Opto-Electronic
Advances

Review
2026, Vol. , No.

B
OEFA |
-

Al-assisted metaphotonics

Minsung Kang'', Seokju Choi?', Kaixi Fu?, Xiaoyuan Liu?, Zhun Wei?, Lei Jin®, Hao Wang®’, Olivier J. F. Martin?,

Joel K. W. Yang?, Sunae So** and Trevon Badloe®"910*

Abstract: The convergence of artificial intelligence (Al) and metaphotonics is creating a new paradigm for controlling
light-matter interactions. The synergy of Al's ability to learn complex relationships in multidimensional data and
provide ultra-fast inference with the capacity of metaphotonics to engineer optical properties not found in nature is
unlocking a new era in computational design, real-time control, and fully automated optical systems. This review
provides a comprehensive overview of state-of-the-art Al-driven approaches for metaphotonic systems. We focus on
the solutions to real-world problems in accelerating metaphotonic simulations and inverse design, optical data char-
acterization, and the development of fully integrated end-to-end Al-assisted metaphotonic systems. Finally, we
provide our perspectives on the future research directions and emerging opportunities at the rapidly evolving inter-

section of metaphotonics and Al.
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1 Introduction

Conventional bulk optical components, such as lenses and
prisms, possess thicknesses and volumes far larger than the
wavelength of light, thus creating physical constraints that
increase the overall size and weight of optical systems. This
inherently limits miniaturization and weight reduction for
compact and portable optical solutions. Metasurfaces,
composed of 2D planar arrays of subwavelength-scale meta-
atoms, offer a promising approach for lightweight, multi-
functional optical devices'?. Governed by the generalized
Snell’s law, metasurfaces enable anomalous reflection or
refraction, a feat that cannot be achieved by conventional
refractive optics with introducing a phase gradient at the
interface between two media’. This feature makes it possible

to tailor the properties of light, such as phase, amplitude,
and polarization, allowing the direct synthesis of arbitrary
wavefronts.

With this high degree of freedom, metasurfaces have been
investigated for a wide range of applications including flat
lenses known as metalenses*™, holography'’'2, and struc-
tural color printing for high-resolution pigment-free
coloration'*""”. Despite these advantages, the design and
optimization of metasurfaces still face inherent challenges.
The optical properties of a metasurface are determined by
numerous design parameters, including the geometry, size,
material, and arrangement of the constituent meta-atoms.
This makes it unreasonable to rely solely on traditional
trial-and-error methods or intuitive physical insights for
their design. Additional challenges including achieving
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uniformity and cost-effectiveness in large-area fabrication,
as well as addressing non-intuitive design complexities,
remain open as problems that are yet to be completely
solved. These limitations have motivated growing interest in
alternative methodologies that can efficiently explore large
design spaces, capture complex structure-response relation-
ships, and include physics-driven designs that consider real
fabrication errors. Artificial intelligence (AI) stands out
among the potential solutions.

Driven primarily by advances in deep learning, Al has
emerged as a powerful tool that has achieved human-level,
and in some cases superior, performance across diverse
fields including computer vision, natural language process-
ing, and drug discovery, leading to a fundamental paradigm
shift in scientific problem-solving'®-*. The value of AI has
been recognized by nations worldwide and has been
reflected by the formulation of national-level strategies and
policies, reflecting the expansion of global Al competition
beyond technological development into policy, education,
and industry?!. Considering the complexity of metasurface
design and the analytical and optimization capabilities of Al,
the integration of these two fields offers obvious comple-
mentary advantages.

As the research in metamaterials and metasurfaces has
developed from fundamental science towards next genera-
tion technology?, the field of 'metaphotonics' has emerged
as a distinct discipline. While nanophotonics broadly

describes light-matter interactions at the nanoscale, and
metamaterials and metasurfaces refer to the 3D bulk and 2D
planar architectures designed to exhibit artificial optical
properties, metaphotonics encompasses the overarching
field of applying these exotic subwavelength structures to
manipulate light for advanced photonic systems. In this
context, Al has rapidly emerged as a valuable tool for effec-
tively addressing the wide range of inherent challenges in
the field, from the design of meta-atoms and metasurfaces to
optical output analysis (Fig. 1). In this review, we discuss
how AI has been implemented in metasurface computa-
tional design and optimization, and highlight the current
challenges faced by integrating Al into inverse design for
real-world applications. We then move onto the use of Al
for the characterization, analysis, and interpretation of opti-
cal information obtained from metasurfaces, where the
power of Al is used to understand multidimensional spec-
tral or image data. We introduce the latest advancements in
end-to-end and Al-integrated metaphotonic systems that
consider the entire design and data acquisition processes in
a fully differentiable pipeline, as well as sense, react, and
respond to external stimuli and modulate their optical
output in real time. We conclude the review with a perspec-
tive on the future potential research directions in the fields
of Al-assisted metaphotonic systems and provide a brief
overview of the potential of metaphotonics hardware for Al
applications.
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Fig. 1 | Schematic illustration of Al-assisted metaphotonic systems. Al serves as a valuable tool for metaphotonic systems, enabling the optimization and
design of metasurfaces, the characterization and interpretation of multidimensional optical data, as well as end-to-end design, analysis, and the powering

of fully autonomous optical systems.
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2 Al for metasurface design and
optimization

2.1 Al-powered surrogate models

Metasurface design relies on the calculation of electromag-
netic responses to precisely control the optical properties of
light at will. Conventional techniques, including the finite-
difference time-domain (FDTD) method, finite element
method (FEM), and rigorous coupled-wave analysis
(RCWA), numerically or semi-analytically solve Maxwell's
equations to yield high-accuracy results. While such simula-
tions are computationally feasible for meta-atoms made up of
simple cross-sections, they become time-consuming as the
meta-atom complexity increases. Resolving fine structural
features necessitates an increasingly fine spatial and tempo-
ral discretization, leading to substantial computational costs
and limiting the feasibility of large-scale simulations.

To address these limitations, Al-driven surrogate models
have emerged as powerful tools to map metasurface geome-
tries directly to electromagnetic responses (Fig.2(a)),
achieving predictions that are several orders of magnitude
faster than conventional full-field methods while maintain-
ing comparable accuracy”. Surrogate models are trained on
a limited set of high-fidelity simulations, which allows them
to rapidly infer the electromagnetic behavior of new struc-
tures within the training domain without the need for costly
full-wave simulations. These surrogate models can then be

implemented directly into optimization algorithms for
extremely fast simulation results. Such models are particu-
larly effective when the metasurface geometry is represented
as a spatially structured input, preserving both local and
global geometric context and enabling the model to capture
complex interactions across multilayer or even freeform
layouts***. A common implementation employs a three-
dimensional voxel grid, in which each voxel encodes the
local material properties. In such cases, convolutional neural
networks (CNNs) are frequently employed?*2%. For instance,
Wiecha et al.”” reported a CNN that extracts features at
multiple levels: early layers capture interfaces and layer
boundaries, while deeper layers learn resonant patterns and
longer-range field correlations. By leveraging localized
receptive fields and weight sharing, their CNN-based surro-
gate models delivered near-instantaneous predictions once
trained, achieving a 3 to 5 order-of-magnitude speed-up in
predicting the electric field. While surrogate models general-
ize effectively to structures within the training distribution,
their predictive accuracy deteriorates sharply when
confronted with inputs outside this domain, reflecting their
reliance on data-driven statistical correlations rather than
explicit physical laws.

Neural-operator-based models®**! offer a complementary
paradigm by learning continuous mappings between infi-
nite-dimensional function spaces rather than between fixed-
size vectors. In this framework, an operator G transforms an
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Fig. 2 | Surrogate Al-models for nanophotonic simulations. (a) Schematic illustration of Al-powered forward simulation of the optical properties of meta-
surfaces. (b) Accurate prediction of adjoint gradients for untrained angles by the Fourier neural operator (FNO), outperforming a multilayer perceptron
(MLP) and a conventional convolutional neural network (U-Net) through continuous function. (c) The overall architecture and message passing mechanism
of a GNN. (d) A comparison of test error between an actively learned surrogate model and a baseline model using random sampling. Figure reproduced
with permission from: (b) ref. 31, (c) ref. 34, (d) ref. 35, under a Creative Commons Attribution License.
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input function f(x), such as a spatial permittivity distribu-
tion, into an output function u(x) = G(f(x)), e.g., the result-
ing electromagnetic field. By approximating G directly, these
models can accept arbitrary samplings of f(x) on two- or
three-dimensional grids and produce u(x) on the same or
different grids without retraining. This functional represen-
tation encodes physical relationships more naturally and
enables generalization across varying material properties
and domain sizes as the model learns a mapping from a
spatial distribution of physical parameters such as permittiv-
ity to the electromagnetic response. Consequently, different
materials can be readily evaluated by specifying their
permittivity values in the input function, bypassing the need
for retraining (Fig. 2(b)). For instance, Augenstein et al.*’
demonstrated that the Fourier neural operator maintains
stable accuracy and tightly clustered prediction errors even
under out-of-distribution conditions, highlighting its robust
generalization capabilities. Nevertheless, since both the
inputs and outputs remain discretized on fixed grids, curved
or irregular boundaries are inevitably represented as a series
of stepwise approximations. This staircasing effect can intro-
duce local geometric inaccuracies, which in turn may distort
electromagnetic interactions and compromise the fidelity of
the simulation in regions with fine structural details.

To overcome such limitations, graph neural networks
(GNN5s)*2 have been introduced to accurately capture curved
or irregular boundaries. In this framework, a photonic struc-
ture is represented as a graph, where nodes correspond to
individual meta-atoms* or discrete spatial points*, each
storing information such as local field values, permittivity,
and geometric parameters. Edges connect neighboring
nodes based on physical proximity, encoding coupling
strength, distances, and boundary conditions. Through iter-
ative message passing, nodes exchange information with
their neighbors, progressively capturing both local and long-
range electromagnetic interactions across the structure (Fig.
2(c)). This graph-based representation enables GNNs to
naturally handle curved boundaries, irregular geometries,
and complex meshes without the limitations inherent in
grid-based models. Khoram et al® demonstrated that a
GNN could accurately predict near-field distributions for a
large elliptical metasurface with void regions with less than
5% error compared to FDTD, while reproducing far-field
holograms with over 98% fidelity at a distance of 30 A. These
predictions required only seconds of computation, in
contrast to the minutes needed for conventional solvers.
Such results highlight the ability of GNNs to respect funda-
mental physical laws while providing fast, high-fidelity
generalization across metasurfaces of arbitrary scale and
morphology. Nevertheless, despite their advantages in
boundary representation, GNN-based surrogate models that
compress metasurface geometries and field data into low-
dimensional latent spaces demand large, high-quality
datasets from extensive full-wave simulations or costly

experiments to learn stable and generalizable representa-
tions. Consequently, data acquisition remains a critical
bottleneck for scaling these methods to increasingly complex
designs.

