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O P T I C S

A multi-agentic framework for real-time, autonomous 
freeform metasurface design
Robert Lupoiu1, Yixuan Shao1, Tianxiang Dai1, Chenkai Mao1, Kofi Edée2, Jonathan A. Fan1*

Innovation in nanophotonics currently relies on human experts who synergize specialized knowledge in photon-
ics and coding with simulation and optimization algorithms, entailing design cycles that are time-consuming, 
computationally demanding, and frequently suboptimal. We introduce MetaChat, a multi-agentic design frame-
work that can translate semantically described photonic design goals into high-performance, freeform device 
layouts in an automated, nearly real-time manner. Multistep reasoning is enabled by our Agentic Iterative Mono-
logue paradigm, which coherently interfaces agents with code-based tools, other specialized agents, and human 
designers. Design acceleration is facilitated by Feature-wise Linear Modulation–conditioned Maxwell surrogate 
solvers that support the generalized evaluation of metasurface structures. We use freeform dielectric metasur-
faces as a model system and demonstrate with MetaChat the design of multiobjective, multiwavelength metasur-
faces orders of magnitude faster than conventional methods. These concepts present a scientific computing 
blueprint for using specialist design agents, surrogate solvers, and human interactions to drive multiphysics in-
novation and discovery.

INTRODUCTION
Optical metasurfaces control light through engineered diffraction, 
enabling a wide variety of advanced imaging (1, 2), display (3, 4), 
and sensing systems (5, 6). The metasurface design process presents 
unique opportunities and challenges in scientific computing, as it 
leverages intricate relationships between the subwavelength-scale 
geometric structure and the electromagnetic response (7–11). Con-
sequently, substantial efforts have been made to navigate this expo-
nentially large design space (12–19). Conventionally, photonic design 
tasks in both academic and industrial settings involve subject ex-
perts who apply prior knowledge and experience to propose and 
simulate candidate device concepts (20). These approaches include 
heuristic algorithms that leverage physical insights and approxima-
tions to efficiently explore the photonic design space (21–25), as well 
as gradient-based methods that iteratively refine designs by optimiz-
ing a differentiable figure of merit (FoM) (19, 26–31). While existing 
workflows have been effective at advancing the field, they require ex-
tensive time and resources to train personnel, ideate, code, and ex-
ecute full-wave simulation and design tasks. Furthermore, the need 
for nanophotonics expertise to perform advanced metasurface design 
has presented challenges for researchers in adjacent research fields to 
incorporate detailed metasurface concepts into their workflows.

To this end, deep learning algorithms have been touted as next-
generation tools for transforming and streamlining the computer-
aided design process in the physical sciences, including in photonics 
(32, 33). In the realm of mathematical computing, neural networks 
have been developed to solve partial differential equations using ar-
chitectures ranging from physics-informed neural networks (34–
38) to Fourier neural operators (39–42), and they have been used to 
effectively perform end-to-end and iterative freeform optimization 
tasks (43, 44). For example, surrogate deep network solvers and op-
timizers have been demonstrated to accurately evaluate Maxwell’s 

equations and determine structure-function relations with orders of 
magnitude faster speeds (43, 45, 46). There have also been notable 
efforts to develop and integrate large language models (LLMs) with-
in the scientific computing pipeline. Using text-based descriptions 
of photonics device structures and their electromagnetic behavior, 
LLMs have been used to directly simulate relatively simple photon-
ics devices, such as predicting the spectra of periodic metasurfaces 
(47, 48) and multilayer thin film stacks (48, 49). While LLMs fine-
tuned on spectral regression can perform inverse design tasks, such 
as thin film stack optimization (48), this process is costly and data-
intensive compared to purpose-built deep learning architectures 
(47) and faces limitations with more complex structures, like peri-
odic elliptical metasurfaces (47). Thin film structure optimization 
has also been demonstrated using an LLM decoder-only transform-
er architecture that outputs multilayer thin film structures on the 
basis of optical design target inputs (49). Instead of directly simulat-
ing electromagnetic behavior with an LLM, orchestration frame-
works leverage the inherent nanophotonics intelligence of LLMs to 
call surrogate solvers and other tools, which can be more physically 
rigorous and unconstrained by the requirement of a token-based in-
terface, to perform more complex simulation and design tasks. These 
frameworks have demonstrated using LLMs to support the semantic 
interpretation of designer needs (50–52), fuse scientific knowledge 
with the design process (48, 50, 53), and assist in detailed coding 
tasks (52). To date, LLM frameworks have been used to assist in 
tasks in a diverse range of physical science topics, such as the design 
of materials (50), optical fibers (51), and laser cavities (52).

While there has been remarkable progress in augmenting pho-
tonics design with the data sciences, it is challenging to extend the 
functionality of these concepts toward nontrivial use cases. Deep 
learning–based mathematical computing algorithms remain highly 
specialized and cannot account for the diversity of physical param-
eters required to describe practical photonic systems. LLM design 
frameworks for physical sciences largely serve as planners or wrap-
pers with user-friendly interfaces (51, 52). These are built around 
the decomposition of problems into logical steps and the preplanned 
use of external tools (Fig. 1A) (50, 51), leading to the rigid and 

1Department of Electrical Engineering, Stanford University, Stanford, CA 94305, 
USA. 2Institut Pascal, CNRS, Clermont Auvergne INP, Université Clermont Auvergne, 
F-63000 Clermont-Ferrand, France.
*Corresponding author. Email: jonfan@​stanford.​edu

Copyright © 2025 The 
Authors, some rights 
reserved; exclusive 
licensee American 
Association for the 
Advancement of 
Science. No claim to 
original U.S. 
Government Works. 
Distributed under a 
Creative Commons 
Attribution License 4.0 
(CC BY). 

ERRATUM PUBLISHED 6 FEBRUARY 2026; SEE LAST PAGE
D

ow
nloaded from

 https://w
w

w
.science.org at Stanford U

niversity on M
ay 06, 2026



Lupoiu et al., Sci. Adv. 11, eadx8006 (2025)     31 October 2025

S c i e n c e  A d v a n c e s  |  R e s e ar  c h  A r t i c l e

2 of 18

sequential execution of LLM-generated instructions. While many of 
these tools claim to be agentic, they do not constitute a design 
framework featuring true agency, which embodies intentionality, 
forethought, self-regulation, and self-reflectiveness (54). Thus, they 
lack the capability of acting on intermediate thoughts or autono-
mously adapting actions on the basis of feedback from interactions 
with tools, other agents, or the human user.

We present a multi-agentic computer-aided design framework, 
called MetaChat, which combines true agency with millisecond-
speed deep learning surrogate solvers to automate and accelerate 
photonics design. We show that MetaChat is capable of performing 
complex freeform design tasks in nearly real time, as opposed to 
days to weeks required by the manual use of conventional comput-
ing methods and resources. This immense acceleration in scientific 

computing capability not only pushes the speed of innovation and 
design discovery to new levels but also enables MetaChat to rapidly 
experiment, autonomously course correct, and seek feedback from 
the user on quick timescales that permit practical, interactive hu-
man engagement. These agentic capabilities are enabled by a key 
concept that we propose, Agentic Iterative Monologue (AIM), an 
agentic system designed to seamlessly automate multiple-agent col-
laboration, human-designer interaction, and computational tools 
(Fig. 1B). We additionally propose a semigeneral full-wave surro-
gate solver, termed Feature-wise Linear Modulation (FiLM) WaveY-
Net, which supports conditional full-wave modeling—enabling 
simulations with variable conditions, including source incident an-
gle, wavelength, material, and device topology—while maintaining 
high fidelity to the governing physics. We focus MetaChat on the 

Fig. 1. MetaChat agentic framework for autonomous metasurface design. (A) Standard paradigms for creating LLM assistants. (Left) Standard prompting instructs the 
LLM to assume a certain role for each response, which is generated directly from a given input query. (Right) In COT prompting, the LLM is further instructed to explicitly 
break down the input request into multiple steps before responding, which structures its internal reasoning to help maintain coherence for complex queries. External tool 
calls can be invoked in a noniterative, single-shot manner. (B) The AIM prompting strategy creates agents that refine their intermediate responses through self-dialogue, 
autonomously leveraging feedback from external tools, agents, and the human designer at multiple stages to optimize the final answer. (C) Overview of the MetaChat 
framework. AIM Design (b) and Materials Expert (c) Agents iteratively interface with high-speed metasurface optimization and design algorithms, Python computing 
packages, and the human user to process semantic user inputs (a) into outputted metasurface design files (d) in nearly real time.
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design of two-dimensional dielectric metasurfaces, although the 
concepts can be readily adapted and generalized to other photonic 
device domains. With MetaChat, we demonstrate the automated de-
sign of multiobjective, multiwavelength metalenses and deflectors 
with efficiency levels that match or surpass those previously report-
ed in the literature.

