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Abstract

AI-driven inverse design has transformed nanophotonic de-
vice discovery, yet remains fundamentally limited: while
AI algorithms accelerate optimization, the simulation and
training infrastructure must still be hand-crafted by domain
experts. Here we demonstrate that large language mod-
els (LLMs) can autonomously construct complete inverse-
design workflows through natural-language interaction. We
guided an LLM to generate electromagnetic simulations,
reinforcement-learning optimization, and integrated environ-
ments for photonic-crystal surface-emitting lasers (PCSELs).
Through iterative dialogue, the LLM refined and debugged
these components with minimal human intervention, pro-
ducing a functional end-to-end workflow. The resulting au-
tonomous framework discovered PCSEL geometries exhibit-
ing a Q-factor of 37,000 and normalized radiation loss 18-
fold lower than current state-of-the-art devices while main-
taining a significantly reduced footprint. To accelerate de-
sign further, we fine-tuned a multi-modal LLM to predict op-
tical properties directly from device images, enabling rapid
performance estimation. Our results establish that LLMs can
both construct sophisticated computational infrastructure for
nanophotonic inverse design and interpret physical structures
visually, providing a pathway toward fully autonomous pho-
tonic engineering.

Introduction
Photonic-crystal surface-emitting lasers (PCSELs; Hirose
et al. 2014) have emerged as a transformative platform for
next-generation light sources in LiDAR, free-space com-
munications, and high-power industrial applications. Their
unique two-dimensional photonic crystal feedback enables
exceptional beam quality, narrow divergence, and surface-
normal emission with scalable output power. Yet these ad-
vantages come at the cost of substantial design complex-
ity: achieving target lasing properties requires precise en-
gineering of multilayer dielectric stacks, in-plane photonic
crystal geometries, and careful management of radiation-
confinement balance through intricate structure-field inter-
actions. The design process demands deep expertise across
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semiconductor physics, nanophotonics, and computational
electromagnetics—manually constructing finite-difference
time-domain (FDTD) models, exploring high-dimensional
parameter spaces, and iteratively optimizing geometric con-
figurations to meet stringent performance targets such as
Q-factor, modal volume, wavelength selectivity, and radia-
tion loss. With each full-scale simulation requiring hours to
days and effective optimization often demanding thousands
of iterations, development cycles for advanced PCSELs can
span months, limiting both innovation speed and accessi-
bility beyond specialist research groups (Goodfellow, Ben-
gio, and Courville 2016; Mnih et al. 2015; Theodoridis and
Koutroumbas 2006; Li et al. 2022; Asano and Noda 2018;
Li et al. 2021).

Recent advances in AI-driven inverse design have begun
to address optimization efficiency. Deep neural networks,
generative models, and reinforcement learning have success-
fully navigated non-convex design landscapes in nanocav-
ities, metasurfaces, and photonic crystals, achieving im-
proved Q-factors and tailored resonance properties. How-
ever, these approaches remain fundamentally constrained by
a critical limitation: while AI algorithms accelerate opti-
mization once a simulation environment exists, the under-
lying computational infrastructure—FDTD solvers, parame-
terization schemes, optimization environments, reward func-
tions, and debugging protocols—must still be meticulously
hand-crafted by domain experts. The effort required to con-
struct this infrastructure often rivals the original optimiza-
tion task itself, leaving inverse design workflows only par-
tially automated. The bottleneck has shifted from optimiza-
tion algorithms to infrastructure construction, severely lim-
iting scalability as devices grow more complex and design
constraints become more structured (Mirhoseini et al. 2021;
Zhang et al. 2020; Chen et al. 2021b; Zeng et al. 2020; Ma
et al. 2021; Molesky et al. 2018; So et al. 2020; Li et al.
2023b).

Meanwhile, large language models (LLMs) have demon-
strated remarkable capabilities in automating complex sci-
entific and engineering workflows. Beyond natural-language
understanding, LLMs exhibit emergent abilities in code syn-
thesis, multi-step reasoning, algorithmic planning, and re-
cursive self-correction when provided with error feedback.
Recent studies have shown that LLMs can generate hard-
ware description languages, assist with embodied robotics
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Figure 1: Overall workflow of LLM4Laser: LLM-driven automated laser design and optimization pipeline that embodies
human–AI co-design. The human facilitator prompts the LLM to generate FDTD code for simulating the laser structure and AI
(e.g., reinforcement learning (RL)) code for subsequent optimizations of the simulation model. The AI optimization process
with RL is built upon an earlier work’s L2DO framework (Li et al. 2023b). The final optimized laser design is then converted to
CAD layout and prepared for tape-out and cleanroom fabrication to make the physical device (not implemented in this work).

control, and synthesize scientific computing code across di-
verse domains (Pearce, Tan, and Karri 2020; Blocklove et al.
2023; Stella, Della Santina, and Hughes 2023; Wang et al.
2023; Zhang et al. 2023; Ahn et al. 2022; Oskooi et al. 2010).
These capabilities raise a compelling question for photonic
device engineering:

Can large language models automate not only the
optimization of photonic devices, but also the con-
struction of the simulation and inverse-design work-
flow itself?

Answering this question would mark a foundational shift
from AI-assisted design—where humans build the infras-
tructure and AI optimizes within it—to truly autonomous
photonic engineering systems capable of constructing, de-
bugging, and operating complete computational workflows
from natural-language specifications alone.