To mitigate training data limitation challenges, data-effi-
cient learning strategies such as active learning® and trans-
fer learning® have been employed. Active learning allows a
model to proactively select the most informative samples,
prioritizing regions of high predictive uncertainty or areas
likely to yield maximal performance gains. These selected
samples are then labeled via simulations or experiments and
incorporated into training iteratively, ensuring the model
focuses only on the most valuable data points while avoid-
ing redundancy. This advantage has been demonstrated by
Pestourie et al.**, who achieved a fractional error of 0.07
while using twelve times fewer sample points than random
selection, dramatically reducing data requirements (Fig.
2(d)). Complementing this, transfer learning® leverages
prior knowledge from related tasks to accelerate and stabi-
lize training when datasets are limited. Rather than initializ-
ing models from scratch, transfer learning adapts layers
pretrained on a source domain to a target task, reducing
training time and improving generalization. For example, in
multilayer thin-film spectrum prediction, Qu et al.*” demon-
strated that reusing a small set of early layers and fine-
tuning all weights reduced test errors by approximately 50%
for eight-layer stacks and 25% for ten-layer stacks, highlight-
ing the effectiveness of hierarchical feature reuse. Together,
active learning and transfer learning form a synergistic
framework, where active learning guides data acquisition,
and transfer learning maximizes prior knowledge, enabling
high-fidelity modeling under stringent data constraints.

Collectively, recent advancements address four central
challenges in Al-driven surrogate models: 1) grid-based
surrogates accelerate electromagnetic predictions; 2) neural
operators maintain accuracy across varying grid resolutions
without retraining; 3) graph-based models faithfully repre-
sent curved boundaries and complex geometries, and 4)
data-efficient learning strategies reduce the demand for large
training datasets. With these advancements, recent surro-
gate models provide a robust foundation for inverse design,
facilitating the engineering of metasurfaces that meet precise
performance specifications, which will be discussed in the
following section. The key characteristics, suitable geome-
tries, and limitations of these surrogate modeling strategies
are summarized in Table 1.

2.2 Empowering inverse design

Inverse design leverages computational frameworks to iden-
tify structural parameters of meta-atoms or metasurfaces
that achieve predefined optical targets. Early approaches
implemented deep neural networks (DNNs) to directly map
target optical responses, such as phase profiles®, transmit-
tance spectra®, or far-field holograms*, to design parameters
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Table 1 | Comparison of Al-assisted forward modeling approaches for nanophotonic simulations.

Model Speed Data efficiency

Suitable geometry Limitations

Conventional solvers
(FDTD, FEM, RCWA)

High cost for finely meshed No training

complex structures data required

Orders-of-magnitude faster

CNN-based?>-2° than full-wave solvers (e.g., Moderate
3-5 orders?)
Fast inference, resolution-
Neural operator?3! Moderate

independent

Significant acceleration (e.g.,
» Large dataset
GNN=234 seconds instead of minutes for
. required
large metasurfaces®)

Reduces simulation overhead
Active learning® . High
(e.g., 12x fewer samples®®)

I Accelerates training .
Transfer learning?®>’ - High
(e.g., ~¥50% error reduction®’)

Structured grids (FDTD, Yee cell), unstructured meshes
(FEM), and layered periodic structures (RCWA)

Poor scalability in memory and

runtime for large domains

Poor out-of-distribution

Voxelized, multilayer, freeform on grids

generalization

Variable grids and materials Staircasing at curved boundaries

Curved, irregular geometries Data-acquisition bottleneck

Model-agnostic Iterative workflow complexity

Related source-target tasks Requires related source domain

(Fig. 3(a)). However, the intrinsic one-to-many nature of
such mappings often resulted in unstable or non-conver-
gent training. To mitigate this issue, tandem architectures
were introduced, in which an inverse network is coupled
with a pretrained surrogate forward model* 2. By minimiz-
ing reconstruction error between predicted and target opti-
cal responses, this framework stabilizes learning and
improves predictive fidelity within the training domain of
the surrogate model. Complementing purely data-driven
approaches, researchers have also integrated surrogate
forward models with classical optimization algorithms to
enable broader exploration of the design space beyond the
constraints of pre-defined networks®*¢. For instance,
Hemayat et al.¥ employed a high-speed surrogate model
within a particle swarm optimization framework, effectively
replacing computationally expensive full-wave evaluations.
This surrogate-in-the-loop optimization reduced per-design
evaluation times from approximately 56 hours to 0.08
seconds, facilitating parallel exploration and rapid conver-
gence. Similarly, Li et al.* combined a neural surrogate with
a genetic algorithm, allowing the optimizer to query fast
predictions instead of performing full-wave simulations,
while maintaining amplitude and phase errors below 3%.
Despite their remarkable acceleration of the inverse design
process, these surrogate-driven optimization schemes
remain inherently limited by the parameterization of the
underlying structure libraries. As a result, they excel at effi-
ciently navigating known design spaces but offer restricted
capacity for discovering fundamentally novel metasurface
geometries.

Probabilistic generative models have emerged as a power-
ful approach for exploring the multiplicity of valid solutions
inherent to inverse metasurface design. Among these, gener-
ative adversarial networks (GANs) facilitate the generation
of diverse candidate structures that all satisfy a given optical
target, effectively providing a richer distribution of feasible
designs. Unlike deterministic inverse mappings, which yield

a single solution, GAN’s enable the exploration of the design
space, thereby enhancing robustness and providing a
broader set of options for selection***°. For example, a GAN
was demonstrated to inversely design free-form nanopho-
tonic antennae from a desired reflection spectrum?®, success-
fully generating novel structures unconstrained by prede-
fined shapes. Stanley et al.’! employed a GAN framework
that allows the generator to assign materials at each spatial
location via a compact mathematical network, allowing
complex patterns to emerge organically without ever simu-
lating how regions grow or interact over time. Despite these
advantages, GANs are susceptible to training instability,
impeding convergence to a stable solution, and also prone to
mode collapse, producing only a few highly similar designs
rather than sampling the full distribution®?. Both issues orig-
inate from the adversarial training process. Originally devel-
oped in machine learning for generative tasks, diffusion
models have recently been introduced to mitigate the stabil-
ity and diversity limitations inherent to GANs>. Compared
to adversarial or autoencoder-based surrogates*, this diffu-
sion-based approach has been shown to achieve higher accu-
racy with minimal structural artifacts, demonstrating both
robustness and fidelity in pattern generation (Fig. 3(b)). To
bring together the stability of tandem networks, the diver-
sity of GANs, and the accuracy of diffusion models, a hybrid
approach has been proposed™. A coarse structure was first
generated by a tandem network, followed by a greatly
reduced number of diffusion steps to shape the overall
geometry, and finally refined using a lightweight adversarial
discriminator to enhance high-frequency details. This
hybrid strategy accelerates design generation more than
tenfold compared to pure diffusion models, while maintain-
ing low reconstruction error and stable convergence.
Accurate and reliable predictions are crucial in metasur-
face inverse design, as even small modeling errors can lead
to significant performance degradation or fabrication fail-
ures in practical devices. One effective strategy to achieve
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Fig. 3 | Metaphotonic inverse design powered by Al. (a) Schematic illustration of Al-driven inverse design for metasurfaces. (b) The mean absolute error on
the entire test set of inverse designed metasurfaces using diffusion models. (c) Phase coverage of meta-atoms selected considering fabrication tolerances.
(d) Performance evaluation of Al-models capable of frequency transfer outside of the training data region. (e) The transmission spectra of three different
metasurface structures generated by a fine-tuned LLM via inverse design. Figure reproduced with permission from: (b) ref.>3, (c) ref.”, (d) ref.??, (e) ref.2s,

under a Creative Commons Attribution License.

this reliability is to embed physical laws directly into the
model, constraining the solution space to physically admissi-
ble outcomes. This approach improves data efficiency,
generalization, and interpretability®*>%. For example,
adjoint-based shape and topology optimization frameworks
have been used to select metasurface geometries consistent
with Maxwell's equations and material anisotropy, enforc-
ing ideal phase targets while prioritizing dominant local
coupling®®®. This physics-informed pruning -effectively
reduced the number of required labels by approximately
two- to tenfold compared with purely data-driven methods,
while maintaining fabrication tolerances.

Physics -informed neural networks (PINNs) extend this
idea by incorporating the governing physics directly into the
training process. By adding a term for the partial -differen-
tial-equation residual, such as the Maxwell equations or the

Helmbholtz equation, to the loss function®, PINNs guide the
model toward solutions that inherently satisfy the physical
laws. For instance, Medvedev et al.> developed a PINN that
requires no labeled simulation pairs. The loss includes the
residual of the three-dimensional vector Maxwell equations,
together with Floquet-Bloch boundary conditions and
perfectly matched layers. Evaluated at collocation points
defined by coordinates, material parameters, and boundary
conditions, the network is penalized whenever the physics
are violated. This physics-driven supervision reduces depen-
dence on labeled data while producing millisecond-scale
scattering predictions that generalize well to unseen geome-
tries and illumination conditions. While PINNs provide
additional constraints that ensure that the models adhere to
physical laws, a limitation exists whereby too much physics
would cause an AI model to simply become an expensive to
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train physical approximation of laws that we already know.

Beyond ensuring physical consistency and data efficiency,
embedding physical laws into the model also enhances inter-
pretability, addressing the limitations of black-box models
that obscure the causal relationships between designs and
performance®. For example, Shao et al.** incorporated the
electromagnetic principles of wave propagation, local modu-
lation, and the Huygens-Fresnel superposition directly into
the network design. Propagation was modeled as a complex-
valued linear operation based on Maxwell's equation analy-
sis, preserving phase accumulation, while local modulation
was represented as a real-valued nonlinear transformation to
capture amplitude and phase alterations induced by mate-
rial and geometry. The superposition principle was explic-
itly applied to reconstruct the overall wave field from indi-
vidual segments responses. By embedding these physical
laws, each output can be traced to its underlying mecha-
nism, enabling both interpretability and physically consis-
tent predictions. This approach complements the data effi-
ciency and physical interpretability, thereby enhancing the
reliability of designs that can be translated into the practical
fabrication of complex optical structures.