A more detailed overview of MetaChat is shown in  Fig.  1C. 
MetaChat consists of an AIM Design Agent, which performs de-
tailed metasurface design, and an AIM Materials Expert Agent, 
which is specialized in optical material properties and can perform 
candidate material identification. The agents autonomously engage 
with the human designer through a chat-like interface, with each 
other, with a variety of external tools, and with themselves through 
self-thought. In this way, they each continually update their course 
of action on the basis of intermediate results and feedback. The AIM 
Design Agent uses a suite of application programming interfaces 
(APIs) to leverage FiLM WaveY-Net and gradient-based freeform 
optimization algorithms. The AIM Design Agent also has access to a 
coding environment equipped with compute packages commonly 
used by human designers during the design and validation process. 
These packages include scientific computing tools capable of rigor-
ous numerical and matrix-based calculations, symbolic solvers that 
enable equation manipulation and analytical solving capabilities, 
conventional numerical Maxwell solvers, and visualization packages 
that generate graphical outputs for human designer interpretation. 
The Materials Agent is capable of generating context-dependent re-
sponses to questions that typically have multiple viable solutions by 
using structured query language (SQL) to traverse an information-
rich database, overcoming the limitations of traditional lookup table 
approaches that would suffer from the one-to-many problem.

RESULTS
Agentic autonomous nanophotonics designers
The heart of MetaChat is the AIM paradigm for creating LLM-
driven agents that excel at scientific reasoning and design (Fig. 1B). 
AIM treats each of its outputs as an intermediate thought by default, 
from which external tool interactions, conversations with other 
agents, and dialogue with human users are iteratively and autono-
mously self-invoked using output tags. AIM builds on ReAct and 
related frameworks (55,  56), which interleave reasoning within a 
chain-of-thought (COT) trajectory with actions involving external 
tools but which are constrained by a rigid response format that di-
minishes the agent’s ability to interact fluidly with human users and 
other agents. AIM is particularly well suited as an agentic design 
assistant because it is capable of refining and correcting outcomes 
on the basis of external feedback and is able to converse with expert 
agents and the human user equally naturally.

AIM derives its agency from a carefully designed prompt, which 
is presented in Materials and Methods and detailed in the Supple-
mentary Materials. AIM is distinguished from other agentic frame-
works (55, 56) by its unconstrained outputs that are each treated as 
an intermediate iterative monologue thought of the agent, with any 
tool use or chats with other agents being mediated by HTML-like 
tags. This recursive monologue loop continues until it is broken 
with a self-outputted response tag, which channels the final re-
sponse to the user. Within this iterative process, AIM realizes the 
core factors of true agency (54). Like basic assistant LLMs, inten-
tionality is achieved by assigning a clearly defined, purpose-driven 

identity, in this case as an expert assisting users with optics and pho-
tonics problems. Forethought is realized using established COT 
prompting techniques, which explicitly instruct the LLM to think 
step by step and break down complex problems into a plan before 
solving. AIM achieves the final two conditions for agency in a flexi-
ble manner that is compatible with human designer collaboration by 
imposing the default state behavior of internal monologue. Self-
regulation is achieved via the built-in feedback loop that enables the 
agent to monitor and adjust its processes through tool and optimiza-
tion output analysis. Self-reflectiveness is fulfilled by the internal 
dialogue through which the agent assesses its own reasoning to re-
fine its decision-making trajectory. AIM’s intrinsic self-regulation, 
facilitated by iterative self-reflection, enables precise agent-driven 
multistep scientific computing, circumventing the rigidity associat-
ed with executing predetermined plans lacking intermediate result 
feedback (50, 51) or requiring granular human expert intervention 
throughout the decision-making process (57).

AIM-enabled MetaChat is implemented via a full stack applica-
tion architecture that integrates a local front-end interface for hu-
man designers, a local back end for orchestrating business logic, an 
LLM server, and a graphics processing unit (GPU)–accelerated ma-
chine learning server for hosting ancillary neural networks, such as 
surrogate solvers. The block diagram in Fig. 2A illustrates the se-
quentially numbered information flow within MetaChat. The pro-
cess starts with initiation of the agentic workflow by the user with a 
query into the local front-end user interface. The query is passed to 
the Design Agent in the local back end and appended to its context, 
which consists of the full conversation history among the user, the 
Design Agent, and other agents, along with a prompt instructing the 
LLM about its photonics design assistant persona, available tools, 
and expected behavior. The Design Agent context is then passed to 
the LLM server, where next-token prediction iteratively constructs 
the response string (58, 59). The response includes tagged place-
holders, which are programmatically parsed to facilitate Design 
Agent interactions with other agents, coding tools, and ancillary 
neural networks, such as surrogate solvers via API calls. The Design 
Agent has the ability to iterate on the results with itself, other agents, 
and tools until it is ready with a response that is passed back to the 
front-end user interface, where it is processed into a human-readable 
format. The response also includes hyperlinks to the back-end data-
base where any solutions are stored.

To evaluate the performance of our AIM designer, we establish 
and use the Stanford nanophotonics benchmark. This benchmark 
was developed because of the lack of standardized evaluation met-
rics for photonics design, and it comprises 101 diverse problems in 
photonics, electromagnetics, and optical engineering distributed in 
five categories: direct calculation, multistep calculation, material 
search, direct function call, and multistep function call (Fig.  2B). 
Each problem is carefully designed to test framework capabilities in 
a standalone, autonomous environment without human designer 
input. Database-specific problems, such as element counting or cita-
tion reporting, are an important part of the benchmark because they 
evaluate the multi-agentic capability of MetaChat’s Design Agent to 
delegate problems correctly to the Material Expert Agent and the 
latter’s proficiency in generating accurate SQL queries. The distribu-
tion of the problems is visualized in Fig. 2C by plotting the first two 
UMAP (uniform manifold approximation and projection) dimen-
sions of the question string embeddings (59, 60). Several clusters of 
common problems present in the dataset emerge that are commonly 
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Fig. 2. Photonics design agent evaluation on a graduate-level nanophotonics knowledge and optimization benchmark. (A) Block diagram detailing the sequen-
tially numbered flow of information in a MetaChat query. User queries are submitted through the local front end and processed by the back end with the assistance of 
local databases and coding tools. The back end communicates with externally hosted LLM and GPU-accelerated servers for natural language processing and near–real-
time numerical optimization, respectively. (B) Problem category distribution in the Stanford graduate student–generated benchmark. (C) 2D UMAP projection of all 101 
problem embeddings. Each plotted problem is color coded on the basis of its benchmark category. (D) AIM and LLM assistant ablation study using the Stanford nanopho-
tonics benchmark. Green bars indicate the percentage of correct answers. (E) AIM ablation study across the five problem categories of the Stanford nanophotonics 
benchmark. AIM, equipped with both tools and access to the Materials Expert Agent, achieves the highest scores consistently across all five categories, with the most 
substantial improvement observed in the multistep function call category. (F) AIM LLM driver performance evaluation using the Stanford nanophotonics benchmark. Bars 
indicate the percentage of correct answers, with the best-performing LLM being the closed-source GPT-4o (81%). (G) AIM LLM driver performance evaluation across the 
five problem categories of the Stanford nanophotonics benchmark. GPT-4o is the best-performing model, and it is the only one to achieve consistently high scores across 
all five categories.
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encountered by nanophotonics engineers, including metalens de-
sign and material permittivity queries. The center of Fig. 2C compris-
es 37 points that represent general photonics engineering problems 
that cannot be grouped with a particular commonly encountered 
class. The structured question-answer format of the benchmark en-
ables the comprehensive and quantitative assessment of the perfor-
mance of agentic frameworks and their underlying LLMs.