In this work, we introduce LLM4Laser, a human–AI co-
design paradigm illustrated in Figure 1, where an LLM au-
tonomously generates, refines, and integrates both the elec-
tromagnetic simulation code and the reinforcement-learning
optimization algorithm required for PCSEL inverse design.
We implement this framework using GPT-4, guiding it
through natural-language conversations without providing
code templates to: (1) conceptualize a valid PCSEL design
strategy and identify relevant physical parameters, (2) gener-
ate complete three-dimensional FDTD simulation code us-
ing the MEEP package (Oskooi et al. 2010), including ge-
ometry construction and optical monitors, (3) implement a
deep Q-learning (DQN) optimization pipeline capable of in-
teracting with the FDTD simulator (Li et al. 2023b), and (4)
iteratively debug and refine both components until the en-
tire workflow executes successfully. The LLM demonstrates
the ability to reason about electromagnetic structures, de-
compose complex design problems, revise incorrect logic,

and integrate disparate software components into a coherent
computational framework.

When executed on high-performance computing re-
sources, the LLM-generated pipeline produces PCSEL de-
signs with a Q-factor of 37,000 and normalized radiation
loss nearly 18-fold lower than previous benchmarks, de-
spite using a dramatically smaller device footprint (2µm in
this work vs. 125µm in prior work (Chen et al. 2021a)).
To further accelerate the design process, we fine-tuned a
multi-modal LLM to predict optical properties directly from
device images, enabling rapid surrogate evaluation with-
out full electromagnetic simulation. This vision-based surro-
gate model complements the autonomous infrastructure con-
struction, creating a complete end-to-end system for laser
inverse design.

Broader Significance. These results affirmatively answer
our research question: LLMs can serve not merely as cod-
ing assistants, but as autonomous photonic design agents ca-
pable of generating scientific software, performing physics-
based reasoning, and orchestrating multi-step optimization
workflows. This paradigm dramatically lowers the barrier to
advanced nanophotonic device design, enabling researchers
and engineers to rapidly prototype high-performance laser
architectures without manually implementing numerical
solvers or optimization algorithms. More broadly, our find-
ings suggest a pathway toward self-driving laboratories for
photonics and semiconductor devices (Li et al. 2023b),
where LLM-driven agents integrate simulation, optimiza-
tion, and experimental planning into unified autonomous cy-
cles. As photonic devices continue to grow in complexity
and performance demands intensify, such autonomous sys-
tems may become essential tools for accelerating innovation,
reducing design costs, and exploring design spaces previ-
ously inaccessible to human designers.
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Figure 2: Photonic Crystal Surface Emitting Laser (PCSEL),
with abundant applications in sensing, LiDAR, and telecom-
munications.

Methods
Overview of the LLM-Driven Design Framework

Our workflow integrates a large language model (GPT-
4) with a physics-based electromagnetic simulator and a
reinforcement-learning optimizer to autonomously inverse
design PCSELs. Through natural-language interaction, a hu-
man designer prompts the LLM to conceptualize the prob-
lem, generate Meep-based FDTD simulation code, synthe-
size a DQN algorithm, and iteratively debug both compo-
nents. The complete workflow consists of three stages, as
shown in Figure 3:

1. conceptualization via human–LLM dialogue,

2. LLM-generated simulation and optimization code,

3. execution of the simulation–optimization loop on high-
performance computing infrastructure.

Problem Definition and Design Objectives
A PCSEL (Figure 2) comprises multilayer semiconduc-
tor films whose emission characteristics—wavelength, Q-
factor, divergence angle, lasing area, and radiation loss—are
determined by vertical confinement and in-plane photonic
crystal feedback. We denote the design parameters as (listed
in Table 3):

x = {ti, ni, a, r, f, S},

where ti are layer thicknesses, ni refractive indices, a is the
lattice constant, r the air-hole radius, f the filling factor, and
S the lattice or hole shape.

The inverse design problem is formulated as an optimiza-
tion problem:

x∗ = argmax
x

R(x),

where R(x) is a scalar reward (defined in Equation 8 in the
Supp. Mat.) that incorporates several essential lasing charac-
teristics (Q-factor, wavelength etc.). Due to non-convexity,
one-to-many mapping, and expensive simulations, direct
gradient-based optimization is intractable, motivating the
use of reinforcement learning.

LLM-Guided Problem Conceptualization
Conceptualization Process The problem formulation
phase proceeded through structured dialogue where we
guided GPT-4 to understand PCSEL inverse design require-
ments (Figure 3, left column). Through progressive ques-
tioning across four domains—problem scoping (identifying
PCSEL as target technology and key performance metrics),
physical reasoning (decomposing design space into photonic
crystal geometry, active layer, MQW structure, material se-
lection), algorithmic planning (proposing RL, Bayesian op-
timization, evolutionary algorithms), and implementation
strategy (structuring the workflow into FDTD simulation
and RL optimization)—GPT-4 autonomously mapped ab-
stract design goals to concrete technical requirements with-
out human-provided algorithmic templates.

Prompting Strategy We interact with GPT-4 exclusively
through natural-language prompts without supplying any
code templates or algorithmic scaffolding. Our prompting
strategy follows five principles:

1. Open-ended conceptual queries to stimulate idea gen-
eration.

2. Divide-and-conquer prompting to break the workflow
into sub-tasks.

3. Progressive refinement to transition from conceptual to
technical queries.

4. Error-driven self-correction by supplying only termi-
nal error messages.

5. Minimal human intervention to preserve autonomy of
the AI agent.

This encourages GPT-4 to structure, reason about, and
assemble the simulation and optimization pipeline au-
tonomously.