In summary, the evolution of inverse design methods has
progressed from deterministic deep network mappings to
surrogate-driven optimization, GAN-based generation,
diffusion-model refinement, hybrid frameworks, and PINNs
that integrate stability, diversity, and speed. Future direc-
tions include the integration of active learning to continu-
ously improve surrogate model accuracy, and the adapta-
tion of advanced generative models® for even more flexible
and high-fidelity exploration of the one-to-many design
landscape. It is important to highlight here that such Al-
based optimization is still a data-driven approach, so it
cannot be guaranteed that the result is the global maximum
or minimum. However, after showing great promise in
theory, real-world challenges pose stronger limitations on
the realization of the designed devices. A side-by-side
comparison of the speed, design diversity, physics embed-
ding, and limitations of these representative inverse-design

methods is provided in Table 2.

2.3 Addressing real-world design challenges

Despite the rapid advances in computational inverse design,
deploying Al-driven metasurfaces in practice presents
several critical challenges. A primary concern is the ability of
a model to generalize from training data that is often
limited, biased, or computationally expensive to generate
using full-wave simulations. Furthermore, designs are
fundamentally constrained by the realities of physical fabri-
cation, such as minimum feature sizes, alignment tolerances,
and material imperfections. Scaling these designs to larger
areas introduces additional computational and memory
demands. Beyond physical constraints, the utility of the
models themselves presents hurdles. The "black-box" nature
of many AI models hinders interpretability, while their
transferability to new wavelengths, materials, or geometries
is often limited without extensive retraining. Finally, the
entire process demands substantial expertise in both physics
and computational programming, creating a high barrier to
entry for non-specialists. In the following subsection, we
explore strategies to mitigate these challenges, from data-
efficient modeling to physics-informed constraints, facilitat-
ing the translation of inverse-designed metasurfaces to real-
world applications.

2.3.1 Data and fabrication constraints

Deep-learning models for metasurface design must learn
highly complex, nonlinear mappings between structural
geometries and electromagnetic responses. In practice,
however, obtaining sufficient high-quality training data is
challenging. Limited datasets often lead to overfitting, caus-
ing models to generalize poorly to unseen structures and
omitting essential physical modes in the design predic-
tions®*’. While typical datasets contain tens of thousands of
samples, a small 30 x 30-pixel freeform pattern metasurface
exceeds 107 possible configurations. Given this, evaluation
via full-wave simulations is infeasible, highlighting the need

Table 2 | Comparison of inverse design methods for metasurfaces.

Method Speed

Design diversity ~ Physics embedding Limitations

Direct DNN=8-40 Fast inference

Tandem network*#? Fast inference with stable training

N Significant acceleration
Surrogate-driven optimization 437454748
(e.g., 56 h - 0.08 s*)

GAN?#49-52 Fast sampling

Diffusion model>*>* Slow sampling

Hybrid inverse design o
Faster than pure diffusion

(Tandem + diffusion + adversarial
(e.g., >10x *°)

refinement)
Moderate to fast

Physics-informed>6-961-64 X
(e.g., ms-scale®?)

Multiple candidates Implicit (surrogate)

Single solution None Unstable training (one-to-many)

Single solution Implicit (surrogate) Limited to surrogate domain

Predefined parameterization only

High (freeform) None Mode collapse; training instability
High None Computationally expensive
High Implicit Architectural complexity
. . Explicit o )
Physically constrained o Behaves close to a traditional physics solver
(PDE, adjoint)

250263 (Page 7 of 25)


https://doi.org/10.29026/oea.2026.250263

Kang M et al. Opto-Electron Adv , 250263 (2026)

https://doi.org/10.29026/0ea.2026.250263

for strategies that enhance data efficiency and enable robust
learning under sparse-data conditions.

To address the challenges posed by limited data,
researchers have developed strategies to augment and
expand available datasets while preserving key physical char-
acteristics®®®. For instance, Zhang et al.?, generated a design
pool of 51,000 free-form chiral metasurface samples through
full-wave electromagnetic simulations. During the iterative
process of creating these samples, they augmented selected
subsets of high-performing data using geometric transfor-
mations, such as rotation and reflection, to effectively train
the generative model. These transformations preserved the
fundamental chiroptical properties while varying orienta-
tions and arrangements, enabling neural networks to learn
richer and more robust features at minimal computational
cost. Nonetheless, such straightforward augmentations
cannot fully capture the intricate, irregular boundary
features that critically influence device performance, high-
lighting the need for more advanced data-efficient strategies.

Generative approaches, such as attention-guided diffu-
sion models, have emerged as a powerful solution for
extrapolating beyond limited training data’. By condition-
ing the generation on target performance and incorporating
attention mechanisms, subtle electromagnetic response
patterns can be captured to enrich the design space with
high-performance candidates. First, multi-objective opti-
mization methods were used to select top-performing candi-
date geometries, then attention-guided diffusion models
were used to generate entirely new structures that surpass
the performance of the initial dataset. While these strategies
significantly improve design fidelity under limited-data
conditions, models trained solely on ideal simulations may
still face challenges when applied to experimental scenarios,
motivating the integration of realistic noise and measure-
ment-informed data to bridge the simulation-to-real gap.

Experimental imperfections, including fabrication vari-
ability, noise, and optical blur, can significantly degrade
design fidelity. Ding et al.’”' addressed this by enriching
simulated metasurface responses with experimentally
measured sensor noise and calibrated optical blur, ensuring
that the augmented simulations reflected the point-spread
function of the system across wavelengths. Training on these
noise-enhanced simulations mitigated overfitting to ideal
data and enabled robust spectral reconstructions under real-
istic laboratory conditions. Complementing augmentation
strategies, high-throughput fabrication and measurement
pipelines have been employed to systematically generate
extensive experimental datasets. Grbci¢ et al.”? demon-
strated an automated, high-throughput workflow using
femtosecond laser processing producing over 11,000 meta-
surface samples in a single run. This captured both fabrica-
tion varijability and measurement noise in their experimen-
tal dataset. The limitations on high-throughput, high-resolu-
tion, large-scale nanofabrication are a stumbling block that
needs to be overcome to be able to obtain sufficient experi-

mental data to robustly train the models. However, combin-
ing generative augmentation with automated experimental
sampling has been proven to produce datasets that are suffi-
ciently large and realistic to cover complex design variations,
enabling inverse-design models to learn robust representa-
tions and generalize effectively to new, unseen metasurface
geometries.

Despite the advances in AI-driven metasurface design, the
practical realization of these designs remains constrained by
fabrication limitations. Nanoscale devices, in particular, are
subject to strict rules such as minimum feature sizes, aspect
ratios, and tolerances in etching and deposition processes.
Designs that neglect these constraints often fail, exhibiting
low yield and poor reproducibility. Integrating fabrication-
aware constraints directly into the design stage not only
reduces wasted iterations but also increases the likelihood of
experimental success’>7°. Recent studies have proposed
effective strategies to embed fabrication feasibility into the
design process. For example, Zhou et al.’® parameterized
each meta-atom by width, length, displacement, and rota-
tion, which are mapped through analytic and differentiable
transformations to fabrication-compliant geometries. This
parametrization ensures simple shapes with uniform feature
sizes and low aspect ratios suitable for nanoscale fabrication,
guiding optimization toward experimentally viable candi-
dates while mitigating lithographic proximity and etch vari-
ability. Complementarily, Ueno et al.”’” combined a fast
generator with a surrogate model under experimentally cali-
brated to minimum-size and gap rules, constructing a
constraint-aware meta-atom library. A figure-of-merit selec-
tor preserves full 2n phase coverage while filtering designs
that satisfy fabrication tolerances, enabling rapid system-
level synthesis without exhaustive full-device simulations
(Fig. 3(c)). While incorporating fabrication constraints
nominally reduces the size of the design space, it strategi-
cally focuses exploration within physically realizable regions.
This not only prevents unbuildable designs but also acceler-
ates the discovery of high-performance metasurfaces that
can be reliably fabricated, bridging the gap between compu-
tational optimization and practical implementation.

2.3.2 Practical deployment and application

2.3.2.1 Scalability and transferability

Large-scale metasurfaces are increasingly in demand for
practical optical applications, where devices must cover
centimeter-scale apertures. Designing such large-scale meta-
surfaces is challenging, and traditional approaches often rely
on a locally periodic approximation, assuming weak
coupling between neighboring meta-atoms to simplify the
design’®. While this assumption is generally valid, it breaks
down when near-field interactions are required, or nonlocal
effects become important. Consequently, full-device opti-
mization becomes computationally demanding and difficult
to scale. To address this, recent studies have proposed strate-
gies that partition the metasurfaces and manage interactions
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modularly”. For example, one approach adopts a panel-
based strategy, dividing a centimeter-scale metasurface into
panels, each handled by a dedicated network®’. A coordina-
tor assembles their responses into a complete device. This
modular design allows reusing different sizes or layouts, and
converts a large-scale optimization problem into several
smaller, tractable subproblems. A complementary strategy®!
uses superpixel or patch-based optimization, dividing the
surface into wavelength-scale patches that are optimized in
parallel. Nonlocal interactions are incorporated at the patch
level, ensuring that higher-order effects and multifunction
targets remain coordinated after assembly. While this
method favors parallel throughput and precise handling of
inter-element interactions, it is sensitive to the fidelity of the
interaction model and may require careful calibration to
avoid residual mismatches across patches. Both approaches
share a divide-and-conquer strategy but rely on different
assumptions, making each suitable for distinct use cases.
Panel-based inheritance is advantageous when rapid
redesign and component reuse are prioritized, whereas
patch-based optimization is preferable when parallel
computation and strict coordination of interactions are criti-
cal. Overall, introducing explicit partitioning and coordina-
tion mechanisms enables scalable design of large metasur-
faces while maintaining computational efficiency and global
performance fidelity.

The predictive performance of inverse-design models for
metasurfaces often deteriorates when applied beyond their
training distribution, making transferability a critical
consideration. Two practical scenarios illustrate this chal-
lenge: 1) extrapolation within the same physical regime and
2) adaptation across distinct spectral bands. In the first case,
frequency extrapolation addresses the challenge of predict-
ing spectral responses in a frequency range just beyond the
training data, under the critical assumption that the under-
lying physical laws of the system remain unchanged. For
instance, Zhu et al.*> addressed this by combining multi-
fidelity operator learning with a latent-dynamics model to
propagate hidden states along the frequency axis, enabling
accurate estimation beyond the training span (Fig. 3(d)). A
hybrid-regularized inverse module further stabilizes design
predictions under modest regime shifts. While effective
within the same regime, accuracy can decline near newly
emerging resonances.