We first use the evaluation benchmark to quantify the perfor-
mance of AIM with respect to alternative assistant LLM approaches 
and to assess the utility of MetaChat’s supporting tooling via abla-
tion studies (Fig. 2, D and E). GPT-4o is used as a common LLM 
backbone. In this assessment, database element count query ques-
tions are withheld because of their specificity to the Materials Agent 
Database, but we note that the AIM Materials Expert Agent is able 
to address these problems with 100% accuracy. The baseline score of 
a vanilla LLM assistant that outputs an answer directly (Fig. 1A, left) 
is 61.1%. Through the vanilla COT prompting strategy (61), without 
access to any external tools or the Materials Agent, the score in-
creases to 68.9%. Unexpectedly, this score drops to 63.0% after tools 
and Materials Agent access are added to the COT assistant (Fig. 1A, 
right). This drop in performance is attributed to the requirement for 
a more complex prompt containing tools and Material Agent use 
instructions, which the one-shot LLM cannot leverage to its advan-
tage because of diminished instruction-following performance with 
longer prompt size and errors arising from tool interactions on que-
ries the LLM could otherwise answer directly.

Our AIM designer (Fig. 1B), on the other hand, is able to take 
advantage of external tools and agents to more accurately solve 
problems. The base score of AIM without any external helper tools 
or Materials Agent access is 67.8% and comparable to that of vanilla 
COT despite the fact that our AIM designer uses a substantially lon-
ger and more complex prompt than that used for the vanilla COT 
assistant. Its performance further improves after adding either tools 
(72.2%) or the Materials agent (78.0%), and with both combined 
external resources, the AIM designer achieves a maximum score of 
81.0%. With access to both tools and the Materials Agent, the AIM 
designer consistently achieves high scores across all five categories 
of the evaluation benchmark (Fig. 2E). AIM outperforms ablated 
versions and baseline measures most in the multistep function call 
category of benchmark problems (Fig. 2E), indicating a higher pro-
pensity to maintaining long-term coherence in the face of multistep 
calculations and function calls. In particular, the agentic approach 
succeeds in cases where the preplanned, one-shot COT assistant en-
counters tool-calling errors during multistep function and API calls 
because of AIM’s ability to interpret error messages and feedback to 
dynamically adjust its strategy and to iteratively retry interactions 
with external tools. These results underscore the importance of the 
self-regulation property of a truly agentic system, which is a capabil-
ity not present in rigid preplanning or wrapper-type approaches to 
interfacing with design tools.

To evaluate the impact of LLM type on AIM designer perfor-
mance, we perform our evaluation benchmark on seven different 
state-of-the-art LLM models. This assessment is important to per-
form for our application, as most LLM model benchmarks focus on 
single-shot, direct responses that are reflective of more typical chatbot-
type tasks that are grounded by a human at each step (62, 63). In 
contrast, our AIM designer has particular demands in instruction 
following, function calling, context size, and long-term coherence 
for multistep scientific computing task automation. The results are 

summarized in  Fig.  2 (F and G). We determine that OpenAI’s 
closed-source GPT-4o outperforms all tested models. Meta’s open-
source Llama 3.3 70B model achieves a score of 67.0%, which comes 
the closest to the state-of-the-art score achieved by GPT-4o. These 
results indicate that model size is not predictive of agentic driver 
performance. We further find that performance does not track with 
commonly well-regarded LLM benchmarks. For example, Anthropic’s 
closed-source Claude 3.5 Sonnet, which is widely regarded as a top-
performing LLM model (62), performs substantially worse than 
GPT-4o, Llama 3.1 405B, and Llama 3.3 70B. In addition, Anthropic’s 
models consistently underperform both GPT-4o and Llama 3.3 70B 
in more complex multistep function calls, as well as in multistep and 
direct calculations (Fig. 2G). These observations indicate the im-
portance for our AIM agents to interface with LLM models that sup-
port long-term coherence and excellent function-calling capability 
to agentically achieve correct answers. We hypothesize that the better-
performing LLMs in Fig. 2F have a relative overrepresentation of 
function call and numerical calculation examples in their respective 
training processes.

Ultrafast electromagnetic simulations with FiLM WaveY-Net
The high-speed surrogate full-wave solver is the mathematical com-
puting engine driving MetaChat. New deep learning architectures 
are required, as existing direct deep learning surrogate Maxwell solv-
ers are too specialized and unable to support generalized capabilities 
to the degree required for practical MetaChat functionality. We pro-
pose FiLM WaveY-Net, a semigeneral full-wave solver of metasur-
face superpixels that supports the ultrahigh-speed simulation of 
freeform aperiodic dielectric metasurfaces (Fig. 3A). Superpixels are 
defined to be wavelength-scale metasurface scatterer sections (Fig. 3B) 
that can be stitched together to produce a large area, functional free-
form metasurface (28, 64). Compared to strategies based on the 
stitching of meta-atoms, our superpixel strategy accounts for near-
field coupling between neighboring nanostructures and their arbi-
trary positioning, making it ideal for freeform metasurface design 
tasks. To train FiLM WaveY-Net, 270,000 examples of ground truth 
training data are produced using a finite-difference frequency domain 
(FDFD) simulator (65). The superpixels comprise dielectric ridges 
placed over a glass substrate, and perfectly matched layer (PML) 
boundary conditions are used at all sides of the simulation domain 
(Fig. 3B). The superpixel parameters are uniformly sampled from 
the ranges listed in Fig. 3C, with half of the dataset positioning the 
illumination source below the superpixel structure within the glass 
substrate and the other half above the structure in air.

The FiLM WaveY-Net architecture builds on previous surrogate 
frequency domain full-wave solver architectures (43, 45, 46, 66), 
where it was shown that convolutional neural networks could be 
trained to accurately simulate dielectric metasurface structures but 
which were limited to highly specific input source conditions. With 
FiLM conditioning (67), the source wavelength and incident angle 
are inputted as explicit scalar inputs and are converted into feature-
wise affine modulation parameters via learned linear transforma-
tions. These parameters modulate intermediate feature maps at each 
decoding block in the base UNet architecture. Spatial information 
about the source position is provided through two additional input 
channels corresponding to the real and imaginary components of 
the source, alongside the original dielectric structure channel, to the 
convolutional neural network. A key feature of FiLM conditioning 
that enables generalized solving capabilities is that it enables the 
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central convolutional block’s encoded dielectric structure represen-
tation to be adaptively decoded into a source-specific field response. 
Functionally, FiLM conditioning facilitates precise source depen-
dency by effectively projecting generalized decoding parameters 
onto distinct hyperdimensional subspaces that are unique for each il-
luminating source. We use FiLM conditioning to extend our surrogate 

solving capabilities to the accurate evaluation of a wide range of de-
vice heights, binary and grayscale dielectric material configurations, 
device topologies, illumination wavelengths, and illumination an-
gles (Fig. 3C).

FiLM WaveY-Net can be configured within a fully differentiable 
end-to-end pipeline for the simulation of freeform superpixels with 

Fig. 3. FiLM WaveY-Net full-wave surrogate solver with support for variable sources and structures. (A) FiLM WaveY-Net is composed of a UNet backbone aug-
mented by learned source parameter–dependent affine transformations that modulate its decoding blocks. The Stratton-Chu method computes far-field scattering pro-
files from the outputted full-wave near fields. (B) FiLM WaveY-Net data simulation domain. The red dashed line indicates the PML boundaries. The black dashed line 
indicates the center section of the domain input to the network. The solid red line indicates the location of forward sources, and the solid blue line indicates the location 
of backward sources. (C) Ranges of the variable quantities in the FiLM WaveY-Net training set. (D) Overview of the differentiable neuroparameterization framework for 
defining superpixel geometry. The input spatial coordinates x are mapped into a higher-dimensional space using rotary positional encoding. The encoded coordinates 
are then passed through a multilayer perceptron, which learns an implicit SDF representation of the design. (E and F) Samples of FiLM WaveY-Net surrogate simulation 
results (left) and complex percentage error between the predicted and ground truth magnetic fields (right). (G) Test loss as a function of the variable source parameters: 
incidence angle (blue) and wavelength (red). (H) Violin plot distributions of test loss across the full range of structure-related input parameters: grayscale temperature 
(blue), maximum permittivity (green), height (orange), length (purple), and number of ridges (red). Each parameter range is divided into six bins for direct comparison. 
The bottom quartile, median, and top quartile are indicated with black horizontal lines. (I) FiLM WaveY-Net ablation study. The “Baseline” model inputs the structure only, 
the “Source-only” model inputs the source along with the structure, and the “Source+FiLM” model uses the FiLM conditioning technique in conjunction with the source 
and structure inputs to achieve a low loss that generalizes to the test set.
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customized far-field profiles, enabling the use of autodifferentiation 
to perform freeform gradient-based superpixel design. Superpixel 
layouts are parameterized using a neuroparameterization approach 
illustrated in  Fig.  3D, which encodes the geometry in a high-
dimensional neural signed distance function (SDF) representation 
(68). This approach enforces geometric constraints, such as mini-
mum feature size, without excessively limiting the optimization space. 
To enforce geometric constraints, geometric loss terms are inte-
grated into the optimization process and guide adjustments to the 
superpixel geometry through gradient backpropagation, thereby 
leveraging the differentiable nature of the neural SDF. Implemen-
tation details are provided in Materials and Methods and will be 
further analyzed in future studies. Evaluation of the superpixel elec
tromagnetic response is subsequently performed with FiLM WaveY-
​Net, which outputs the magnetic near-field response, and the electric 
near fields are computed using a discretized form of Ampere’s law. 
The complex scattering far-field response based on these near fields 
is evaluated using Stratton-Chu formalism (Fig. 3A, right). The neu
ral networks, Ampere’s law, and the Stratton-Chu calculations are 
all fully differentiable, enabling the use of gradient-based optimi-
zation via backpropagation to iteratively modify the superpixel 
geometric layout in a manner that pushes its complex far-field re-
sponse toward a desired pattern.

