraint

of the experimental data. Noise and scattering prevent each far field
unit cell from being a perfect copy of another. As a result, seeding
the Gerchberg–Saxton algorithm with different random numbers
during phase retrieval will result in different retrieved phases, as
illustrated in Fig. 6.

The retrieved phases differ when seeded with different initial
random phases. These sets of phases will not converge to match a
true reference set even with an arbitrarily high number of iterations
used in the Gerchberg–Saxton algorithm. However, the XY model
Hamiltonian energies associated with these phases will be close in
value.

Thermal crosstalk from the heated resonators may contribute
toward delaying algorithm convergence and adding cycles to the
genetic algorithm used to minimize the XY Hamiltonian. The largest
wavelength shifts observed due to crosstalk in this experiment were
0.1–0.5 nm, which are large compared to the maximal wavelength
shifts (1–4 nm) observed in a resonator when the maximum voltage
is applied directly.

The random nature of genetic algorithms means that during an
optimization, the energy will not necessarily decrease monotonically
with successive iterations. This can contribute to the jagged or noisy
appearance of plots when energy is plotted against iteration number
[see Fig. 4(a)]. In the genetic algorithm used in this work, the fitness
of each individual in a population is evaluated according to a cost

FIG. 6. Dependence of recovered far field and recovered phases on the random seed given the noisy experimental far field constraint in the Gerchberg–Saxton algorithm. (a)
An experimental image of four periods in the far field of our 8 × 8 PIC-OPA device before optimizing for the minimum of the XY Hamiltonian. When the phases are recovered
from this image using the Gerchberg–Saxton algorithm, different phase maps will result, which depend on the different random initial seeds used in the algorithm. (b) and (c)
Show, respectively, the resulting simulated recovered far field intensity and the corresponding phase for one random seeding of the Gerchberg–Saxton algorithm. (d) and (e)
Show, respectively, the resulting simulated recovered far field intensity and the corresponding phase for another random seeding that differs from the one used for (b) and
(c).
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function. Here, an individual has a set of 64 voltages to apply to each
of the 64 resonators. A fraction of the individuals with the lowest
fitness are discarded from the population. The most fit individual is
copied the necessary number of times to maintain the original pop-
ulation size. Then, the surviving individuals undergo a combination,
in which the individuals pair up to exchange a specified fraction of
their 64 voltages, and a mutation, in which a specified fraction of
their 64 voltages is randomly modified to new voltage values. These
steps, from the evaluation of individuals’ fitness to the combination
and mutation, constitute an iteration.

Hyperparameters such as population size or fraction of the
population to undergo mutation are chosen for the genetic algo-
rithm by running a series of parameter sweeps for two test ref-
erence far field patterns. Although, in general, genetic algorithms
tend to lead to fitter individuals in the population after each
iteration, this is not guaranteed due to the random nature of
the algorithm, especially when the parameters of the algorithm
are tuned to permit greater randomness. However, particularly in
highly multi-variable optimization problems, genetic algorithms
remain powerful tools for accessing near-minimum and low energy
solutions.43,44

APPENDIX C: SIMULATED COMPARISONS
OF OPTIMIZATION ALGORITHMS USED FOR THE OPA
XY HAMILTONIAN SOLVER

This work uses a genetic algorithm to minimize the XY Hamil-
tonian based on the image intensity of the far field. To determine
the efficiency of the genetic algorithm compared to other algorithms
and to investigate the performance of this algorithm with increas-
ing OPA array size, we perform the XY Hamiltonian optimization
for simulated OPA far field data using the genetic algorithm and
two other algorithms. The two algorithms we use for compari-
son are Matlab’s fminsearch algorithm and Matlab’s particle swarm
algorithm.

Figure 7 shows the minimums recovered by each optimiza-
tion function for the equally weighted, all-to-all coupled XY model
Hamiltonian represented by OPA with different lengths. The min-
imums plotted are normalized to the true minimum for each XY
model problem. The data in this figure is produced from a simula-
tion of our XY model Hamiltonian solver system (in which phases
are controlled on a simulated OPA, which produces a simulated far
field, and the optimization function in question then minimizes the
Hamiltonian simulated by the OPA). The figure shows the genetic
algorithm closely approaches the minimum energy for each prob-
lem size, outperforming both fminsearch and the particle swarm
algorithm. Based on the data from this figure, we conclude that
the genetic algorithm is well suited to this particular optimization
problem.