FDTD Simulation Framework (LLM-Generated)
Geometry Construction GPT-4 generated full Meep
FDTD code for constructing a 3D PCSEL model (see Fig-
ure 4), including:

• five-layer stack: substrate, n-cladding, active layer, pho-
tonic crystal slab, and p-cladding,

• a 50×50 array of cylindrical shaped air holes in the pho-
tonic crystal layer,

• parameterized geometry enabling RL updates to
(ti, r, a, f, S).

Each dielectric layer is represented using:
mp.Block(Vector3(inf, inf, t_layer),

center=Vector3(x, y, z),
material=Medium(epsilon=nˆ2))

Air holes are instantiated as cylinders:
mp.Cylinder(radius=r, height=t_PhC,

center=(x, y), material=Medium(epsilon=1))

Simulation Region and Boundary Conditions GPT-4
selected appropriate simulation components, including:

• perfectly matched layers (PML) along the vertical axis,
• Bloch periodic boundaries in-plane,



Human-AI Co-design Paradigm Enabled by LLMs 

Figure 3: Three stages of the LLM4Laser workflow, which is a novel Human-AI co-design paradigm applying LLMs to laser
design and optimization. left column: conceptualization, pictorial overview of the discussions and interactions between the
human facilitator and the LLM agent, with the questions prompted by the human and the answers/solutions provided by the
LLM. middle column: code generation and debugging, and right column: simulation and optimization via DQN. Optimization
is run on high-performance computing (HPC) clusters for improved computational speed and output.

• grid resolution determined by feature sizes,
• a broadband Gaussian excitation in the active layer,
• frequency-domain flux monitors, far-field monitors,

modal volume calculation, and Harminv modal analysis
for Q-factor extraction.

Debugging Procedure Debugging followed an iterative
loop (Figure 3, middle column):

1. the human runs the code and copies terminal errors;
2. GPT-4 diagnoses the cause and rewrites the problematic

code block;
3. corrections are tested and the cycle repeats until conver-

gence.

Typical errors included boundary condition mismatches,
invalid flux region sizing, and incorrect vector dimensions.
Most issues were resolved within 3–5 iterations (Figure 9).

Reinforcement Learning Optimization
(LLM-Generated)
GPT-4 generated the RL code completely based on the DQN
algorithm in Figure 10:

Environment Definition GPT-4 first generated an Ope-
nAI Gym-style environment that wraps the FDTD simulator.
The environment exposes:

s = {ti, ni, a, r, f, S},
a ∈ {∆ti,∆ni,∆a,∆r,∆f,∆S},
R : defined in Supp. Mat.

where s is state, a is action (discrete perturbations to design
parameters), and R is reward. For the transition, FDTD sim-
ulation evaluates the updated geometry after each iteration.
GPT-4 autonomously determined how to structure the en-
vironment class, observation space, and internal parameter
storage.

Deep Q-Learning Implementation GPT-4 autonomously
generated the following DQN components (code is shown in
Figure 8):
• four-layer fully connected policy network,
• target network for stabilized training,
• experience replay buffer,
• ϵ-greedy exploration policy,
• Q-value update rule:

Q(s, a)← r + γmax
a′

Q(s′, a′)

• PyTorch training loop with Huber or Smooth L1 loss.
• Gradient update pipeline with PyTorch

Tensor shape mismatches, missing imports, and attribute
errors were corrected via the same error-driven conversation
loop used for FDTD debugging.

Integration and Optimization Loop
After the FDTD and RL modules were validated indepen-
dently, GPT-4 generated a master script that:
1. initializes the PCSEL geometry,
2. executes the FDTD simulation,
3. extracts optical metrics,



# Define the 3D PCSEL geometry with different layers

geometry = [mp.Block(mp.Vector3(mp.inf, mp.inf, t_substrate),

center=mp.Vector3(0, 0, -z_total/2 + t_substrate/2),

material=mp.Medium(epsilon=n_substrate**2)),

mp.Block(mp.Vector3(mp.inf, mp.inf, t_n_cladding),

center=mp.Vector3(0, 0, -z_total/2 + t_substrate + t_n_cladding/2),

material=mp.Medium(epsilon=n_n_cladding**2)),

mp.Block(mp.Vector3(mp.inf, mp.inf, t_active),

center=mp.Vector3(0, 0, -z_total/2 + t_substrate + t_n_cladding +

t_active/2),

material=mp.Medium(epsilon=n_active**2)),

mp.Block(mp.Vector3(mp.inf, mp.inf, t_photonic_crystal),

center=mp.Vector3(0, 0, -z_total/2 + t_substrate + t_n_cladding + t_active

+ t_photonic_crystal/2),

material=mp.Medium(epsilon=n_photonic_crystal**2))] + holes + [

mp.Block(mp.Vector3(mp.inf, mp.inf, t_p_cladding),

center=mp.Vector3(0, 0, -z_total/2 + t_substrate + t_n_cladding + t_active

+ t_photonic_crystal + t_p_cladding/2),

material=mp.Medium(epsilon=n_p_cladding**2))]

# Create the air holes in the PhC layer

for i in range(n_holes):

for j in range(n_holes):

# Create a cylindrical hole at this position

hole = mp.Cylinder(radius=hole_radius, height=t_photonic_crystal,

center=mp.Vector3(i*lattice_constant - cell_size.x/2,

j*lattice_constant - cell_size.y/2, 0),

material=mp.Medium(epsilon=1))

geometry.append(hole)

# Initialize the simulation

sim = mp.Simulation(cell_size=cell_size,

boundary_layers=pml_layers,

geometry=geometry,

sources=sources,

resolution=10)