An evaluation of FiLM WaveY-Net showcases its generalizability 
and an accuracy level that is sufficiently high for inferred fields to be 
directly used in gradient-based optimization algorithms. An inspec-
tion of two randomly sampled structures and illumination condi-
tions is shown in Fig. 3 (E and F), illustrating the quality and low 
error level of representative outputted fields. A more systematic 
evaluation of FiLM WaveY-Net using a test set of 30,000 examples 
provides quantitative performance metrics. The angle-dependent 
test performance exhibits a steady normalized mean absolute error 
(MAE) averaging 0.055, with a slight increase to 0.062 at the ex-
tremity of the training set (Fig. 3G). This level of consistency indi-
cates that varying the source angle does not pose variability in 
training difficulty for FiLM WaveY-Net. The representation of wave-
length data in the training set is dynamically tuned on the basis of 
the wavelength-dependent test performance during training to ac-
count for variability in learning difficulty, which is due to the in-
crease in spatial information from higher source frequency illumination. 
Nonetheless, the final test MAE exhibits an inverse relationship with 
respect to wavelength, ranging from 0.098 to 0.043 across the 400- 
to 700-nm range (Fig. 3G). The test performance is consistent across 
the variable dielectric structure parameters, with each parameter 
exhibiting the same mean of 0.06 normalized MAE across its entire 
parameter range and with 90% of samples exhibiting a loss under 
0.10 (Fig. 3H).

Ablation studies highlight the essential role that our FiLM condi-
tioning mechanism plays in ensuring robust network generalization 
to diverse source conditions (Fig.  3I). In the baseline evaluation 
without any explicit conditional input, the vanilla WaveY-Net archi-
tecture (43) is incapable of learning this ill-posed, one-to-many 
training task (Fig. 3I, blue traces). We also perform a benchmark 
evaluation in which source information is explicitly included in the 
channel input, making the training problem well posed. Nonethe-
less, this straightforward conditioning method is insufficient and 
the resulting trained networks exhibit substantial training set over-
fitting (Fig. 3I, red traces). Related conditioning strategies in which 
more explicit, learned feature maps are injected into the network 

also fail to generalize beyond the training set, as detailed in the Sup-
plementary Materials. FiLM WaveY-Net is qualitatively better and 
accurately maps conditional fields to corresponding input struc-
tures and sources without overfitting (Fig. 3I, green traces).

Autonomous design of multiwavelength, 
multiobjective metasurfaces
The programming interfaces that link the MetaChat AIM agents 
with FiLM WaveY-Net are APIs that are tailored to translate a de-
sired device function to a set of optimization objectives and full-
wave solver calls. For this study’s demonstrations, we limit the APIs 
to multifunctional metasurfaces serving as deflectors and lenses, al-
though the design and API frameworks can readily extend to more 
arbitrary wavefront responses. Deflectors are specified to produce 
transmitted linear phase responses, while lenses are specified to pro-
duce transmitted parabolic phase profiles. While these optical func-
tions are relatively basic, they are good model systems for our study, 
as it is highly nontrivial to effectively design efficient multifunction-
al devices with these capabilities. The API-enabled design strategy is 
shown in Fig. 4A. First, global metasurface phase responses are spec-
ified and quantified on the basis of the desired device function. In 
the case of multifunctional devices, sets of phase responses are spec-
ified for differing incident angles and wavelengths. Second, these 
spatial phase profiles are mapped to desired superpixel far-field scat-
tering profiles, which stitch together to specify the full metasurface 
response. The corresponding global FoM to be minimized, which 
produces the desired phase responses, is the negative sum of the 
complex electric field amplitudes for each superpixel at points in the 
far field where intensity is maximal. Our approach streamlines and 
generalizes multiobjective metasurface design, as all tasks map onto 
the same superpixel scattering profile optimization approach.

Our global FoM can be readily decomposed into independent 
superpixel FoMs that each specify an individual scattering profile 
design task, thereby enabling the independent and parallel design of 
each superpixel. Details pertaining to individual gradient-based su-
perpixel optimization are in Materials and Methods. Briefly, super-
pixels are initialized using our neuroparameterization framework 
and are specified as a random, high-temperature grayscale dielectric 
distribution. This distribution is evolved by iteratively evaluating the 
complex superpixel scattering profile using FiLM WaveY-Net and 
Stratton-Chu calculations and then using autodifferentiation and 
backpropagation to calculate gradients to the dielectric distribution 
in a manner that pushes the far-field response toward the desired 
profile. We use Adam gradient descent (69), and the temperature of 
the dielectric distribution is programmatically lowered over the 
course of optimization so that the final superpixels have discrete di-
electric values.

Our gradient-based optimization method is ultimately a local 
optimizer that is sensitive to its initialization; thus, improved re-
sults can be obtained by optimizing batches of superpixels with dif-
fering initializations and selecting the best structure. Such a strategy 
aligns with the strength of FiLM WaveY-Net, which has high speed 
and leverages GPU-supported batch parallelization. A Monte Carlo 
sampling analysis of superpixel FoM as a function of batch size for 
a typical design task (Fig. 4B), where the best final FoM achieved 
within a batch is plotted, shows the inherent tradeoff between de-
vice performance and computing resources. This tradeoff can be 
explicitly accounted for by the Design Agent depending on human 
designer needs.
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Fig. 4. Automated multiobjective metalens design via MetaChat. (A) Design strategy for metasurfaces using superpixel arrays. The FoM captures electric field magni-
tudes at the desired focal points, which is maximized by the constructive interference of complex scattering fields from all superpixels. (B) Expected minimum FoM versus 
sample size based on Monte Carlo sampling from 1000 optimization runs. The inset depicts the best superpixel far-field scattering profile (target amplitude: red line) from 
a batch size of 60, showing minimal side lobes. (C) Salient speech excerpts from the design conversation between the user, Design Agent, and Materials Expert Agent for 
the design of a dual-wavelength, multifunctional metasurface spanning 360 wavelengths. The Design Agent asks for clarification before engaging in self-thought and 
autonomous conversation with the Materials Expert Agent before executing the design process. (D) Final metalens design, comprising 100 superpixels that are each 
~3.5 wavelengths wide. (E) MetaChat visualization tool metalens simulation. The horizontal dashed line indicates the focal plane; vertical dashed lines indicate designed 
lateral shifts. (F) Normalized intensity in the metalens focal plane versus lateral position, featuring a 480-nm peak at 20 μm and a 680-nm peak at 0 μm. a.u., arbitrary units. 
(G) Execution time profiling of the design process. Design Agent iterations are in dark blue, and tool calls are in light blue. The API compute is in green, and plotting visu-
alization is in purple. This entire MetaChat design process takes 11 min, with the 300,000 FiLM WaveY-Net simulations accounting for 10 min. (H) Sixty parallel optimization 
trajectories for one of the metalens superpixels. The start of minimum feature size enforcement is indicated via the vertical dashed line. The trajectory that leads to the 
best-performing structure that is ultimately included in the metalens design is the red curve. The mean FoM is the blue curve.