Cross-band transfer presents a more demanding scenario,
as spectral characteristics may differ significantly. Xu et al.®
addressed this by pretraining a complex-valued network on
infrared (IR) spectra and fine-tuning all layers on a small
terahertz dataset. This approach preserves beneficial prior
knowledge while allowing full adaptation to the target
regime, achieving ~26% higher accuracy compared with
training from scratch and ~30% lower error than real-valued
baselines. Nevertheless, the effectiveness of transfer depends
on the degree of similarity between source and target
physics; changes in dispersion or the presence of bandgaps

may limit applicability. In practice, frequency extrapolation
is suitable for extending the predictive range of a model
within a consistent physical framework. In contrast, cross-
regime adaptation is essential when the goal is to leverage
existing knowledge for a new application in a distinct spec-
tral domain where the underlying physics may differ.

2.3.2.2 Interpretability and user-friendly Al

Most Al models operate as black boxes, offering little insight
into the physical rationale behind design choices®**. This
lack of interpretability does not allow us to understand why
a certain design choice is better than another, therefore
explainable-AI (XAI) techniques have been increasingly
adopted in metasurface design®. To explain the science and
physics behind any decisions, XAI generally includes physi-
cal laws and relationships, such as PINNs. For instance, You
et al.® integrated physical constraints directly into a semi-
black-box network by embedding the Kramers-Kronig
causality relations during training. This approach ensures
that the network respects fundamental physical laws rather
than simply fitting data, producing output spectra whose
internal structures are physically consistent. Dimensionality-
reduction using t-distributed stochastic neighbor embed-
ding revealed that the networks learn physical patterns,
enabling intuitive interpretations of which spectral features
drive design decisions.

Visualization-based XAI methods further enhance inter-
pretability. Gao et al.®> employed attention-based mapping
to identify key spectral features influencing the choices of
the model. For example, high attention on resonance regions
directly indicates the meta-atom geometries prioritized by
the model, providing a clear connection between physical
signals and design outcomes. Ensemble-based approaches
offer complementary insights. Chen et al.** improved inter-
pretability with random forests®” where the explicit decision
paths and probabilities allow quantitative assessment of
design likelihoods and the relative importance of each struc-
tural parameter. This enables direct evaluation of which
physical variables most strongly influence target perfor-
mance. Collectively, such explainable and interpretable
design methods expose Al-driven design decisions transpar-
ently, facilitating iterative optimization, and physical under-
standing and enabling a more informed metasurface design
process.

Nanophotonic inverse design traditionally requires
substantial physics expertise, careful simulation setup, objec-
tive formulation, and nontrivial coding and debugging,
creating a high barrier to entry. User-friendly Al interfaces,
particularly large language models (LLMs) offer a promis-
ing pathway to lower this barrier by translating natural-
language requirements into design variables and executable
code, thereby enabling faster prototyping and broader
participation.

At the front-end, LLMs can serve as interactive assistants
that translate user intent into specifications and computa-
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tional routines. For example, Kim et al.*® demonstrated that,
with in-context examples, an LLM can generate transfer-
matrix code, suggest objective functions and optimization
strategies, and rapidly update candidate designs in response
to user feedback. Such models can also propose multiple
alternative designs for the same target, facilitating early-
stage exploration and comparative evaluation (Fig. 3(e)). At
the back-end, domain-specific generators can systematically
translate specifications into fabrication-ready candidates.
Ma et al.* introduced structure tokens and structure serial-
ization, conditioning generation on a target spectrum to
produce variable-length layer sequences. This approach
allows process constraints to be incorporated directly into
the generation pipeline while supporting the sampling of
diverse, constraint-compliant candidates.

Despite these advances, the reliability of such models is an
open question. Their knowledge is derived from broad,
internet-scale text and code rather than curated expert
systems, making them susceptible to hallucination, generat-
ing plausible but factually incorrect outputs. Furthermore,
LLMs and generative frameworks often exhibit restricted
explainability, dependence on large datasets, and expressiv-
ity constraints from discretized materials and thicknesses.
Consequently, verification, iterative feedback, and explicit
incorporation of fabrication constraints are essential to
ensure reliability and reproducibility. Integrating front-end
conversational assistant LLMs with back-end constraint-
aware generators can establish a workflow that is both acces-
sible and physically grounded. By reducing reliance on
specialized expertise, accelerating early prototyping and
maintaining design fidelity, such user-friendly AI interfaces
may open up metasurface design to a wider audience and
broaden participation in metaphotonic engineering.

3 Al for characterization and analysis of
metasurface optical outputs

Metasurfaces can freely manipulate the multidimensional
properties of light, producing optical data such as
reflectance, transmittance, scattering, and absorption spec-
tra, as well as 2D images that capture light-matter interac-
tions. Yet, conventional physics-based or empirical methods
often fall short in capturing the nonlinear, noisy, and multi-
dimensional features of fabricated metasurface spectra. Arti-
ficial intelligence, and deep learning in particular, provides a
compelling alternative by uncovering hidden patterns and
correlations that conventional approaches cannot resolve.
Since DNNs have demonstrated strong capabilities in
uncovering subtle relationships between input and output
data, they are a powerful tool for uncovering hidden
patterns within optical data, enabling advanced Al-driven
measurements and  sensing in  metasurface-based
systems”*?!. This section introduces the recent progress in
Al-driven evaluation and analysis of metaphotonic systems

or applications such as optical data storage, biosensing, and
imaging.

3.1 Advanced spectral analysis and sensing system

Even in their simplest form, one-dimensional (1D) spectral
data contains rich wavelength-dependent information about
light-matter interactions. Peaks, troughs, and line shapes
reveal resonances that serve as optical fingerprints, while
quantities such as loss rates and Q-factors provide sensitive
evidence for subtle changes in the optical environment. Such
resonance-based measurements have been utilized exten-
sively in numerous sensors”?, and rely on a high Q-factor
resonance to provide high resolution. In practice, however,
metasurface responses often involve multiple overlapping
resonances, modal interference, and other intricate physical
effects, resulting in highly nonlinear and complex spectral
patterns. Such characteristics make it challenging for tradi-
tional physics-based models or empirical analysis methods
to fully explain or generalize the observed responses. Conse-
quently, AI models have been increasingly introduced into
data-driven spectral analysis, enabling the learning of
nonlinear patterns, multivariable correlations, and high-
dimensional representations embedded in spectral data, and
thereby providing physical insights and facilitating the anal-
ysis of complex optical responses that are difficult to capture
with conventional approaches.

3.1.1 1D spectral analysis and application

Leveraging these properties, 1D spectral analysis has found
broad applications, particularly in optical storage and
diverse sensing platforms. When analyzing 1D spectral data,
models such as 1D CNNs and fully connected DNNs have
been commonly used. These models offer the advantage of
capturing both local features and global patterns within the
spectrum and have been widely applied to various tasks,
including classification and regression. Analyzing these
spectra enables the decoding of subtle structural variations
and the classification of optical states, making it essential for
applications such as high-density optical storage. Wiecha et
al.”® demonstrated that DNNs can learn complex relation-
ships between 1D scattering spectra and the geometric
configurations of silicon meta-atoms, achieving 9-bit infor-
mation decoding with up to 40% higher density than
conventional Blu-ray storage. This work highlights the
power of implementing Al in the analysis and evaluation of
metaphotonic structures for optical data storage, which
could lead to ultrahigh capacity physical storage devices.

In addition to optical storage classification, the analysis of
1D spectral data from metasurfaces using Al has also been
applied to biosensing systems by automatically detecting
shifts or changes in resonance peaks. Spectral features
observed in spectrum data, such as resonance peak shifts
and variations in transmittance or reflectance intensity,
respond sensitively to external environmental changes or
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material composition. Such spectral features have been
widely exploited in various sensing applications, including
biosensing®***, gas detection’®*’, and chemical classification®®
(Fig. 4(a)). For instance, Wekalao et al.”’ utilized resonance
peak shifts to detect changes in refractive index, applying
this principle to develop a biosensor capable of monitoring
variations in biomolecular concentrations. In their plas-
monic resonance metasurfaces, changes in hemoglobin
concentration lead to refractive index variations in blood
samples, which in turn induce shifts in the resonance peaks
of the transmission and reflection spectra. By applying
refractive index changes corresponding to hemoglobin
concentrations ranging from 10 g/L to 40 g/L, the perfor-
mance of the sensor demonstrated a sensitivity of 3500
nm/RIU (refractive index unit) in the IR range. An Al model
was trained to accurately predict the transmission response
based on various sensor geometries, the chemical potential
of graphene, and changes in the refractive index. Based on
spectrum response vectors proportional to transmittance,
Meng et al.”® proposed a compact and portable gas sensing
system operating in the mid-IR (7-14 um) range (Fig. 4(b)).
This system integrates a multi-channel metasurface spectral
filter array with a microbolometer camera. The metasurface
consists of 20 independent filter channels, each providing
distinct spectral responses to extract transmittance informa-

tion from IR light that has passed through a gas sample,
enabling the system to capture the unique mid-IR "finger-
prints" of various gases. The labeled data was trained using a
support vector machine algorithm, enabling rapid and accu-
rate gas identification directly from the sensor output with-
out complex spectral reconstruction, achieving a high accu-
racy of 94.4% for methyl ethyl ketone detection. Despite
these successes, 1D spectral data inherently represent a
single wavelength-dependent output vector, which limits
their ability to capture multi-dimensional physical effects
such as polarization, modal interactions, incident angle vari-
ations, and spatial dependencies. This limitation becomes
particularly critical for multifunctional metasurfaces, where
complex design degrees of freedom and changes in external
stimuli (e.g., changes in refractive index, chemical composi-
tion, or temperature) induce layered responses. As a result, a
single spectrum is often insufficient to fully interpret or
distinguish these intricate characteristics.