The energy efficiency can be estimated by comparing the num-
ber of function calls (calculations of XY Hamiltonian energy) for
each optimization process. The genetic algorithm required only
3000 calls to simulate the far field in order to obtain a conver-
gence close to the true minimum. The fminsearch algorithm and
particle swarm algorithm required more than 10 000 function calls
to simulate the far field while failing to reach the same level of
convergence.

FIG. 7. Simulated comparison of optimization algorithms for XY model Hamiltonian
solving. The minimum result returned from the simulation of optimization, normal-
ized by the absolute minimum of the equally weighted, all-to-all coupled XY model
Hamiltonian, for square OPAs with different OPA lengths. Results are shown for
different types of optimization algorithms, including a genetic algorithm, Matlab’s
fminsearch algorithm, and Matlab’s particle swarm algorithm.

APPENDIX D: OPA XY HAMILTONIAN SOLVER
WITH ANTENNA INTENSITY AND PHASE CONTROL
FOR MORE GENERAL GRAPHS

As discussed earlier, our OPA design only allowed control of
the antenna phase and not the antenna emission intensity, limiting
the XY Hamiltonian model solver to implementing and solving an
all-to-all coupled graph of 64 nodes. In this section, we show that
with the ability to control both antenna emission intensity and phase
in next generation OPA devices, a broader category of Hamiltonians
beyond all-to-all coupled Hamiltonians will be solvable. Although
this described OPA, which provides both antenna emission intensity
and phase control, cannot solve XY models with arbitrary coupling
schemes, it can be programmed to solve a class of XY models known
as spin-glass Mattis models. In this appendix, we provide simula-
tions to demonstrate the potential for the solvability of a larger class
of graphs beyond constant edge weight all-to-all coupled graphs in
next generation OPA devices.

Figure 8 shows a simulated maximum energy problem for a
spin-glass Mattis model. Mattis models23 have coupling interactions
(edge weights) eij satisfying the proportionality eij ∝ γiγj for some
parameters γn specific to each antenna emitter n. Mattis models
can be implemented in future generations of OPAs by controlling
the antenna emission intensity of the OPA. The intensity for each
antenna n will contribute to the term γn and can be set to modify
the XY model Hamiltonian, which will be solved. The process for
solving the Hamiltonian will follow the same method used for solv-
ing the constant weight all-to-all coupled model: a genetic algorithm
optimizing on far field images from the OPA will provide feedback
to evolve the OPA toward the XY model Hamiltonian solution, while
the Gerchberg–Saxton method will provide phase retrieval on the far
field image to retrieve the final solution.

We present simulated results to show the potential for solving
XY model Hamiltonians with future generation OPAs that have con-
trollable antenna emission intensity. We simulate the resulting far
field obtained by the simulated OPA corresponding to the maximum
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FIG. 8. Simulations for an OPA XY model Hamiltonian solver with phase and inten-
sity control for each antenna. (a) and (b) Show, respectively, the simulated far field
maximum solution and the corresponding near field image for a Mattis model graph
maximization problem. For this simulation, the size of the OPA is 8 × 8, and each
antenna is set to a different emission intensity. (c) The simulated fitness uses a
genetic algorithm to maximize the Mattis model Hamiltonian. The dashed black
line indicates the average population fitness.

XY model Hamiltonian energy for a Mattis model with random
weights chosen from a uniform distribution [0, 1] [Fig. 8(a)]. We
plot the corresponding simulated near field of the OPA set in
a configuration to model the described Mattis model [Fig. 8(b)].
Figure 8(c) shows the energies for each iteration in a simulated
genetic algorithm, evolving the OPA (through changing the phases)
toward the solution, in this case, a maximum. These simulations
show that with the added feature of antenna emission intensity con-
trol, OPAs can solve Mattis model Hamiltonians. In future work,
adding wavelength multiplexing in addition to antenna emission
intensity and phase control can allow arbitrary spin couplings to be
implemented in the OPA, showing the promise of the platform for
solving more general XY model Hamiltonians.37

REFERENCES
1H. Nishimori, Statistical Physics of Spin Glasses and Information Processing: An
Introduction (Oxford University Press, 2001).
2A. Lucas, Front. Phys. 2, 1 (2014).