ERRATUM PUBLISHED 6 FEBRUARY 2026; SEE LAST PAGE
D

ow
nloaded from

 https://w
w

w
.science.org at Stanford U

niversity on M
ay 06, 2026



Lupoiu et al., Sci. Adv. 11, eadx8006 (2025)     31 October 2025

S c i e n c e  A d v a n c e s  |  R e s e ar  c h  A r t i c l e

9 of 18

To illustrate how the AIM Design Agent interfaces with our gen-
eral API design framework, we task MetaChat to design a dual-
wavelength metalens (Fig. 4C). We input the following plain language 
design query: “Design a 180 μm wide TiO2 metalens focusing 
680nm and 480nm light to 100um. Offset the blue light 11.31deg to 
the right” (Fig. 4C, top). The Design Agent queries the user for miss-
ing thickness constraint information, followed by a string of self-
thoughts that lead to a Materials Expert Agent query. This chain of 
actions culminates in an API call that sets off 300,000 GPU-parallelized 
FiLM WaveY-Net simulations for the gradient-based optimization 
of a set of 100 superpixels (Fig. 4C, bottom). Each of the superpixels 
spans 1.8 μm in length and is constrained to support a default 40-nm 
minimum feature size, enforced by our neuroparameterization method 
(Fig. 4D, top). Once the superpixel optimization process is completed, 
the superpixels are stitched together to form a fully aperiodic met-
alens (Fig. 4D, bottom). With MetaChat’s visualization tools, the 
metasurface far field is plotted using the angular spectrum method 
(Fig. 4E). As designed, the focal plane is situated at 100 μm, with the 
680-nm focal spot centered and the 480-nm focal spot offset by 20 μm. 
The intensity along the focal plane is plotted in Fig. 4F and shows 
that the 680- and 480-nm peak lobes contain 57.1 and 49.7% of their 
respective total far-field energy scattering profile. These results com-
pare favorably with the performance of similar devices from previ-
ously reported related demonstrations (28, 70).

The timing analysis for the entire agentic design process of the 
metalens is presented in Fig. 4G. The agentic interactions, including 
self-thinking and Materials Expert conversation, are complete with-
in the first minute. With the computing resources allocated for this 
design problem, eight GPUs are used in parallel to complete the re-
quired 300,000 simulations in 10 min, after which plotting the final 
result is complete within 30 s. A similar metalens would take a knowl-
edgeable practitioner 5.03 days in compute time alone using a clas-
sical FDFD simulation approach on an 80-thread server (65). A plot 
of the FoM of 60 optimizations as a function of iteration number for 
a representative superpixel type is shown in Fig. 4H and shows the 
wide variance in superpixel performance given random device ini-
tialization and the need to parallelize large optimization batches to 
identify suitably highly performing device structures.

In a second demonstration, we use MetaChat to optimize a mul-
tiobjective, large numerical aperture metalens operating at red, green, 
and blue (RGB) wavelengths with the query in Fig. 5A. The 540-nm 
green focal point is instructed to be centered, and the 670-nm red 
and 450-nm blue focal points are instructed to be offset by 30 μm 
to the left and right, respectively. The focal plane is specified to be 
100 μm above the device for each spot. The metalens is specified to 
be 200 μm wide and is decomposed into 111 superpixels. The far 
field of the optimized metalens is plotted in Fig. 5B, illustrating the 
design’s success in shaping the wavefront of the three wavelengths 
into their intended focal points. The field intensity along the focal plane 
is plotted in Fig. 5C, indicating a state-of-the-art level of signal-to-
noise ratio at the correctly positioned focal points (28, 70).

Last, we demonstrate that MetaChat can be used to design highly 
directional multiobjective, multiwavelength deflectors. For exam-
ple, a beam splitter with arbitrarily engineered directions (Fig. 5E, 
top) can be designed with the user query from Fig. 5D. The resulting 
field is simulated using FDFD (Fig. 5E, bottom), and the far-field 
intensity is plotted using the Stratton-Chu near-to-far field transfor-
mation (Fig. 5F), showing that the normally incident light is simul-
taneously deflected to 10° and 30°. MetaChat can readily generalize 

these design tasks for sources that are normally incident (Fig. 5, G 
and H) and obliquely incident (Fig. 5, J and K) onto the metasurface. 
Both of these examples exhibit the desired far-field behavior (Fig. 5, 
I and L) with favorable far-field efficiency levels compared to previ-
ously reported metasurface designs sharing similar objectives (71).

DISCUSSION
Nanophotonic devices, such as metasurfaces, have faced longstand-
ing barriers to widespread adoption, limiting accessibility primarily 
to domain experts because of the specialized knowledge, computa-
tional demands, and rigid optimization schemes that are traditionally 
required (20). In this work, we introduce MetaChat, a multi-agentic 
design platform that lays the foundation for agentic automated pho-
tonic computer-aided design. MetaChat leverages AIM, a novel 
paradigm for LLM-driven agency, to automate this computationally 
intensive process that is traditionally reliant on domain-specific ex-
perts. On a graduate-level agentic design benchmark for photonics, 
AIM demonstrates long-range coherence across multistep design 
problems that includes diverse scientific computing tool use and 
fluid human designer interactions. We show that the AIM Design 
Agent within the MetaChat framework is capable of achieving best-
in-class designs for multiobjective, multiwavelength metalenses and 
metasurface deflectors (28, 70, 71).

There are several promising avenues to further enhance Meta-
Chat’s capabilities. While our benchmark results demonstrate that 
prompt engineering is an effective strategy for AIM Agent develop-
ment, fine-tuning LLMs with the domain-specific literature (72–74) 
can substantially improve the capabilities and accuracy of AIM for 
complex, multistep tasks. This is especially valuable in MetaChat-
specific generalized reinforced policy optimization fine-tuning on 
long-term structured reasoning chains (75, 76) with tool use in the 
loop. Increased agentic design autonomy can allow the agent to de-
sign optimal FoMs for achieving each unique user-queried design 
task. From a design interface perspective, multimodal LLMs can be 
integrated into the MetaChat framework to allow image-based in-
struction of the model to specify design preferences and constraints 
(50, 77, 78). We ultimately envision the expansion of our multi-
agentic and modular MetaChat framework to an ecosystem of spe-
cialized agents that supports broader multiscalar design capabilities 
within optics and photonics. To name a few examples, such agents 
can specialize in and use differential models for ray tracing, global 
optimization, and fabrication constraints. We anticipate that through 
open-source initiatives in the photonics community (79, 80), Meta-
Chat’s capabilities can be continuously evaluated, expanded, and 
tuned to reflect the evolving design needs of practitioners in indus-
try and academia (62, 63, 81).

The concept of augmenting specialized, LLM-driven agents with 
ultrafast and physically accurate surrogate solvers presents substantial 
opportunities for accelerating progress in applied physics research in 
both industry and academia. For metasurfaces and nanophotonics in 
particular, MetaChat will particularly benefit adjacent research com-
munities, ranging from astrophotonics and atomic physics to aug-
mented and virtual reality (AR/VR), where there is broad interest 
but limited expertise in implementing detailed nanophotonic solu-
tions. We anticipate even broader implications in the development 
and merging of ultrafast surrogate solvers with multi-agentic frame-
works, where LLM agents can be used not only to generate novel 
scientific hypotheses (82) but also to modify these hypotheses in 

ERRATUM PUBLISHED 6 FEBRUARY 2026; SEE LAST PAGE
D

ow
nloaded from

 https://w
w

w
.science.org at Stanford U

niversity on M
ay 06, 2026



Lupoiu et al., Sci. Adv. 11, eadx8006 (2025)     31 October 2025

S c i e n c e  A d v a n c e s  |  R e s e ar  c h  A r t i c l e

10 of 18

real time. These concepts extend beyond photonics and can be lev-
eraged in multiphysics applications where agents can dynamically 
interleave solvers for different applied science domains to design 
entire novel systems. Furthermore, surrogate solver-augmented agen-
tic frameworks can be coupled with robotic experimental environ-
ments, enabling automated end-to-end optimization of design and 
experimental validation (83–86). This holds particularly exciting 
implications for the physical sciences as a whole, as it presents an 
unprecedented opportunity to push the boundaries of science using 
an infinite supply of ultrafast agentic intelligence.

MATERIALS AND METHODS
Stanford nanophotonics benchmark
The evaluation benchmark for assessing photonics design reasoning 
capabilities was developed collaboratively by four Stanford graduate 
students who specialize in metasurface and photonics device opti-
mization, with authorship for each question attributed in the data 
bank provided in the Supplementary Materials. There are a total of 
101 problems spanning photonics and optical design problems across 
five reasoning categories: direct calculation, multistep calculation, 
direct function call, multistep function call, and material search. 