# Define a box around the source for flux computation

flux_box = mp.FluxRegion(center=mp.Vector3(), size=mp.Vector3(10, 10, z_total))

# Add the DFT flux object to the simulation

flux = sim.add_flux(frequency, 0, 1, flux_box)

# Run the simulation

sim.run(until=200)

# near field Poynting vector in z direction

(x, y, z, w) = sim.get_array_metadata(dft_cell=resonance_z)

Pz = []

i = 0

for _ in flux.freq:

(Ex, Ey, Hx, Hy) = [sim.get_dft_array(flux, c, i) for c in [mp.Ex, mp.Ey, mp.Hx, mp.Hy]]

flux_density = np.real(np.conj(Ex) * Hy - np.conj(Ey) * Hx) # array

flx = np.sum(w * flux_density) # scalar

Pz.append(flx)

i += 1

# Compute the total emitted power

emitted_power = mp.get_fluxes(flux)

# Define where to perform the Harminv analysis

harminv_regions = [mp.Harminv(mp.Ez, mp.Vector3(0,0,0), frequency, 0.1*frequency)] # 10%

bandwidth

# Reset the fields and use the same geometry and sources for the Harminv analysis

sim.reset_meep()

sim.change_sources(sources)

sim.run(mp.after_sources(*harminv_regions),

until_after_sources=200)

for mode in sim.harminv_data: #calculate Q-factor

print(f"Frequency: {mode.freq} Q factor: {mode.Q}")

V = sim.modal_volume_in_box(box=vol) #calculate the modal volume

User: Define the 3D PCSEL geometry with 
different layers and create the air holes in the 
PhC layer. Define physical constants such 
thickness, side lengths, refractive indices, radii, 
and lattice constant.
LLM:

User:  Set up the simulation: perfectly matched layers 
(PML) along the vertical axis, Bloch periodic boundaries 
in-plane, a broadband Gaussian excitation in the active 
layer, frequency-domain flux monitors, far-field monitors, 
modal volume calculation, and Harminv modal analysis 
for Q-factor extraction.
LLM:

Figure 4: Code generated by GPT-4 for FDTD simulation of PCSEL using the meep package. Left: geometry setup section,
right: simulation setup and calculations section. The code shown here is the final version that runs successfully after several
rounds of debugging.

4. updates the RL agent,

5. repeats until convergence.

Training was conducted on an HPC cluster with 20 CPU
cores and 2 CUDA-enabled GPUs (Figure 3, right column).
Typical optimization runtimes were 3–5 days.

Human Intervention Quantification

A key metric of interest is the degree of autonomy. Across
the entire workflow:

• FDTD code: 0 lines written by humans; 5–7 GPT debug-
ging rounds.

• DQN code: 0 lines written by humans; 4–6 debugging
rounds.

• Integration code: fully generated by GPT.

Total human effort was approximately 4-5 hours of
prompting and execution setup, compared with the typical
multi-month engineering cycle for manually constructing
photonic design pipelines.

Results & Discussion
LLM-Generated Optimization Pipeline
Demonstrates Stable Convergence
The GPT-4-generated reinforcement learning pipeline ex-
hibited stable learning dynamics across all optimization tri-
als. Figure 5 presents training curves from three independent
DQN runs, each executing 500-step episodes over a contin-
uous 5-day period on high-performance computing infras-
tructure.

The average reward per episode increased substantially
during the initial 100 episodes despite stochastic explo-
ration, confirming that the value function approximation
converged toward higher-performing design regions. Max-
imum rewards per episode rose more rapidly and stabilized
earlier, indicating that the agent consistently discovered and
revisited high-quality configurations. The logarithmic verti-
cal scaling reveals two distinct learning phases: rapid ini-
tial improvement as the agent explores the design space,
followed by asymptotic convergence as it refines promising
candidates.

These behaviors confirm that the LLM-generated code-
base contains the essential algorithmic components for sta-
ble reinforcement learning—target networks, experience
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Figure 5: Learning curves of training the DQN to optimize PCSEL, plotted as scores vs. episodes. (a) Average score of each
episode; (b) Maximum score of each episode. Each episode contains a horizon of 500 steps. Vertical axes are plotted in log
scale.

replay buffers, and properly configured neural architec-
tures—without human-provided templates. Even under the
substantial numerical noise inherent to FDTD-based reward
evaluation, the agent reliably identified ascending trajec-
tories in performance space, demonstrating the functional
completeness of GPT-4-synthesized code.

Metrics Optimized PCSEL Literature data
Lasing wavelength (nm) 1383 948

Q factor ↑ 37000 2900
Normalized loss (1/nm) ↓ 4.3× 10−7 7.7× 10−6

Device Size (µm) 2 125

Table 1: Optical attributes of the DQN-optimized PCSEL.
The rightmost column reports the best literature data (Chen
et al. 2021a) for a direct metric comparison. Normalized loss
per unit length (Kalapala et al. 2022) and device size are ad-
ditionally reported for a more fair and comprehensive com-
parison.

Optimization Produces High-Performance PCSEL
Designs
Comparison With State-of-the-Art Experimental De-
vices The optimized PCSEL structures obtained from the
DQN trials exhibit remarkable optical performance (Ta-
ble 1). Despite using a dramatically smaller computational
footprint (side length of 2.0 µm, compared to 125 µm in
leading experimental demonstrations (Chen et al. 2021a)),
the LLM-generated pipeline produced:

• Operating wavelength: 1383 nm, within acceptable tol-
erance of the 1310 nm target.

• Q-factor: 37,000, exceeding the best reported experi-
mental PCSEL values (∼ 2900) by more than an order
of magnitude.