3N. Mohseni, P. L. McMahon, and T. Byrnes, Nat. Rev. Phys. 4, 363 (2022).
4K. Kalinin and N. Berloff, Sci. Rep. 8, 17791 (2018).
5M. Johnson, M. Amin, S. Gildert et al., Nature 473, 194 (2011).
6C. Ross, G. Gradoni, Q. J. Lim, and Z. Peng, IEEE Trans. Antennas Propag. 70,
2841 (2022).
7E. Farhi, J. Goldstone, and S. Gutmann, arXiv:1411.4028 (2014).
8K. Kim, M. Chang, S. Korenblit et al., Nature 465, 590 (2010).
9R. Hamerly, T. Inagaki, P. McMahon et al., Sci. Adv. 5, 1 (2019).
10A. Marandi, Z. Wang, K. Takata et al., Nat. Photonics 8, 937 (2014).
11P. L. McMahon, A. Marandi, Y. Haribara et al., Science 354, 614 (2016).
12T. Inagaki, Y. Haribara, K. Igarashi et al., Science 354, 603 (2016).
13M. Calvanese Strinati, D. Pierangeli, and C. Conti, Phys. Rev. Appl. 16, 054022
(2021).
14E. Ng, T. Onodera, S. Kako, P. L. McMahon, H. Mabuchi, and Y. Yamamoto,
Phys. Rev. Res. 4, 013009 (2022).
15S. K. Vadlamani, T. P. Xiao, and E. Yablonovitch, in 2022 IEEE International
Conference on Rebooting Computing (ICRC) (IEEE, 2022), pp. 45–50.
16S. K. Vadlamani, T. P. Xiao, and E. Yablonovitch, arXiv:2204.02472 (2022).
17T. Honjo, T. Sonobe, K. Inaba, T. Inagaki, T. Ikuta, Y. Yamada, T. Kazama,
K. Enbutsu, T. Umeki, R. Kasahara, K. Kawarabayashi, and H. Takesue, Sci. Adv.
7, eabh0952 (2021).
18M. Honari-Latifpour, M. Mills, and M. Miri, Commun. Phys. 5, 104 (2022).
19M. Calvanese Strinati and C. Conti, Nat. Commun. 13, 7248 (2022).
20B. Sutton, K. Y. Camsari, B. Behin-Aein, and S. Datta, Sci. Rep. 7, 44370 (2017).
21M. Honari-Latifpour and M.-A. Miri, Phys. Rev. Res. 2, 043335 (2020).
22M. Parto, W. Hayenga, A. Marandi et al., Nat. Mater. 19, 725 (2020).
23D. Pierangeli, G. Marcucci, and C. Conti, Phys. Rev. Lett. 122, 213902 (2019).
24D. Pierangeli, G. Marcucci, and C. Conti, Optica 7, 1535 (2020).
25Y. Fang, J. Huang, and Z. Ruan, Phys. Rev. Lett. 127, 043902 (2021).
26W. Sun, W. Zhang, Y. Liu, Q. Liu, and Z. He, Opt. Lett. 47, 1498 (2022).
27G. Jacucci, L. Delloye, D. Pierangeli, M. Rafayelyan, C. Conti, and S. Gigan, Phys.
Rev. A 105, 033502 (2022).
28S. Kumar, H. Zhang, and Y. Huang, Commun. Phys. 3, 108 (2020).
29J. Ouyang, Y. Liao, X. Feng et al., arXiv:2401.08055 (2024).
30F. Aflatouni, B. Abiri, A. Rekhi, and A. Hajimiri, Opt. Express 23, 21012 (2015).
31Z. Chen, A. Sludds, R. Davis et al., Nat. Photonics 17, 723 (2023).
32J. Sun, E. Timurdogan, A. Yaacobi, E. S. Hosseini, and M. R. Watts, Nature 493,
195 (2013).
33C. V. Poulton, M. J. Byrd, P. Russo, E. Timurdogan, M. Khandaker, D. Ver-
meulen, and M. R. Watts, IEEE J. Sel. Top. Quantum Electron. 25, 7700108
(2019).
34W. Xie, T. Komljenovic, J. Huang, M. Tran, M. Davenport, A. Torres, P. Pintus,
and J. Bowers, Opt. Express 27, 3642 (2019).
35N. G. Berloff, M. Silva, K. Kalinin, A. Askitopoulos, J. D. Topfer, P. Cilibrizzi,
W. Langbein, and P. G. Lagoudakis, Nat. Mater. 16, 1120 (2017).
36M. Chalupnik, A. Singh, J. Leatham, M. Lončar, and M. Soltani, APL Photonics
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