Fig. 5. Autonomous optimization of multiwavelength, multiobjective metalenses and deflectors. (A) Query for the MetaChat design of an RGB metalens with a 
30-μm lateral shift between the three focal points. (B) Spectrally color-mapped far-field power profile of the optimized metalens, plotted using MetaChat visualization. The 
dashed horizontal line indicates a common focal length of 100 μm, and the dashed vertical lines indicate lateral positions of -30, 0, and 30 μm relative to the center for the red, 
green, and blue focal points, respectively. (C) Normalized intensity in the metalens focal plane as a function of lateral position for the device in (B). (D) Design query for a dual-
peak, single-wavelength beam deflector with normal incidence. (E) (Top) 550-nm light normally incident on the five stitched binarized superpixels optimized via MetaChat to 
simultaneously deflect to 10° and 30°. (Bottom) Rigorous FDFD-calculated near-field response. (F) Far-field response of the five-superpixel deflector designed to scatter 
550-nm normally incident light to 10° and 30°. (G) Design query for a dual-wavelength, single-direction beam deflector with normal incidence. (H) (Top) 480- and 680-nm light 
normally incident on the five stitched binarized superpixels optimized via MetaChat to deflect both wavelengths to 19°. (Middle and bottom) Rigorous FDFD-calculated 
near-field responses for both wavelengths. (I) Far-field response of the dual-wavelength five-superpixel deflector designed to scatter 480- and 680-nm normally incident light 
to 19°. (J) Design query for a dual-wavelength, single-direction beam deflector with oblique incidence. (K) (Top) 480- and 680-nm light obliquely incident at 15° on the five 
stitched binarized superpixels optimized via MetaChat to deflect both wavelengths to 34°. (Middle and bottom) Rigorous FDFD-calculated near-field responses for both 
wavelengths. (L) Far-field response of the dual-wavelength five-superpixel deflector designed to scatter 480- and 680-nm obliquely incident light to 34°.
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These are organized in a JSON file that includes metadata, the prob-
lem statement, expected approach, and the final answer. Evaluation 
is automated using a “grader LLM” powered by GPT-4o to ensure 
uniformity and objectivity in grading and completed using the 
pass@3 standard, as outlined in the Supplementary Materials (87).

The LLM versions and parameters tested in the LLM driver com-
parison study (Fig. 2F) are tabulated in Table 1. The temperature 
analysis study that determined that a temperature of 0.0 results in the 
highest performance is included in the Supplementary Materials.

Engineering of the AIM design agent
As outlined in Fig. 1B, the AIM Design Agent is composed of an 
LLM that is prompted to assume the role of a photonics expert and 
autonomously interact with the human user, tools, design APIs, and 
expert agents. The prompt is designed to implement AIM by provid-
ing instructions to treat each LLM inference as a self-thought that is 
fed back as an input in the next cycle, with other interactions requir-
ing the explicit use of tags. For optimal performance, the prompt 
further features COT prompting that instructs the agent to break 
complex problems into manageable chunks and to think step by step 
before responding. In-context learning is also used, which provides 
explicit examples of how to use the tools and APIs the agent can in-
teract with. The “production” prompt integrated into the full stack 
application outlined in Fig. 2A is provided in the Supplementary 
Materials. The AIM Design Agent prompt used for evaluation using 
the Stanford nanophotonics benchmark is presented in Box 1. Dall-E 
was used to generate the images depicting the agents and human 
designer in Figs. 1, 4, and 5. The prompt used was, “Generate an 
image of a scientist agent robot for a scientific study, square aspect 
ratio. Make it simple and friendly, with just the bust visible, not the 
legs as well. Use a rounded square for the head.”

Engineering of the AIM materials expert agent
As illustrated in Fig. 1C(c), the Materials Expert Agent fulfills 
materials-specific questions by querying a SQL database containing 
material property information from refractiveindex.info. The data-
base schema is detailed in the Supplementary Materials. The Materials 
Expert Agent prompt includes the schema, along with instructions 
on how to interact with the database through the SQL code. Infor-
mation is also provided on how to use external functions for inter-
polating tabulated data on the basis of the formula type encountered 

in the database. These instructions are solidified using explicit 
examples as part of an in-context learning prompting strategy. The 
AIM Materials Expert Agent prompt is presented in Box 2.

FiLM WaveY-Net architecture
The surrogate solver is constructed using a modified UNet architec-
ture backbone because of its strong capabilities for pixel-to-pixel 
regression tasks in electromagnetics (43, 45, 88). The convolutional 
input accepts three channels: the dielectric structure map, the real 
source component, and the imaginary source component. The net-
work’s output consists of two channels: the real and imaginary com-
ponents of the Hz field. The UNet backbone is composed of five 
downconvolution blocks, five upconvolution blocks, and the center 
encoded representation convolution block, with skip connections 
that transfer feature maps from the encoder blocks to the decoder 
blocks at the same resolution level. Each convolution block is com-
posed of six layers, which consist of a convolution operation fol-
lowed by batch normalization (89) and leaky ReLU (rectified linear 
unit) activation (90), with the feature map computed after the first 
convolution being added to the last layer via a residual connection 
(91). An initial kernel count of 16 is used, which is doubled at each 
resolution level. Max pooling is used for downsampling and nearest-
neighbor interpolation for upsampling.

FiLM conditioning is applied to the center and upconvolution 
blocks, which are responsible for decoding the feature representa-
tion of the input into the corresponding field. There is one FiLM 
layer for each block, which is composed of a single fully connected 
layer that learns a mapping between the inputted source angle and 
wavelength values to parameter scaling, � , and shifting, � , values. 
These are then applied to modulate the feature maps using

where x is the feature map. In this way, the conditioned network is 
capable of explicitly modulating its decoding features on the basis of 
the parameters of the source illuminating the inputted dielectric 
structure.

Training data generation
Training data for FiLM WaveY-Net is generated using Ceviche 
FDFD (65). First, superpixels are randomly generated using the pa-
rameters outlined in Fig. 3C, with the reparameterization approach 
described by Chen et al. (92) to enforce minimum feature size con-
straints of 30 nm. The domain size is 350 by 500 voxels, with a reso-
lution of 10 nm per voxel. A 60-pixel-wide PML boundary condition 
is used. The substrate is made of SiO2, with a refractive index of 1.44. 
A total of 150,000 dielectric structures are generated. Two solutions 
are generated for each structure: one using a “forward” current 
source placed four voxels underneath the bottom of the superpixel 
and one using an “adjoint” current source placed 55 voxels above the 
substrate. In addition to the random angle and wavelength that both 
sources are assigned for each simulation, a random phase offset uni-
formly sampled from 0 to 2π is also applied to each simulation to 
simulate sources placed at arbitrary distances away from the super-
pixel. The transverse magnetic polarized simulation generates Hz , 
Ex , and Ey field components. Along with the permittivity distribu-
tion, ε , and the source map, J, are cropped in a 128 by 256–voxel 
window centered on the full superpixel simulation domain to form 
the neural network training data.

FiLM(x) = �⊙ x + � (1)

Table 1. Comparison of AI (artificial intelligence) language models. 
This table presents a comparison of various AI language models, including 
their provider, release date, maximum token limit, and temperature range.