3.1.2 Multi-dimensional spectral data and application

The multifunctionality of metasurfaces enables additional
degrees of freedom in the optical response, making multi-
dimensional spectral analysis increasingly important to
capture the interplay of multiple physical parameters.
However, such multi-dimensional spectra inherently involve
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intricate interactions and high-order nonlinearities among
variables, which often exceed the capabilities of conven-
tional analysis methods. This calls for Al-based evaluation
tools that provide insights beyond what simple analytic
models can provide'®!?!, For example, Herpin et al.'?
proposed a surface-enhanced IR absorption spectroscopy
sensor using a broadband IR nanoplasmonic platform
combined with AI to monitor dynamic molecular interac-
tions in vivo without the need for labels and in real time.
DNNs were adopted to mitigate the limitations of conven-
tional multiple linear regression, including spurious signals
from uninjected molecules, interference caused by water,
and diffraction artifacts. Trained on millions of real-time
spatiotemporal spectral data points, the DNN was able to
autonomously capture distinctive patterns and complex
nonlinear relationships. This allowed the successful detec-
tion of dual cargoes (sucrose and nucleotides) release from
perforated liposomal membranes and enabled monitoring of
supported lipid bilayer formation, significantly improving
both sensor performance and analytical reliability. Similarly,
Yang et al.!® proposed a novel platform combining large-
area spatially gradient metasurface with Al for simultaneous
classification and concentration prediction of small
molecules in solution. The transmittance patterns of the
metasurface sensitively respond to changes in the refractive
index of the surrounding environment, effectively encoding
molecular species and concentration. CNN was utilized to
analyze these transmittance patterns, leveraging tailored loss
functions and positional information of sensitive areas on
the metasurface to enhance learning efficiency and concen-
tration prediction accuracy. Experimental results demon-
strated high accuracy in predicting molecular concentration
with an average error of 10% for a true concentration of 10%
and reliably distinguished three different molecules (glyc-
erol, glucose, and sucrose) in mixed solutions, demonstrat-
ing its capability for robust molecular classification and
quantification.

Hyperspectral imaging (HSI) has emerged as a powerful
technique for acquiring both spectrally and spatially
resolved multi-dimensional spectral data, enabling more
comprehensive analysis of material composition and
dynamic interactions. This makes it possible to analyze
subtle chemical and physical differences that are impercepti-
ble to the human eye, and to accurately detect the presence
of specific substances'®!””. However, conventional HSI
systems often rely on bulky optical components and multi-
shot acquisition processes, resulting in large and burden-
some setups. To overcome these limitations, recent
approaches have explored the integration of compact and
lightweight metasurfaces with Al-driven fast data process-
ing!'®s. For example, Makarenko et al.!® proposed a compact
real-time HSI system that combines a metasurface-based
hardware spectral encoder with an Al-powered software
decoder. Each metapixel of the metasurface, placed directly
atop a standard image sensor, is designed with a unique

spectral response function, converting the high-dimen-
sional spectral data into a low-dimensional "barcode" of nine
intensity values. The compressed barcode data are decoded
using a multilayer perceptron for spectral reconstruction,
while a U-Net architecture is applied for semantic segmenta-
tion tasks. Experimental results demonstrated that this real-
time HSI system outperforms conventional RGB-based
models, achieving a mean intersection over union of 81% in
simulation and 74% in real-world experiments, compared to
68% for the RGB baseline, highlighting its enhanced hyper-
spectral feature recognition capability. Similarly, Lin et al.!*!
developed an ultra-compact snapshot HSI system based on a
single multi-wavelength metasurface chip, capable of captur-
ing 4-band multispectral images in a single acquisition and
reconstructing an 18-band hyperspectral data cube using
deep learning (Fig. 4(c)). Optical aberrations induced by the
metasurface are computationally corrected through a trans-
former network, while a CNN is trained to learn the
complex mapping between the 4-band input and the 18-
band target spectrum. The reconstructed hyperspectral data
exhibits low mean squared error compared to the ground
truth, low root mean squared error and spectral angle
mapper values, confirming its high fidelity.

3.1.3 Dimensionality reduction and interpretability in
spectral analysis

As spectral data often exhibit complex and optically overlap-
ping properties, compressing them into a lower-dimen-
sional representation can be an effective approach for
streamlined analysis and computational efficiency. This
dimensionality reduction facilitates the separation of key
underlying physical properties embedded within the spectra,
thereby improving the stability and performance of subse-
quent machine learning models'!*!'! Ren et al.!"> proposed
an analytical framework that interprets high-dimensional
spectral measurements as multi-dimensional sensing inputs,
enabling systematic decomposition and classification. Mid-
IR spectra were compressed into a compact feature space
using principal component analysis, successfully disentan-
gling distinct physical phenomena such as refractive index
variation, molecular absorption, and resonance mismatch
along independent analytical axes. These extracted features
were then used to train a support vector machine, achieving
100% accuracy in distinguishing chemically similar alcohol
mixtures. This study highlights the potential of machine
learning for interpreting complex spectral information and
enabling high-precision molecular recognition. Nonetheless,
most Al models remain black boxes, emphasizing the ongo-
ing need for approaches that provide outputs interpretable
by humans.

To address this, recent studies have integrated XAI tech-
niques into spectral analysis. XAI enables quantitative inter-
pretation of the physical correlations between structure
parameters and spectral responses and visually identifies
which structural features most influenced specific wave-
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length bands'®. Such methods allow systematic sensitivity
analysis of structure parameters, evaluation of wavelength-
specific impacts, and structure-response correlation analy-
sis. Barkey et al.!”* applied this strategy to detect subtle spec-
tral changes in complex molecular systems under dry condi-
tions. Using a 1D CNN trained on extensive spectral data
obtained from pixelated metasurfaces, they classified cis-
and trans- lipid membrane states with high accuracy, and
XAI techniques subsequently identified the key spectral
regions driving the decisions (Fig. 4(d)) revealing that struc-
tural changes induced by the photoisomerization process in
lipid membranes were sensitively reflected in specific vibra-
tional modes, and critical for classification. In this way, XAI
and other AI techniques are proving to be effective tools for
complementing conventional analysis methods by provid-
ing quantitative, interpretable insights into high-dimen-
sional spectral data.

The research introduced in this section demonstrated the
potential of 1D and multi-dimensional spectral analysis
combined with AI for high-precision sensing and interpreta-
tion. From resonance-based biosensing to HSI and neural
network-based classification, Al-based analysis has shown
strong capabilities in decoding complex spectral patterns
and uncovering meaningful physical relationships, particu-
larly in cases involving nonlinearities, noise, or overlapping
features. Such research has an extremely important role to
play in biophotonics and biomedical applications, where
metasurfaces could be integrated into flexible or wearable
devices with onboard lightweight AI systems, as well as in
providing a lightweight solution for hyperspectral imaging,
which could revolutionize drone-based monitoring and
defect recognition.

3.2 Al-enhanced imaging in metasurface systems

Metasurface imaging systems that utilize 2D image data can
readily acquire information using standard sensors such as
charge-coupled devices, since images are direct and intu-
itive representations of optical responses. Compared to 1D
spectral data that require expert knowledge and complex
acquisition setups, 2D images provide an easier and more
accessible pathway for data collection and analysis, which
makes them particularly valuable for practical applications.
Furthermore, metasurface-based imaging systems offer
additional advantages in terms of miniaturization, integra-
tion, and multifunctionality. Metalenses in particular
provide a direct way to create a metasurface-based imaging
system. These characteristics make them particularly attrac-
tive for next generation compact and wearable optics, such
as augmented reality (AR) and virtual reality (VR) devices!!“.
However, metalenses are inherently affected by aberrations,
limited by image sharpness, contrast, and signal-to-noise
ratio, thereby limiting resolution, field of view (FOV), and
overall fidelity in practical applications. To address these
challenges, recent studies have focused on applying Al-based

enhancement and restoration techniques to metasurface
imaging systems'’>. Furthermore, Al has been implemented
to extract additional dimensionality from simple 2D data,
such as depth and phase information (Fig. 5(a)).

Chromatic aberration is one of the inherent difficulties for
single layer metasurfaces due to the wavelength dependent
nature of beam steering and material dispersion. Through
the application of Al, this has been successfully corrected,
leading to significant improvements in image quality
through perceptual loss minimization and peak signal-to-
noise ratio (PSNR) optimization''. Dong et al.''” employed a
U-Net architecture to correct chromatic aberration in
images captured with a single chromatic metalens. The
model, trained on a diverse dataset of objects, colors, and
brightness levels, minimized both perceptual and PSNR
losses, achieving a 5.5 dB increase in PSNR and over 12%
improvement in structural similarity index measure (SSIM),
demonstrating a substantial enhancement in image quality.
Similarly, Chu et al.!''® developed a GAN-based deep learn-
ing framework with a U-Net generator and attention mecha-
nisms, optimizing perceptual and color loss through itera-
tive adversarial learning. The model demonstrated signifi-
cant improvements in image restoration, roughly doubling
PSNR and increasing SSIM by over 0.7 compared to autoen-
coder-based and standard U-Net methods (Fig. 5(b)). Its
performance was robust across datasets of varying complex-
ity, effectively correcting dispersion-induced distortions and
successfully restoring visual clarity. These results highlight
the potential of Al-enhanced metalens imaging for high-
fidelity image reconstruction in practical applications.

Outside of overcoming chromatic aberration, challenges
including limited FOV and full-color image reconstruction
have been addressed with Al-enhanced metalens systems.
These approaches aim to improve visual fidelity by extend-
ing spatial information and correcting spectral inconsisten-
cies across color channels'"-'2!. Chen et al.'"” implemented a
computational image reinforcement approach to achieve a
wide FOV in compact augmented reality (AR) devices,
which are essential for miniaturization. They achieved a
wide FOV of 30° with total distortion suppressed to below
2%, and maintained a relative illumination above 0.9 across
the entire FOV. Beyond FOV expansion, Liu et al.'*! inte-
grated an ultra-wide FOV meta-camera with a transformer-
based neural network, achieving full-color imaging with an
FOV exceeding 100° while correcting chromatic aberrations
and distortions. The network, pre-trained on simulated
point spread functions (PSF) and fine-tuned with real
measured data, demonstrated 13.5-fold and 2.7-fold contrast
improvements in central and edge regions, respectively (Fig.
5(c)). Furthermore, the metalens achieved a resolution close
to the diffraction limit of 1.55 pm at the image center.
Consistent image reconstruction quality was also observed
in real-world environments at various working distances
(e.g., 1.3 cm, 12 cm, 44.5 cm), with its quantitative excel-
lence confirmed by PSNR and SSIM values. Supported by

250263 (Page 13 of 25)


https://doi.org/10.29026/oea.2026.250263

Kang M et al. Opto-Electron Adv , 250263 (2026)

https://doi.org/10.29026/0ea.2026.250263

Al

Depth
perception c

A

Chromatic
aberration

result

M
LTA
6

N/

e
M |
-
Fov v v v v v
expansion

i s

g

e/

o
&)~

Polarization

Metasurface

slofeol- N

b
a Al-enhanced imaging Gtrﬁﬂd .