• Normalized radiation loss: 4.3 × 10−7, nearly 18×
lower than the literature benchmark.

These improvements directly reflect stronger vertical con-
finement, reduced in-plane scattering, and enhanced feed-
back within the photonic crystal slab. The high Q-factor
in particular indicates that the reinforcement-learning agent
– operating with code entirely synthesized by GPT-4 –
successfully navigated the non-convex design landscape to
identify superior geometric configurations. For a compre-
hensive but not exhaustive literature survey of advancements
in PCSEL over the past decade (Hirose et al. 2014; Noda
et al. 2017; Yoshida et al. 2019; Nishimoto et al. 2013; Li
et al. 2023a; Inoue et al. 2019; Itoh et al. 2020; Gondaira
et al. 2016; Kurosaka et al. 2008; Streifer, Scifres, and Burn-
ham 1977; Peng et al. 2011; Nishimoto, Maekawa, and Noda
2017; Inoue et al. 2020; Chen et al. 2021a), refer to Table 6
of Appendix E in the Supp. Mat.

Why GPT-4 Outperforms Classical Automation
Pipelines

Autonomous Integration Across Physics and Optimiza-
tion Unlike conventional inverse-design frameworks that
optimize parameters within a human-constructed simulation
environment, GPT-4 autonomously generated:

1. the full Meep-based FDTD geometry and simulation en-
gine,

2. all electromagnetic monitors (flux, near-to-far field,
Harminv),

3. the reinforcement-learning environment wrapper,

4. the DQN architecture, training loop, replay buffer, and
exploration strategy,

5. the integration logic linking both modules.

Remarkably, no human-provided templates or code scaf-
folds were used. This demonstrates that modern LLMs can
coordinate multiple layers of the computational design stack
— physics modeling, numerical simulation, and optimiza-
tion — a task traditionally requiring cross-domain expertise.



Self-Correction as a Computational Mechanism GPT-4
repeatedly interpreted raw terminal error messages and au-
tonomously corrected issues such as:

• invalid PML layer declarations,
• incorrect flux-region dimensionality,
• environment-attribute mismatches,
• tensor shape inconsistencies in PyTorch.

This closed-loop debugging capability (Figure 3, middle
column). dramatically reduces human effort and positions
LLMs as viable agents for maintaining and evolving scien-
tific software.

Physics Insights Revealed Through Optimization
The agent’s learned design behaviors highlight several un-
derlying PCSEL physical principles:

1. Q-factor scaling: maximizing vertical confinement
through slab-thickness and hole-radius adjustments.

2. Loss suppression: discovering configurations that ap-
proximate bound states in the continuum (BIC-like
regimes).

3. Wavelength control: exploiting refractive-index and
lattice-constant interactions to tune band-edge modes.

4. Mode selectivity: favoring structures that promote stable
single-mode operation.

These insights validate that LLM-generated RL pipelines
are capable of uncovering physically interpretable principles
without explicit human instruction.

Broader Implications: Toward Autonomous
Photonic Design Agents
This study illustrates that LLMs can serve as au-
tonomous scientific software architects, generating full sim-
ulation–optimization pipelines that rival human-engineered
systems. The implications are substantial:
• Accurate photonic device design without expert coding
• Rapid exploration of large design spaces
• Automated debugging and self-improving workflows
• Scalable frameworks for lasers, modulators, metasur-

faces, and waveguides
• Foundational step toward self-driving laboratories

This work represents not only a technical demonstration,
but also a blueprint for a future in which AI agents au-
tonomously reason about, simulate, and optimize complex
photonic structures—fundamentally reshaping the pace and
scope of photonic device engineering.

Multi-Modal LLM for Image-Based
Prediction of PCSEL Properties

In addition to constructing a fully automated inverse-design
pipeline, we further investigated whether large language
models can learn the mapping from fabricated or simulated
laser images to their corresponding optical properties. The
ability to map structural visual information to device per-
formance is essential for rapid screening, fabrication-aware

via RL

VLM:

Optimized    
design

Beam quality: 2.4

:

Figure 6: VLM for prediction of laser properties from visual
inputs. VLM-predicted properties are then fed to the inverse
design loop for optimization.

optimization, and closing the loop between simulation and
experiment in autonomous design systems (Kadian et al.
2020). To this end, we fine-tuned a multi-modal large vision-
language model (VLM) (Hu et al. 2024; Zhang et al. 2024)
using paired datasets of PCSEL images and their corre-
sponding optical characteristics, including resonant wave-
length, Q-factor, lasing threshold, and divergence angle etc.
(Figure 6). To the best of our knowledge, this is the first
demonstration of VLM for laser modelling.

Image Type Quantity Source of Data
Simulation 800 In-house

SEM 100 In-house + Literature extraction

Table 2: Breakdown of the image dataset we curated for
fine-tuning the VLM model. Simulation images are taken
in-house within the Ansys Lumerical FDTD environment,
while SEM images are partially in-house and partially ex-
tracted from literature.

Model Architecture and Training
The VLM model accepts a PCSEL image as input—such
as a top-down photonic-crystal layer image taken within
the simulation environment, or a real scanning electron mi-
croscope (SEM) image—and produces textual predictions
of the device’s optical properties. We initialize the model
from a large VLM (Qwen2.5VL) and fine-tune it using
supervised learning over a curated dataset (Table 2) of
(image, property) pairs. The dataset contains both synthetic
images generated from FDTD simulations and experimental
SEM images of fabricated PCSELs (partially extracted from
literature), enabling the model to learn structural–optical
correlations that generalize across idealized and real-world
devices.