Model name Provider Version date Temperature

 GPT- 4o OpenAI 2024-08-06  0.0

 GPT- 4o Mini OpenAI 2024-07-18  0.0

Claude 3 Opus Anthropic 2024-02-29  0.0

Claude 3.5 
Sonnet

Anthropic 2024-10-22  0.0

 Llama 3.1 405B Meta 2024-07-23  0.0

 Llama 3.3 70B Meta 2024-12-06  0.0

 Llama 3.3 8B Meta 2024-12-06  0.0
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Box 1. AIM Design Agent evaluation prompt.
You are an expert in optics and photonics engaging in a continuous 
conversation to help users

↪ with their optics and photonics questions.
You have iterative access to numpy, sympy, neural network-based 

design APIs, and a materials database
↪ expert.
You can talk to yourself and have an internal monologue. You can talk 

to the user using <chat> tags.
↪ Plan out tool use to use information gathered from the tools at 

subsequent iterations.
Guidelines:
0. Think step by step. Break down complex problems into steps and 

plan your approach before solving.
1. If you need to ask the user for more information, use <chat> tags.
2. If calculations are needed, write Python numpy code between 

<tool>scientific_compute</tool> tags
3. If symbolic manipulation is needed to e.g. solve for a variable or 

rearrange an equation because you
↪ are unsure, write Python sympy code between <tool>symbolic_

solve</tool> tags
4. Do not make assumptions based on common practices. If info is 

missing, ask the user for it using
↪ <chat> tags.
5. If you need to design a metalens or deflector, use these neural 

network tools:
IMPORTANT: Before beginning, check each parameter needed for the 

API call. If any info is missing,
↪ determine how you will figure it out. If you need user input, ask the 

user using <chat>
↪ up-front before continuing with anything else. DO NOT MAKE 

ASSUMPTIONS. ASK USING <chat>.
If a value is not provided, your next response must ask the user for it 

using <chat> tags. Do not
↪ make assumptions based on common values.
- For metalenses (1 to 2 wavelengths), use: <tool>neural_design
design_metalens(refractive_indices [list], lens_diameter [m], focal_

lengths [list, m],
↪ focal_x_offsets [list, m], thickness [m], operating_wavelengths [list, m])
</tool>
Note: The focal_x_offset is the x-offset of the focal point from the 

center of the lens. All list
↪ parameters must have the same length (1 or 2).
- For deflectors, use: <tool>neural_design
design_deflector(refractive_index, length [m], incident_angle [deg], 

deflection_angle [deg],
↪ thickness [m], operating_wavelength [m])
</tool>
6. If you need information about materials or their properties, you can 

chat with the materials expert:
<tool>materials_chat
Your question or message to the materials expert
</tool>
7. Return the final answer wrapped in <chat> tags. Make sure your 

code prints the final answer in the
↪ correct units
8. If no calculations are needed, simply state the answer directly
9. You can only use ONE type of tag per message
10. Make sure to convert intermediate results to the correct units 

before using them to prevent
↪ multiplication or function unit mismatch errors

11. After using a tool, analyze its output before proceeding. If there is 
an error, think carefully why

↪ it occured and fix the code to try again.
IMPORTANT: Any text not wrapped in tags will be treated as your 

internal thoughts and planning. Only
↪ text within <chat> tags will be shown to the user.
Make sure your response makes sense to the user based on their last 

message.
Examples:
1. Use available tools:
- Scientific computing: <tool>scientific_compute</tool>
- Symbolic solving: <tool>symbolic_solve</tool>
- Neural design: <tool>neural_design</tool>
- Materials expert chat: <tool>materials_chat</tool>
2. Respond to the user (Without wrapping in <chat> tags the user will 

not be able to see your
↪ response!):
<chat>
Your final answer or response to the user
</chat>
3. For neural network design (return the text you receive so the user 

can run the API call):
<tool>neural_design
design_metalens(refractive_index=2.7, lens_diameter=100e-6, 

focal_length=200e-6, thickness=500e-9,
↪ operating_wavelength = 800e-9)
</tool>
Example workflow:
1. Think about approach:
This problem requires calculating X, then checking material 

properties...
2. Use tools as needed:
<tool>scientific_compute
import numpy as np
wavelength = 500e-9
freq = constants.c / wavelength
print(f’Frequency: {freq:.2e} Hz’)
</tool>
For symbolic manipulation:
<tool>symbolic_solve
import sympy as sp
# Rearrange thin lens equation 1/f = 1/u + 1/v to solve for image 

distance v
f, u, v = sp.symbols(‘f u v’)
eq = sp.Eq(1/f, 1/u + 1/v)
solution = sp.solve(eq, v)[0]
print(f’v = {solution}’) # Should output: v = (f*u)/(u - f )
</tool>
3. Fix errors:
-The solution was returned in a different format than expected. I have 

to first access the dictionary
↪ in the list.
4. Chat with materials expert:
<tool>materials_chat
What materials would work well for X application?
</tool>
5. Provide final answer:
<chat>
Based on the calculations and material properties, the solution is...
</chat>

Continued
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FiLM WaveY-Net training
The WaveY-Net class of physics-augmented neural operators (43) 
adopt the Yee grid formalism (93) to verify the self-consistency of 
the fields using the governing Maxwell’s equations. This framework 
precisely defines the spatial relationships between the discretized 
field components of numerical simulations, ensuring stable behav-
ior for the discrete spatial derivative operations of Maxwell’s equa-
tions. In this framework, the Hz field vector for each voxel is placed 
in the center, with the parallel Ex and Ey field components placed at 
the voxel boundaries. Using this formalism, we calculate the Helm-
holtz equation for the Hz field to construct a Maxwell loss that tracks 
the physical validity of the neural network’s outputted field

where N is the batch size, and Ĥn is the Hz field predicted by FiLM 
WaveY-Net for the inputted dielectric map εn.

FiLM WaveY-Net is trained using a loss function composed of 
both data and Maxwell loss components

Maxwell=
1

N

N�

n=1

‖∇×

�
1

ε
n

∇× Ĥ
n

�
−ω2μ

0
Ĥ

n
‖2
2

(2)

 = data + αMaxwell (3)

Box 2. AIM Materials Expert Agent prompt.
You are an expert materials scientist with deep knowledge of optics and 
photonics,

engaging in a continuous conversation to help users with their 
materials-related questions. You can

↪ query a
materials database through an iterative process to find suitable 

materials and their properties for
↪ specific applications.
{self.schema}
You can perform multiple SQL queries to build up understanding and 

refine recommendations. You can talk
↪ to yourself to have an internal monologue.
Each query should focus on a specific aspect of the investigation.
IMPORTANT NOTE: The wavelengths are given in micrometers. Convert 

units before querying.
IMPORTANT NOTE 2: The material name is the chemical formula. So 

“Crystaline Silicon” is name: Si, type:
↪ crystal
Conversation Guidelines:
1. Maintain a natural conversation while using database queries to 

support your responses.
2. Response Format:
- While gathering information: Use <query>, <interpolate>, or 

<calculate_n> to collect data
- When you have a FINAL ANSWER: Always wrap it in <response> tags
- You MUST eventually provide a response - don’t get stuck in an 

infinite loop of queries
- Example flow:
1. Make queries to gather data
2. Once you have enough information, provide final answer:
<response>
Based on the data gathered, I recommend [material] because 

[reasoning]...
</response>
3. When you want to query the database:
REASONING: Explain why you’re making this query
<query>
Your SQL query here (if searching for a material, you can pre-sort by 

selection criteria: citation
↪ count, year, etc.)
</query>
ANALYSIS: Brief analysis of the results and next steps:
- The material might not be stored as the exact string you search (e.g. 

BK7 has several variants,
↪ including “N-BK7” and “P-BK7” but there’s no “BK7” in the database)
- If you need more info: State what additional query/calculation is 

needed. If there are too many
↪ results, refine the query until you have fewer than twenty (20) 

results. Use citation counts
↪ to find the best answer. Do not limit the results to twenty, just refine 

the query.
- If you have enough information: Provide final answer using 

<response> tags
IMPORTANT NOTE 3: If you use <query>, you cannot use <response> 

in the same message (you can only
↪ either query database or respond to user at once)
4. When you need to perform linear interpolation between two points:
<interpolate>
{{“x”: target_value, “x1”: first_x, “y1”: first_y, “x2”: second_x, “y2”: 

second_y}}
</interpolate>

The system will return the interpolated value for further use.
5. When you need to calculate a refractive index using a dispersion 

formula:
<calculate_n>
{{“formula_type”: X, “wavelength”: wavelength_in_microns, 

“coefficients”: [c1, c2,...]}}
</calculate_n>
The system will return the calculated refractive index value.
IMPORTANT NOTE 3: If you use <query>, <interpolate>, or 

<calculate_n>, you cannot use <response> in the
↪ same message.
6. Consider throughout the conversation:
- IF YOUR QUERY RETURNS MULTIPLE RESULTS, use citation counts and 

publication years to choose the
↪ data source. More/more comprehensive data or different formats 

do NOT necessarily make a
↪ source more reliable.
- IMPORTANT: If there are multiple results, use citation counts and 

publication years to find the
↪ best answer BEFORE interpolating
- Interpolate between measurements if necessary for finding 

properties at specific wavelengths
↪ between measured points
- Application constraints
Remember to:
- Use queries only when needed to support the discussion
- Ask clarifying questions when necessary
- Provide clear and concise explanations
- Build upon previous conversation context
- Use interpolation when precise values are needed between 

measured points
You are engaging in an ongoing conversation, so don’t try to solve 

everything at once. Break down
↪ complex
questions into manageable parts and use queries strategically to 

support the discussion.