&

Simulated PSFs

Meta-camera only

Prior knowledge

Prior dataset Measured dataset Meta-camera

»Image recovery
Model update

=

Image recovery neural network

Fig. 5 | Al-enhanced metaphotonic imaging. (a) Schematic figure of Al-enhancement of metaphotonic imaging systems. (b) Comparison of ground truth
images, input images affected by chromatic aberration, and restored outputs from the autoencoder, standard U-Net, and GAN-based framework. (c)
Neural meta-camera model process to enhance image quality. (d) Underwater depth-sensing results using image data from a binocular metalens, showing
the raw images, depth maps, and integrated outputs. Figure reproduced with permission from: (b) ref.'s, (c) ref.*??, (d) ref.’3°, under a Creative Commons

Attribution License.

large-scale nanoimprint fabrication'??, Seo et al.'** achieved
aberration-free full-color imaging with mass-produced
metalenses. The highly chromatic and angular aberrated 10
mm diameter metalens was used to collect around 700
ground truth images from a large monitor for network train-
ing. The resulting images from the Al-enhanced metalens
framework were restored to be comparable to the ground
truth and further demonstrated their applicability for object
detection. Combining the benefits of AI to combat the weak-
nesses in metalens-based imaging has been shown to be a
powerful tool in Al-enhanced metaphotonic systems.
High-resolution color restoration that enables the recov-
ery of fine structural details is also essential for the practical
implementation of metalens imaging. Zhang et al.'**
proposed a digital imaging system that combines an RGB
achromatic metalens employing spatial multiplexing with a
neural network-based restoration framework. Although the
metalens achieved a high numerical aperture (NA) of 0.97
and a spatial resolution of 0.775 pm for each RGB channel,
the spatial multiplexing strategy introduced image blurring
due to variations in the PSF and modulation transfer func-
tion across channels. To mitigate this issue, a computational
restoration algorithm based on a neural network was incor-
porated. The network was trained to minimize the loss
between blurred images captured by the metalens and their

corresponding ground truth images. Multi-scale SSIM loss
was used to preserve high-frequency contrast, while the
mean absolute error minimized the absolute difference in
pixel values between the restored and ground truth images,
ensuring accurate color and brightness restoration. As a
result, the processed images showed significant improve-
ments in color fidelity and sharpness, with image blurring
greatly reduced. The system also demonstrated fast infer-
ence performance, achieving an average processing time of
84 ms per image.

Recent Al-enhanced metasurface imaging systems are
also increasingly exploring the rich, multidimensions of
optical properties by leveraging the unique image informa-
tion provided by metalens. Metalens-based imaging systems
inherently encode complex phase, polarization, and depth-
related information, and Al provides an optimal framework
to decode and leverage these multidimensional
features!>-125, For example, Yang et al.'” proposed a deep-
learning-based colorimetric polarization-angle detection
method utilizing asymmetric all-dielectric metasurfaces. The
metasurfaces achieve high monochromaticity and a wide
color gamut, generating dual-color palettes with abundant
combinations depending on the incident polarization. By
systematically varying the polarization state in 0.05° incre-
ments, they acquired color palette images for a total of 1801
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polarization angles and under three different illuminant
conditions, thereby building an extensive dataset. This
collected image data was then used to train a polarization
detection network. The model was trained to classify polar-
ization angles into 129 classes and achieved 81.4% accuracy
on the test dataset. In addition, research has actively
explored the extraction of new information, such as depth,
from metalens-based imaging systems, with learning-based
models playing a central role in this process. Liu et al.'*
developed a binocular metalens-based depth sensing and
imaging system that requires neither distortion correction
nor camera calibration. Their GaN-based metalens, featur-
ing superhydrophobic properties, enabled high-quality
stereo imaging in underwater environments without addi-
tional optical adjustments. The captured stereo images were
processed by a trained deep learning model which learned
to compute subtle pixel-level disparities between image
pairs. This allowed the system to generate precise real-time
disparity maps for each pixel. Ultimately, the model
achieved depth estimation within an error range of 50 um
and enabled real-time underwater depth sensing in just
0.15 seconds without any manual parameter tuning
(Fig. 5(d)).

Recent advances in Al-enhanced metasurface imaging
have focused on overcoming chromatic aberration, narrow
FOV, and reduced spatial resolution, leading to substantial
improvements in overall image fidelity. Rather than extract-
ing new physical quantities, these approaches predomi-
nantly aim to restore image quality and compensate for
dispersion-induced distortions, thereby enhancing the prac-
tical viability of metasurface-based imaging systems. Unlike
spectral data, metasurface-based image data faces several
constraints, including the difficulty of obtaining reliable
ground truth, limited information density, and high costs
associated with data acquisition. To overcome these limita-
tions, recent studies have explored learning strategies that
can effectively utilize small datasets, as well as integrated
approaches that combine AI with hardware sensors®!.
Collectively, these efforts highlight the importance of co-
designing hardware and algorithms to optimize both physi-
cal and computational resources, enabling metasurface
imaging systems to move closer to practical deployment.

4 Al-driven end-to-end metasurface
systems

While AI has been utilized in metaphotonic research sepa-
rately for the inverse design and for characterization of opti-
cal outputs from metasurface-based systems, these
approaches create a disconnect between the ideal designs
and fabricated devices. On the other hand, by creating a
differentiable pipeline between the design and characteriza-
tion directly, it is possible to create end-to-end systems that
can be optimized with consideration of the fabrication

constraints and complete physical systems. We note here
that the term 'end-to-end' has also been used in the metasur-
face community when discussing the training of forward
and inverse DNN models in tandem’. However, in this
review we focus specifically on the recent development of
metaphotonic systems with co-optimized design for the
metasurface hardware alongside the computational backend
for characterization and analysis.

4.1 Co-optimized metasurface design

By moving away from the inverse design of meta-atoms and
metasurfaces, system-level end-to-end optimization with
fully differentiable pipelines is establishing a new paradigm
of the application of AI in metaphotonic systems. This
approach creates a multivariable objective, from metasur-
face inverse design to practical application, such as high-
resolution imaging, depth sensing, or polarization recon-
struction (Fig. 6(a)). This process exists for traditional
optics'*?, and is now being implemented into metaphotonic
systems. Rather than the traditional method of designing
meta-atoms to fulfill a specific phase profile, resulting in
mismatches due to physical limitations of materials and
fabrication, end-to-end optimization allows the realizable
phase, free-space propagation, and sensor response to be
simultaneously considered. This integration has led to
advanced imaging systems with metaphotonics for hologra-
phy, as well as super-resolution and 3D imaging, shifting
metasurface design from physical-response maximization to
task-oriented optimization with goals such as accuracy,
perceptual quality, and real-world deployability.

Metalenses have developed from single functionality,
single wavelength demonstrations of feasibility to current
state-of-the-art flat optical imaging devices that demon-
strate.  high-NA, achromatic, and multifunctional
operations'**~1%°. However, single layer metalenses suffer
from a reduction in imaging quality due to various aberra-
tions, limiting their use in real-world imaging systems. To
solve this issue, not only is research being conducted on
post-processing image correction using Al, but an innova-
tive approach called end-to-end design is also gaining atten-
tion. This method considers the phase of the metalens, the
propagation of light, and the sensor response within a single,
integrated pipeline. This allows for the design of a lens that
anticipates and compensates for the constraints and aberra-
tions that may arise during the fabrication process from the
very beginning. Through this Al-based end-to-end opti-
mization, researchers have been able to fundamentally miti-
gate aberrations and successfully generate high-quality, full-
color images even with a wide FOV, significantly enhancing
the performance of metalenses. In one example, Tseng et
al.’® included a proxy function of their metalens, based on
the scattering of individual meta-atoms, to simulate the PSF
including the inherent noise from the sensor. The proxy
function allows for gradients to flow through the whole

250263 (Page 15 of 25)


https://doi.org/10.29026/oea.2026.250263

Kang M et al. Opto-Electron Adv , 250263 (2026)

https://doi.org/10.29026/0ea.2026.250263

Ground truth

J

Forward path
mmm Backward optimization

J

Physical waveguide
Wavegu ide model

% -} -

n/ QR: Muln channe\comp\exapertures

h: Multi-channel kernels

Input

Physical
propagation

\ fw(fw )

© Proxy path
—_

Waveguide

Wavefront camera Interferograms
holography system 8! Phase-shifting
~ algorithm,
crop RO\

Loy
Real-world
path

Piezo
actuator
—_— -

P25
Displayed image

Target field (simulation)

Lean
@seinsersanes >
Update
lxy)

-

—— Proxy

=== Real-world

------ CGH rendering

Estimated output
complex field u’(x,y)

Simulated
free space propagation

....................................