During post-training (Figure 7), the model learns to asso-
ciate geometric cues such as lattice periodicity, hole radius,
filling factor, and structural symmetry with corresponding
optical responses. The multi-modal encoder also develops
robustness to imaging noise, illumination gradients, and



common SEM artifacts, allowing deployment in laboratory
environments without specialized pre-processing.

Prediction Performance and Physical Insights

Simulation Image of PCSEL
in Ansys FDTD

(a)

Simulation Image of PCSEL in 
Ansys FDTD

SEM Image 
of PCSEL

(b)

Figure 7: a) Post-training the VLM model on Simulation im-
ages only (green curve); b) Continued the post-training on
SEM images (orange curve).

The fine-tuned model accurately predicts PCSEL per-
formance across a range of unseen structures. In partic-
ular, it reliably infers the following lasing characteristics
from images: Resonant wavelength, Q-factor, FWHM, di-
vergence angle, beam quality, free-spectral range (FSR), las-
ing threshold, peak lasing power, lasing area.

Although trained without explicit physics constraints, the
model discovers the same geometric–optical relationships
used by human experts, demonstrating that multi-modal
LLMs can extract meaningful photonic descriptors directly
from visual data.

Role in Autonomous Inverse Design
Integrating image-based prediction into the LLM-driven
inverse-design framework enables several key capabilities:

1. Surrogate modeling: the model provides rapid approxi-
mations of FDTD outcomes, accelerating reinforcement-
learning or Bayesian-optimization loops by orders of
magnitude (Alizadeh, Allen, and Mistree 2020);

2. Real-time experimental feedback: SEM images of fab-
ricated devices can be fed directly into the model, en-
abling real-time evaluation and adaptive redesign;

3. Fabrication tolerance awareness: the model identifies
deviations from target geometries and anticipates their
optical impact (Xin et al. 2024);

4. Unified perception–design pipeline: combining visual
understanding with the LLM-generated simulation and
optimization logic forms a closed-loop AI agent capable
of perception, prediction, and inverse design.

Conclusion
We demonstrate that large language models (LLMs) can
function as autonomous design partners, constructing com-
plete simulation–optimization pipelines for complex pho-
tonic devices using natural-language interaction alone.
Without any template code or algorithmic scaffolding, GPT-
4 generated fully functional FDTD simulation scripts, DQN
optimization logic, and an end-to-end framework for in-
verse design of PCSELs, which it further debugged and re-
fined through iterative dialogue. When deployed on HPC re-
sources, the LLM-generated pipeline identified PCSEL ge-
ometries that surpass state-of-the-art experimental bench-
marks, achieving over an order-of-magnitude improvement
in Q-factor and substantially reduced radiation loss within
a constrained footprint. The learned strategies align with
established physical design principles, demonstrating both
code correctness and the effectiveness of reinforcement
learning in highly non-convex photonic design spaces. Be-
yond performance gains, this work reveals a fundamental ca-
pability of LLMs to bridge conceptual reasoning and tech-
nical implementation, enabling autonomous generation and
operation of complex simulation–optimization loops. We
further show that vision-language models can predict laser
properties directly from device images, extending LLM ca-
pabilities beyond code synthesis to direct interpretation of
photonic structures. Practical limitations remain: full 3D
FDTD simulations are computationally expensive, large-
area devices are required to accurately capture far-field prop-
erties, and fabrication constraints are not yet incorporated.
Integrating fabrication-aware design rules, multi-fidelity or
differentiable Maxwell solvers, and more sample-efficient
optimization strategies offers a clear path forward. Over-
all, this study advances photonic inverse design toward self-
driving laboratories, where AI agents autonomously con-
ceive, simulate, and optimize next-generation photonic de-
vices.
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Supplementary Material

Appendix A: Additional Code Generation and Debugging Demonstrations by GPT
The code generated by GPT-4 for RL is shown in Figure 8 and the debugging iterations with GPT is shown in Figure 9.

# declare transition and experience replay

Transition = namedtuple('Transition', ('state', 'action', 'next_state', 'reward'))

class ReplayMemory(object):

"""declare the replay buffer"""

def __init__(self, capacity):

self.memory = deque([], maxlen=capacity)

def push(self, *args):

"""Save a transition"""

self.memory.append(Transition(*args))

def sample(self, batch_size):

return random.sample(self.memory, batch_size)

def __len__(self):

return len(self.memory)

# set up the neural network

# create a class for the DQN's policy MLP

class Net(nn.Module):

def __init__(self, num_actions):

super(Net, self).__init__()

self.fc1 = nn.Linear(numState, 80) # just FC, no CNN

self.fc2 = nn.Linear(80, 120)

self.fc3 = nn.Linear(120, 80)

self.fc4 = nn.Linear(80, num_actions)

def forward(self, x):

x = x.to(device)

# print(x.shape)

x = x.view(-1, numState)

x = F.relu(self.fc1(x))

x = F.relu(self.fc2(x))

x = F.relu(self.fc3(x))

x = self.fc4(x)

return x

def select_action(state):

"""selects an action accordingly to an epsilon greedy policy"""

global steps_done

sample = random.random() # generate random number

eps_threshold = EPS_END + (EPS_START - EPS_END) * math.exp(-1. * steps_done / EPS_DECAY) #

expotentially decaying eps

steps_done += 1

if sample > eps_threshold:

with torch.no_grad():

print(policy_net(state))

print(policy_net(state).max(1)[1])

return policy_net(state).max(1)[1].view(1, 1) # Pick action with the largest

expected reward (argmax)

else:

return torch.tensor([[random.randrange(n_actions)]], device=device,

dtype=torch.long) # pick random action

# define the optimization (RL) process, which computes V, Q and the loss

def optimize_model():

if len(memory) < BATCH_SIZE:

Return

print('optimizing...')

transitions = memory.sample(BATCH_SIZE) # sample transitions from the replay buffer

batch = Transition(*zip(*transitions)) # transpose the batch

# compute a mask of non-final states and concatenate the batch elements

non_final_mask = torch.tensor(tuple(map(lambda s: s is not None, batch.next_state)),

device=device,dtype=torch.bool)

non_final_next_states = torch.cat([s for s in batch.next_state if s is not None])

# state, action, and reward from replay buffer

state_batch = torch.cat(batch.state)

action_batch = torch.cat(batch.action)

reward_batch = torch.cat(batch.reward)

# compute Q(s, a)

state_action_values = policy_net(state_batch).gather(1, action_batch)

# Compute V(s')

next_state_values = torch.zeros(BATCH_SIZE, device=device) # V is zero for final state

next_state_values[non_final_mask] =

target_net(non_final_next_states).max(1)[0].detach() # V' = max(Q')

# compute the expected Q values

expected_state_action_values = (next_state_values * GAMMA) + reward_batch # Q_expected =

r + gamma*V'

# cost function

criterion = nn.SmoothL1Loss()

loss = criterion(state_action_values, expected_state_action_values.unsqueeze(1)) # L =

Q.actual - Q.expected

# optimize the MLP model

optimizer.zero_grad()

loss.backward()

for param in policy_net.parameters():

# clamp grad values to between -1 and 1

param.grad.data.clamp_(-1,1)

optimizer.step()

print(loss.item())

writer.add_scalar('training/losses', loss.item(), steps_done)

Figure 8: RL code generated by GPT-4 for optimization of PCSEL using DQN. Left: replay buffer, policy network, and action
selection setup, right: core part of DQN where the value functions, action-value functions, and loss are computed. The code
shown here is the final version that runs successfully after several rounds of debugging with human.

Appendix B: The details about the optimization of PCSEL via DQN
Deep Q-learning. Deep Q-Learning (DQN) is a type of reinforcement learning algorithm that uses a deep neural network
to approximate the action-value (Q) function, which is used to determine the optimal action to take in a given state. The Q-
function represents the expected cumulative reward of taking a certain action in a certain state and following a certain policy. In
Q-Learning, the Q-function is updated iteratively as the agent interacts with the environment. It is the same in Deep Q-Learning.
But instead of changing the Q value in a map directly, Deep Q-learning changes the weight in the neural network. Actually the
learning process needs 2 neural networks, called the policy network and target network, respectively. These networks have the
same architecture but different parameter weights. Every N steps, the weights from the main network are copied to the target
network. In the action selection process, we apply a strategy called Epsilon Greedy Exploration, which can be described as
follows: 1) At every time step when it’s time to choose an action, roll a dice. 2) If the dice has a probability less than epsilon,
choose a random action. 3) Otherwise take the best known action at the agent’s current state. At the very beginning the epsilon
is very large, which means the agent needs to explore the environment and get some weights updated (all the weights are
initialized as 0). As the epsilon is decreasing, the agent starts to try existing known good actions more and more. Using both of
these networks leads to more stability in the learning process and helps the algorithm to learn more effectively. And about the
weight update of the DQN, we use Bellman’s Equation, which is shown below:

Vπ(s) = Eπ[Rt+1 + γVπ(st+1)|st = s) (1)



The error "RuntimeError: meep: invalid boundary absorbers for this 
grid_volume" happens, help me fix it.

I apologize for the error you are encountering. This error can be due to an 
inconsistency between the size of the Perfectly Matched Layer (PML) and the 
simulation region.
In your case, the simulation region extends infinitely along the x and y 
directions due to the use of mp.inf in defining the geometry. But your PML 
layers are defined only along the z direction.
You can solve this issue by limiting the extent of your simulation region to a 
finite size along all directions and adjust the PML definition accordingly:

# Define the PML layers
pml_layers = [mp.PML(pml_thickness, direction=mp.X),

mp.PML(pml_thickness, direction=mp.Y),
mp.PML(pml_thickness, direction=mp.Z)]

The error "RuntimeError: meep: Could not determine normal direction for 
given grid_volume" happens after I modified our PML layer declaration as 
you say. Please help me fix it.

I apologize for the confusion. This error may also be caused by a mismatch 
between the cell size and the simulation geometry. 
The error could arise if any of the holes (or any other object in the geometry) 
extends beyond the cell boundaries defined by cell_size.
In this case, you can try adding a margin to your cell size to ensure that the 
cell includes all elements of the geometry:

margin = 1.0 #For example, add a margin of 1.0 in each direction
cell_size = mp.Vector3(50*lattice_spacing + 2*margin, 

50*lattice_spacing + 2*margin, z_total + 2*margin)

I am sorry but your suggestions do not help me eliminate the error 
"RuntimeError: meep: Could not determine normal direction for given 
grid_volume”.

In your case, you've defined the size of the FluxRegion to be the size of the 
photonic crystal layer. This definition is creating ambiguity, because it 
doesn't clearly specify in which direction the flux should be computed (x, y, 
or z). Meep expects one of the dimensions of the FluxRegion to be zero, to 
clarify the direction of the flux calculation.
So, if you want to compute the power flowing through the photonic crystal 
layer in the z direction, you should set the z-dimension of the FluxRegion to 
zero:

flux_box = mp.FluxRegion(center=mp.Vector3(), 
size=mp.Vector3(n_holes*lattice_constant, 
n_holes*lattice_constant, 0))

(a)

But the error "NameError: name 'gym' is not defined" happened while 
running. Please help me fix it.