Continued
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where Hn is the ground truth Hz field, and α is a factor that is set to 
0 on the first training epoch and then dynamically scaled thereafter 
at the beginning of each epoch to the ratio of the last epoch’s average 
data loss to the average Maxwell loss.

The versions of FiLM WaveY-Net used for ablation studies 
in  Fig.  3I and in the Supplementary Materials are trained using 
30,000 simulated examples with a 90/10 train/test set split. The final 
version of WaveY-Net used for benchmarking and optimization 
throughout the rest of the study is trained using a pool of 150,000 
samples that are dynamically selected from a total of 270,000 sam-
ples on the basis of the wavelength-dependent validation loss. After 
each training epoch, the test set is evaluated and divided into bins 
every 10 wavelengths across the 400- to 700-nm training range. The 
sampling rate for selecting data from each of these bins to create the 
next epoch’s training set is set to the ratio of each bin’s test loss to 
the sum of all bins’ test losses. In this way, wavelength ranges that 
perform more poorly on the validation set become proportionally 
overrepresented in the training set, which assists with equalizing 
the validation loss across wavelengths because of the inherent difficulty 
of learning higher-frequency field solutions. The test set is composed 
of 30,000 held-out simulation samples. All training is completed us-
ing an Adam optimizer over 200 epochs with a batch size of 64 and 
a starting learning rate of 3 × 10−4 , with an exponential per-epoch 
decay of 0.99.

Stratton-Chu near-to-far field formulation
A previous surrogate solver optimization study (92) relied on the 
angular spectrum method to perform near-to-far field transforma-
tions, but this was determined to be insufficiently accurate for cap-
turing the far-field phase and amplitude information of the aperiodic 
superpixels optimized in this study. The Fraunhofer approximations 
of the angular spectrum method for a stitched metalens begin to 
break down for aperiodic systems. We thus implement the more rig-
orous Stratton-Chu near-to-far field formalism (94) that applies a 
Green’s function transformation on the near field.

Stratton-Chu applies a near-field bounding surface over which 
fields are integrated for projection into the far field using Green’s 
functions. In our simulation, this surface is a rectangle placed three 
voxels away from the neural network output’s perimeter. The far 
fields can be determined using the following Stratton-Chu relations

and

where

is Green’s function and where r is the position vector of the observa-
tion point and r′ is the position vector of the source point such 
that Green’s function G

(
r−r�

)
 is the kernel that propagates the 

contributions from each point r′ on the bounding surface to the ob-
servation point r in the far field.

The Stratton-Chu relation integrates three Green’s function terms 
from each discretized point of the bounding surface to each observa-
tion point in the far field. This compute-intensive process is GPU 
accelerated such that these contributions are computed in parallel.

Minimum feature constraints via 
differentiable neuroparameterization
The manufacturing-aware optimization combines continuous neu-
ral SDF representations with discrete geometric constraints through 
three core components. Surface normals are calculated using automatic 
differentiation of the neural SDF outputs, derived through gradi-
ent backpropagation from the prediction head to input coordinates

where  represents the neural SDF prediction. These normals guide 
the stochastic sampling of verification points along both interior and 
exterior directions relative to structural boundaries, with offset lengths 
scaled by the minimum fabrication constraints.

The constraint enforcement alternates between boundary refine-
ment and spatial consistency checks. The boundary identification 
first locates zero-crossing points through gradient-based optimiza-
tion of the residual

A hybrid point maintenance strategy preserves geometric fea-
tures while enabling topological exploration. A total of 25% points 
come from low-residual grid locations (threshold τ = 10−5 ), 50% 
from previous optimized positions, and the remainder from sto-
chastic sampling. Fixed boundary conditions at x = {0, 1} ensure 
structural connectivity across the domain.

The neural SDF formulation enables differentiable feature size 
control through the gradient-driven sampling of the implicit bound-
ary representation. For each boundary coordinate pi , we generate 
multiple verification samples p±

i
= pi ± δjni , where δj ∈

[
0,Δmax

]
 

follows a uniform distribution. By constraining the SDF values at 
strategically sampled offsets from the zero-level set (material inter-
face), the loss function intrinsically enforces minimum feature sizes. 
For each boundary point pi identified through zero-crossing opti-
mization, the method samples verification locations pi ± δni along 
surface normals ni derived via automatic differentiation. The direc-
tional constraints feature penalize both:

1) Negative SDF values at pi − δgapni to prevent adjacent features 
from closing below the minimum gap ( δgap).

2) Positive SDF values at pi + δpostni to limit material protrusion 
widths to above δpost.

For large-scale metasurface optimization, the framework process-
es K independent structures simultaneously through dimensionally 
parallelized operations. Shared encoder weights enable feature con-
sistency across designs while maintaining model-specific parameters 
in the prediction head. Spatial gradients and loss terms are batch 
normalized across all parallel models to stabilize multitask optimi-
zation. The constraint weighting factor λfeature ramps up linearly 

data =
1

N
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implemented through five Adam iterations

)
(9)
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during early optimization phases to balance initial exploration with 
eventual manufacturability enforcement.

Metasurface optimization via parallel 
superpixel autodifferentiation
The entire optimization process can be decomposed into the follow-
ing steps. Each step is implemented in PyTorch so that a gradient 
can be obtained for optimization using autodifferentiation of the 
whole computational graph end to end.

1) Neuroshaper updates the superpixel structure on the basis of the 
gradient from the last iteration, enforcing minimum feature constraints.

2) The Hz near field of the superpixel is solved by FiLM-Conditioned 
WaveY-Net with the given source. Ex and Ey are determined using 
Ampere’s Law operating on a Yee grid

and

where i and k are the discrete indices of the horizontal and vertical 
voxels in the Yee grid, respectively.

3) The far-field profile of the superpixel is calculated using the 
Stratton-Chu near-to-far field transformation.

4) The FoM is calculated using the formula from Fig. 4A (top). 
The desired phase of both metalenses and deflectors is a function of 
the superpixels’ center location, x

and

where f  is the focal length, xoffset is the lateral offset amount of the 
focal point of the metalens, θtarget is the target deflection angle, and 
θin is the incident angle of the beam.

5) The gradient with respect to the input structure from step (1) 
is calculated by backpropagating the FoM throughout the entire 
computational graph.

The end-to-end optimization process is delineated in Algorithm 1.

Supplementary Materials
The PDF file includes:
Supplementary Text
Figs. S1 to S13
Tables S1 to S6
Legends for movies S1 and S2
Legends for data S1 to S5
References

Other Supplementary Material for this manuscript includes the following:
Movies S1 and S2
Data S1 to S5
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φlens(x, λ) = −
2π

λ

√(
x−xoffset

)2
+ f 2 (12)

φdeflector(x, λ) =
2π

λ
x
(
sinθtarget− sinθin

)
(13)

Algorithm 1. Superpixel optimization process via end-to-end differentiation. 
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Erratum for the Research Article “A multi-agentic framework for real-time, autonomous freeform 
metasurface design” by R. Lupoiu et al. 

There were errors in the originally published versions of Fig. 4, the Fig. 4 caption, the Supplementary Materials, 
and the main text for the Research Article “A multi-agentic framework for real-time, autonomous freeform 
metasurface design” by R. Lupoiu et al. 

The following corrections have been implemented: 

• In Fig. 4, the panels were mislabeled. The labels have been updated so that B has been changed to C; C
has been changed to E; D has been changed to F; E has been changed to D; F has been changed to G; G
has been changed to H; and H has been changed to B.

• In the Fig. 4 caption, the description “a.u., arbitrary units” at the end of caption (D) has been moved to
the end of caption (F).

• A citation for reference 68 has been added to the end of the following sentence in the main text: “Super-
pixel layouts are parameterized using a neuroparameterization approach illustrated in Fig. 3D, which
encodes the geometry in a high-dimensional neural signed distance function (SDF) representation.” Ref-
erences throughout the main text and Supplementary Materials have been renumbered because of this
change.

The authors’ conclusions are not affected by these corrections. Figure 4, the Fig. 4 caption, the Supplementary 
Materials, and the online and PDF versions of the article have been corrected. 
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