Measured
complex field u(x,y)

b

Ground truth

Hyperboloid (511 nm)  Colburn et al. 2018 Neural nano-optics  ysing compound optic

IL

Learned physical Physical
waveguide model waveguide model Free-space model

Fig. 6 | Al-driven end-to-end optimization. (a) Schematic illustration of the end-to-end optimized metasurface pipeline. (b) The end-to-end designed neural
nano-optics produces high-quality, aberration-free, wide FOV images. (c) An end-to-end pipeline for complex wavefront measurement-based model cali-
bration and optimized computer-generated hologram rendering in a waveguide holography system. (d) Comparison of 2D holograms synthesized using
several different wave propagation models, including free-space propagation, a physically motivated model and Al-powered model including physics and
learnable parameters that are calibrated using camera feedback. Figure reproduced with permission from: (b) ref.’*¢, (c) ref.**¢ (d) ref.}*, under a Creative

Commons Attribution License.

system, enabling the use of automatic differentiation. This
step is extremely important, as the standard process of
selecting meta-atoms to fulfill a phase mask would elimi-
nate all gradients at the metasurface. Additionally, this
approximation is much faster and memory efficient
compared to full-wave simulations such as FDTD. The final
Al-enhanced metalens imaging system provides real-time
frame rates with performance that is comparable to tradi-
tional six-element compound optics (Fig. 6(b)). Pinilla et
al."¥” replaced the numerical modelling of the PSF by imple-
menting a spatial light modulator to mimic the role of the
metasurface, allowing for computation-free iteration and
updates of the required phase profile. After the optimization
process, the phase mask was replaced with a single metasur-
face to demonstrate ultra-thin full-color imaging cameras.
Park et al.'*® included an aperture stop in their metalens
system to alleviate off-axis aberrations such as coma and
astigmatism for a 70° FOV. By fabricating the aperture stop
on the opposite side of the metalens substrate to create a
doublet system, and employing end-to-end optimization of
the metalens phase and reconstruction algorithm full color
imaging was successfully demonstrated. A challenge for

achromatic imaging with metalenses is the limitation of
physical size, particularly the diameter. Froch et al.'* showed
a 1 cm diameter metalens with imaging performance
comparable to a single refractive lens through their end-to-
end design and optimization process. Rotational symmetry
was exploited to reduce computational expense, and a beam
splitter was used to collect one-to-one pairs of images from
the metalens and a compound lens for training. Further-
more, the multispectral capabilities of metasurfaces have
been exploited for designing metalenses that operate at IR
wavelengths, specifically for imaging of thermal radiation'*.
While metalenses focus on imaging, metasurface-based
holography, known as metaholography, is a field that creates
images through that manipulation of the phase and ampli-
tude of light. Traditionally, iterative algorithms such as the
Gerchberg-Saxton algorithm are used for phase retrieval,
and meta-atoms are designed to fit the required phase map.
Al-based methods have also been proposed for phase
retrieval, for example using gradient descent'* and physics-
driven DNNs'!. However, with end-to-end optimization,
direct meta-atom selection based on material, and geomet-
ric parameters can be directly optimized!*?, and additional

250263 (Page 16 of 25)


https://doi.org/10.29026/oea.2026.250263

Kang M et al. Opto-Electron Adv , 250263 (2026)

https://doi.org/10.29026/0ea.2026.250263

noise and imperfections from light propagation and sensor
readout, can be integrated into the process. While the multi-
plexing nature of metasurfaces naturally allows for multi-
channel holography, providing a path towards multi-dimen-
sional holography, the design of such metasurface becomes
burdensome. Yin et al.'*® demonstrated an Al-powered
pipeline to create metaholography with amplitude, phase,
wavelength, and polarization dependencies. Using meta-
atoms with only 2 degrees of freedom, they showed holo-
graphic displays with up to 12 channels, including 3 wave-
lengths, 2 polarization states, and two reconstruction planes.
The scalar diffraction kernel is general and could be adapted
based on the requirements of the system. The only limita-
tion is that the kernel must be fully differentiable, which is
easily achieved through machine learning packages such as
PyTorch. Furthermore, Liu et al.'** moved multiplexed
metaholography from free-space to on-chip. By exploiting
the properties of geometric and detour phase, they use end-
to-end optimization to integrate a Si metasurface onto a
Si3N4 waveguide. Different holograms appear based on the
direction that the light is travelling inside the waveguide.
This idea has been pushed further to create on-chip meta-
holography with up to 18 channels. Finally, waveguide-
based holographic displays could play a key role in the
future of AR devices, allowing for 3D image construction
over a large eyebox. Gopakumar et al.'** used the co-design
of a metasurface waveguide and Al-based holography to
create a full-color 3D holographic AR display system with
Al trained using data obtained from both the physical meta-
surface waveguide and camera feedback (Fig.6(c)). This
system was developed further to create mixed reality
displays with a large etendue and high image quality, across
an eyebox of 98 mm!'*, demonstrating that the mismatch
between ideal properties in the system, such as the spatial
light modulator, aberrations, and coherence of the source,
can be effectively understood and corrected by a well-trained
Al model. Finally, Jang et al.'” demonstrated this with a
modeling pipeline that includes both a computationally
propagated path and a real-world path through the experi-
mentally fabricated waveguide (Fig. 6(d)).

One of the most exciting potentials of Al-enhanced meta-
surface systems is to exploit multiple degrees of freedom of
light for additional functionality. For example, by exploiting
the wavelength as an additional degree of freedom, spectral
and HSI becomes feasible. For instance, Lin et al.'** realized
multi-channel imagers reaching up to 16 distinct channels.
They demonstrated multiwavelength spectral imaging,
multi-depth imaging, and polarization imaging with the
same framework. The strong dispersion of metalenses is
often a drawback, however it has also been used as a way to
distinguish spectral information. In work by Zhang et al.'®
HSI was demonstrated through an end-to-end optimized
metasurface design and image processing method, outper-
forming separate optimization methods applied sequentially.
This robustness was also demonstrated by Lin et al.'** when

they used full wave equation solvers in their design process
to utilize all available wave physics to recover both spectral
and polarization information. This would not be available
with simple geometric optics and scalar diffraction.

Another advantage of metasurfaces is that depth informa-
tion can be recovered from single-shot images, an applica-
tion has broad potential in robotics, autonomous driving,
and computer vision. With end-to-end optimization of the
metasurface and reconstruction, a single-shot monocular
metasurface camera combining RGB and depth imaging was
achieved'™!. The optimization process took around 20 h on a
consumer GPU, and allowed for an imaging depth range of
0.5 m. Another solution to depth imaging is to structure
light to create point clouds of dot or line patterns'*2. Choi et
al.'* employed an end-to-end process to learn not only the
optimized metasurface design, but also simultaneously the
structured light pattern and reconstruction model. The full-
space wave propagation over a 360° area, image formation,
and reconstruction steps were all included into the opti-
mization process and resulted in a depth reconstruction
exhibiting a fivefold reduction in RMSE compared to heuris-
tically designed structured light.

While end-to-end optimization of metasurfaces and their
corresponding computational analysis is proving to be a
valuable tool in the design of metaphotonic systems, it is
important to note that the computational cost of such end-
to-end systems becomes rapidly larger as device dimensions
increase. Therefore, taking advantage of physics through
symmetry, or the development of novel AI implementations
could hold the key to facilitating deployable metaphotonic
systems in the real world.

4.2 Intelligent metaphotonic systems

Passive metasurfaces have proven their ability to control
light at the subwavelength scale, however, to unlock the full
potential of metasurfaces with autonomous functionality,
their optical properties must be controllable after fabrica-
tion'"*1%>, Alongside integration with Al, such systems inte-
grate real-time sensing, adaptive control, intelligent deci-
sion-making, and closed-loop feedback into a unified frame-
work, enabling self-optimization in response to dynamic
environments without human intervention (Fig. 7(a)). This
section discusses the recent advancements in such
autonomous metaphotonic systems for intelligent cloaking,
sensing and communications, and biophotonic applications.

Since the advent of metamaterials, one of the first exotic
applications that caught the attention of researchers was in
invisibility cloaking'*®. The complete control of electromag-
netic waves allows light to be directed around an object,
rendering it invisible to an observer. By integrating Al with
programmable metasurfaces, Qian et al.'”"” demonstrated a
microwave-frequency metasurface cloak capable of
autonomously adapting to its environment on millisecond
timescales. Here, a trained DNN acts as the brain of the
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system, continuously updating the metasurfaces properties
in real-time, creating a fully autonomous loop of perception,
decision, and execution. Further advancements have
expanded the operational versatility of intelligent cloaking.
Zhen et al.'*8 showed that transmission mode metasurfaces
can be used for cloaking. To move this intelligent cloak into
real-world scenarios, Wang et al.’*” developed full-polariza-
tion reconfigurable metasurfaces with thousand-level modu-
lation, enabling high-fidelity background scattering match-
ing of up to 93.3% even for moving objects and dynamically
changing backgrounds. Finally, recognizing the practical
limitation that cloaking inherently prevents electromagnetic
interactions with the environment, Wang et al.’** designed a
metasurface cloak with switchable transparency, allowing
the system to alternate between invisible and communica-
tive modes. This innovation enables real-time information
exchange between cloaked objects and external observers
without compromising stealth, highlighting the potential for
Al-driven metasurface platforms in next-generation adap-
tive cloaking and dynamic electromagnetic control.

The integration of AI with reconfigurable metasurfaces
has opened transformative opportunities in wireless
communications and radar sensing. Fan et al.'°® demon-

strated homeostasis-inspired metasurfaces, wherein an Al-
driven self-regulating reconfigurable metasurface system
autonomously manages wireless channels. Such systems
have potential disruptive use in electromagnetically
connected smart cities (Fig. 7(b)). Intelligent metasurfaces
have also been extensively explored for radar and beam-
forming applications, where real time steering and control of
electromagnetic waves are critical'*>'. Ma et al.'** demon-
strated that an array of reconfigurable dipoles can generate
far-field patterns on demand. By integrating their reconfig-
urable metasurfaces with Al, combined with physics-based
confirmation, they showed the potential for real-time meta-
surface beam-steering. Space-time-coding metasurfaces
further extend this functionality by manipulating the optical
properties of the metasurface in both the spatial and time
domains'®, allowing for the generation of chirp signals and
dechirp processing. This has been applied to a simplified
radar architecture based on metasurfaces, with performance
comparable to conventional systems'®, simultaneously
supporting high-order harmonics generation for interfer-
ence-free sensing, all within a single metasurface'®’. Al algo-
rithms outside of fully connected DNNs have also been
employed. Reinforcement learning has been applied to learn

250263 (Page 18 of 25)


https://doi.org/10.29026/oea.2026.250263

Kang M et al. Opto-Electron Adv , 250263 (2026)

https://doi.org/10.29026/0ea.2026.250263

the optimal control strategy through a simulated environ-
ment and to solve the joint optimization problem of beam-
forming and mapping of the received signals for object
detection!*®'®, and inspired by reasoning models in LLMs,
metamaterial agents have been proposed'”’. The optical
intelligent agent is a system that merges digital optics tech-
nology with AI to perceive the environment and
autonomously control optical systems. It holds the potential
to achieve outstanding performance in complex and vari-
able environments, thereby moving beyond the limitations
of conventional optics'”!. The agent can take multiple inputs,
such as voice, image, and text that make up the environmen-
tal cues to make long-term plans that involve interactions
with robots and humans to achieve a goal (Fig. 7(c)). With
reasoning in natural language and multiple expert agents,
this fully automated system demonstrates the potential of
Al-powered metasurface platforms.

Outside of communications, Al-driven programmable
metasurfaces have demonstrated significant potential in
biophotonics, particularly for non-invasive monitoring.
Their advanced sensing capabilities of metasurfaces allow
detection of subtle changes in electromagnetic signals
arising from biological and physical processes. For instance,
Ma et al.'’? showed that programmable metasurfaces with
well-trained DNNs can achieve recognition accuracies
exceeding 99% for single- and two-hand gestures. Building
on this, Zhang et al.'? demonstrated that such systems
could detect minute vibrations of the chest and mouth
during speech. These non-contact gesture and voice control
methods of human-computer interactions open new
avenues for remote control and alternatives to traditional
microphones. Furthermore, Li et al.'’* addressed a signifi-
cant challenge in continuous health monitoring by design-
ing a modular metasurface that can dynamically filter out
noise from body movements (Fig. 7(d)). This enables more
accurate and reliable tracking of vital signs, such as respira-
tion patterns.

Collectively, these state-of-the-art applications highlight
the transition of metasurface technology from a static tool
for signal manipulation to a dynamic, perception-aware
platform for sophisticated human sensing. Despite the
promise of actively tunable wave manipulation at the
subwavelength scale, most experimental demonstrations
remain at GHz frequencies, owing to the practical ease of
addressing individual meta-atoms. While nanofabrication
capabilities are continuously evolving, considering the visi-
ble light operation of a 1 cm? metasurface, a reasonably sized
400 nm pitch would necessitate over 600 million address-
able meta-atoms in such a small footprint. Increasing the
pitch could relieve these requirements, however, at the cost
of additional undesired diffraction modes. Although various
novel strategies of post-fabrication modulation of optical
metasurfaces have been proposed, the precise control of the
optical properties of individual nanoscale meta-atoms is still
a formidable hardware engineering challenge.

5 Perspectives & conclusions
5.1 Emerging frontiers & grand challenges

5.1.1 Energy efficient Al

While this review has focused on the development of AI for
use in metaphotonic design and systems, the enormous
power consumption of current electronics-based Al is a
problem that could be also solved with optics and photonics
for sustainable, low-power, on-device computation'”>!7, The
training of a large AI model has the potential to cost millions
of kilowatt-hours of electricity, and reports of users using
the words 'please’ and ‘'thank you' costing companies
millions of dollars in compute during inference highlight the
critical concerns of sustainable AI. Metaphotonics offers a
pathway to enable orders-of-magnitude reductions in energy
consumption by shifting key stages of the Al pipelines such
as feature extraction, convolution, and encoding into the
optical domain. Since metasurfaces are also fabricated using
the same CMOS processes at electronic chips, extensive
research has already been undertaken for on-chip integra-
tion'”7, and analog computing'’®-15!. Recent work has shown
that optical front-end encoders, implemented by multi-
channel meta-imagers, can perform convolution and
feature-extraction operations in parallel while working at the
speed of light, substantially off-loading the computational
burden from electronic processors'®>-#*, This has been
shown to reduce the required calculations by 5 orders of
magnitude'®® while maintaining high accuracy. In the
microwave region, self-powered metasurfaces powered by
stray waves have been confirmed'®. Such opto-electronic
metaphotonic devices could play a transformative role in
enabling energy-efficient, on-device Al computation, with
profound effects for the next generation of portable, intelli-
gent systems.

5.1.2 Neuromorphic computing

As actively programmable metasurfaces have been demon-
strated at GHz wavelengths, their miniaturization to optical
wavelengths, fueled by advancements in nanofabrication'*,
could open the doorway for  neuromorphic
metaphotonics'®” %5, Rather than being limited by the tradi-
tional von Neumann architecture, inspired by the structure
and dynamics of the human brain, neuromorphic comput-
ing is particularly well-suited for low-power applications
such as real-time decision-making, edge intelligence, and in-
sensor processing'®’. In parallel, diffractive neural networks
based on metasurfaces have been explored for optical infor-
mation processing'®*-'2, enabling linear, parallel computa-
tions. Although these networks suffer from a lack of optical
nonlinearities, one of the key components in learning
complex distributions in DNNs, the flexibility of
programmable metasurfaces to control light at will provides
a strong foundation for further research. Temporal
programmability without the need for nonlinear materials
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has been verified'”*, while spiking neural networks with
reconfigurable metasurfaces have enabled event-driven
control suitable for low-latency tasks'**.

5.1.3 Quantum metaphotonics

Photons provide an exciting proposition in the quest for
scalable quantum systems due to their long coherence times
at room temperature and on-chip scalability for quantum
computing and communication in particular. As a powerful
alternative to traditional superconducting qubits, photonic
systems can access high-dimensional qubits, known as
qudits, by harnessing the various quantum properties of
photons such as polarization, direction, orbital angular
momentum, and frequency'”. While metasurfaces have
been applied for the creation, manipulation, and detection of
single and entangled photons from various sources, Al could
offer an additional advancement in the design and develop-
ment of quantum metasurfaces. Furthermore, the potential
for quantum-inspired Al algorithms or quantum machine
learning using metasurfaces is still yet to be extensively
explored'*®.

5.1.4 Data constraints & standardization

The Internet has provided an unprecedented dataset for
human-curated knowledge in the form of text and images,
which has been expertly leveraged to create powerful LLMs
that are being implemented into natural language agents'”.
However, in the field of metaphotonics, the curation of such
large datasets has been generally left to the individual lab or
research team with no standards set for data sharing. There-
fore, there is a distinct lack of large, diverse, and high-qual-
ity datasets for training, such as the classic MNIST or
ImageNet dataset. Here, we would like to highlight an
attempt to address this issue from the Fan group at
Stanford'”®, who have introduced a repository of simulated
datasets with the goal of hosting a nanophotonic version of
ImageNet. This problem is multifaceted however, since
groups around the world have access to different materials
and fabrication facilities, while often focusing on specific
applications that require expert know-how for physical real-
ization, beyond what is included in a simulated dataset.
With standardized datasets, and inspiration from the AI
community, benchmarking becomes possible through refer-
ence design tasks, i.e., standardized optimization challenges
that allow researchers to objectively compare different Al
architectures with the same dataset. It has been shown that
multidimensional benchmarks are the most effective at
pushing the state-of-the-art and also facilitate industry-
academia collaboration to actively shape the research land-
scape'”.

5.1.5 Generalization & transferability

Beyond the availability of data, a critical limitation in
current Al-assisted metaphotonics is the lack of model
transferability. The majority of inverse design networks are

single use, trained on specific parameters, such as the meta-
atom material, height, and wavelength range. If the
constraints change because a new material becomes avail-
able or a new fabrication technique allows for a larger aspect
ratio structure, for example, the model typically suffers a
catastrophic drop in accuracy and must be retrained from
scratch. This rigidity contrasts sharply with modern AI
trends, where models pre-trained on vast datasets can be
adapted to new tasks with minimal fine-tuning, distillation,
or transfer learning. To address this, future research must
move toward the development of metaphotonic foundation
models. Rather than memorizing the response of specific
geometric libraries, such models could be trained on
massive, multi-material physics simulations to learn the
underlying operator of Maxwell's equations. Achieving this
would enable few-shot or zero-shot learning, where a pre-
trained model could predict the behavior of a completely
new material platform or wavelength regime®**’! using only
a handful of reference simulations, drastically reducing the
computational cost of deploying Al in new experimental
settings.

5.1.6 Trainability of active systems

While programmable metasurfaces offer the potential for
real-time adaptation, training AI models to control them
presents unique challenges not found in static designs.
Current approaches often train models on idealized analyti-
cal curves of active elements (e.g., liquid crystals), which fail
to capture experimental realities such as hysteresis, thermal
drift, and non-uniform voltage responses. This leads to a
simulation-to-reality gap where the AI model fails when
deployed on the physically realized metasurface. To over-
come this, in-situ training is required, where the AI learns
directly from the hardware output. However, this creates a
data bottleneck for training, since unlike digital simulations
which can be parallelized over multiple computers, physical
experiments are serial and limited by the modulation speed
of the device and the readout speed of the detector. As a
solution, digital twins that can update a simulation model in
real-time to match the physical device, could enable rapid,
accurate offline training for programmable systems.

5.1.7 Addressing the simulation-to-reality gap

Although the promise of end-to-end optimized metasurface
systems has been proven to somewhat overcome design
limitations, the mismatch between high performance
designs in simulation and experiment still poses additional
challenges. Various Al implementations of inverse lithogra-
phy have been proposed to improve the shortcomings of
nanofabrication®®. Fully connected AI models with multiple
expert agents that take care of the design, optimization,
fabrication, and even the experimental characterization of
metaphotonic systems could provide an exciting new path-
way for Al to autonomously enhance the real-world perfor-
mance of optical devices, following the footprints of current
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developments in AI chip design in industry?®.

The general 'black box' nature of Al models is a huge limi-
tation in machine learning and Al in scientific research.
However, optics has historically been an enabler for
advancements in science and technology. Therefore, under-
standing the inner workings of a well-trained metaphotonic
model through XAI could not only improve the inter-
pretability and reliability of such models but could also hold
the key to uncovering new nanoscale physics through
metaphotonics or design principles that extend beyond
human intuition.

5.2 Conclusions

In this review, we have highlighted the key advancements
and impact of Al on metaphotonics, from the basics of data-
driven simulations to fully automated systems that sense and
adapt to their surroundings in real time. Early demonstra-
tions of Al for the inverse design of metasurfaces*>** proved
its potential using linear DNNSs, generative models such as
GANs and autoencoders. However, the development from
science to technology requires real-world challenges to be
addressed®. Limitations in data collection, model general-
ization, and interpretability provide research directions that
could be influential in the future. Scalable nanofabrication is
a bottleneck in the commercialization of metasurfaces, while
nanoimprint lithography in roll-to-plate and roll-to-roll
systems have been demonstrated®!®, large scale fabrication
and meta-atom level modulation remain key engineering
hurdles that could require the collaboration between indus-
try and academia, across various fields. AI could play a lead-
ing role in the optimization and control of the design and
fabrication processes for real-world applications, potentially
overcoming these hurdles. The integration of Al to analyze
and interpret how metasurfaces interact with light for the
creation of next generation sensing and imaging applica-
tions open new possibilities in metaphotonics at the system
level and could alleviate the need for highly trained experts
to perform measurements. This has been exemplified
recently by end-to-end optimized systems, and autonomous
metasurfaces that are able to actively reconfigure their prop-
erties based on external stimuli, all controlled by Al. With
the potential of XAI to uncover new physics at the
nanoscale, LLMs for interactive design systems, and on-chip
photonics for optical and quantum computing, the active
research area of Al-enhanced metasurfaces provides a
powerful intersection between two state-of-the-art technolo-
gies for fundamental research and technology development.
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