The error "NameError: name 'gym' is not defined" is due to the fact that the 
gym module is not imported. gym is a Python library for developing and 
comparing reinforcement learning algorithms, and it's used in your code to 
define the environment in which the agent operates.
You can fix this issue by simply importing gym at the beginning of your script. 
Additionally, you are also using spaces from gym, so you need to import that 
as well.
Add the following import statements to your code:

Thanks. But the error "AttributeError: 'MeepEnv' object has no attribute 
'parameters'" happens. Please help me fix it.

The error "AttributeError: 'MeepEnv' object has no attribute 'parameters'" 
means that you are trying to access the parameters attribute before it is 
defined in the MeepEnv class.
You can modify your code like this:

import gym
from gym import spaces

class MeepEnv(gym.Env):
def __init__(self):

super(MeepEnv, self).__init__()
# Define action space
# The agent will choose one of 20 possible actions
self.action_space = spaces.Discrete(20)
# Define observation space
# Assuming the emitted power is the only 

observable state
self.observation_space = spaces.Box(low=0, 

high=np.inf, shape=(2,), dtype=np.float32)
# Initialize parameters
self.parameters = {

"t_substrate": 0.2,
"t_n_cladding": 0.3,
"t_active": 0.5,
……}

…

(b)

Figure 9: a) Debugging iterations of the FDTD code by conversing with GPT-4. All bugs/errors in the code demonstrated
in Figure 4 were cleared out within 5 iterations; b) Debugging iterations of the DQN code by conversing with GPT-4. All
bugs/errors in the code demonstrated in Figure 8 were cleared out within 5 iterations.
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Figure 10: Optimization of PCSEL via reinforcement learning (DQN), where the objective is to meet those target metric/FOM
listed in Table 4. This is a detailed expanded version of the right column of Figure 3, including the state and action parameters,
the reward definitions, the FDTD environment, and the agent DNN. This algorithm is based on a prior work (Li et al. 2023b).

A concise introduction to the DQN algorithm is presented in Figure 10 and the following text. DQN introduces a ground-
breaking concept by integrating a policy (action-value) network Q(s, a) with a target network Q′(s, a), leading to substantial
improvements in training performance. Initially, Q′(s, a) is set to be an exact replica of Q(s, a), sharing the same parameters.
parameter C denotes the number of steps before updating the target action-value function Q′(s, a) with the values from Q(s, a),
often referred to as the ”freeze time.” This freezing mechanism has proven to be highly beneficial in enhancing convergence
stability and reducing policy oscillations.

Another crucial aspect of DQN is the implementation of experience replay (Mnih et al. 2015), facilitated through a replay
buffer denoted as D. At each time step, the agent’s transition (s, a, r, s′), also known as experiences, is stored in a pre-allocated
array called D. During the policy update using SGD, experiences from D are randomly selected as training samples. Experience
replay offers several advantages: firstly, it allows past experiences to be reused in numerous future gradient updates, leading
to enhanced sample efficiency and potentially faster convergence; secondly, as consecutive samples are often correlated and
exhibit similar distributions, this can cause the learning process to get stuck at local minima. By randomizing these samples,
the data correlation is broken, enabling a more diverse data distribution. Experience replay can also smooth out learning curves
and alleviate oscillations or even divergence during training.

Next, ϵ-greedy plays a crucial role in DQN. Given that DQN operates in an off-policy manner, it directly estimates actions
using the greedy policy a = argmaxa′ Q(s, a′). However, to strike a balance between exploration and exploitation and enable
the agent to explore a broader range of the state space, ϵ-greedy dynamically adjusts this policy. The agent follows the ϵ-greedy
policy based on Q(s, a). Practically, the ϵ-greedy policy mostly adheres to the greedy policy, selecting the action with the
highest estimated Q-value with a probability of 1 − ϵ. However, with a probability of ϵ, the agent selects a random action to
promote exploration. In this work, the initial and final values of ϵ are set to 0.90 and 0.05, respectively.

The defined objective function, also known as the loss function, for this problem, is as follows:

L(θ) = E[(r + γmax
a′

Q′(s′, a)−Q(s, a))2] (2)

To optimize the loss function L(θ) presented in Equation 1, stochastic gradient descent is employed. In our conducted ex-
periments utilizing DQN, we utilized the RMSprop optimizer with minibatches of size 32 and a learning rate of 0.00025. In
Equation 1, the variable r represents the reward, and we set the discount factor γ to 0.99. This choice of γ allows us to estimate
the cumulative return defined at a future time point T. The cumulative return is computed as the discounted sum of all future
rewards:

R =

T∑
t

γtrt (3)



Through the optimization of the loss function L(θ) as defined in Equation 1, the primary goal is to maximize the cumulative
return R as expressed in Equation 2. By achieving this objective, we aim to identify and obtain the optimal action that we are
seeking in our context.

The state and action setup In the paper we have briefly introduced our PCSEL structure and some elements, here we present
a detailed information about it:

Among all these design parameters, we choose 10 to be optimized, which are the hole radius, the lattice spacing, the thickness
of all five layers, the reflective index of n-cladding layer (we let the refractive index of p-cladding layer change with n-cladding
layer), the active layer and the substrate layer. Each parameter to be optimized has two changing directions. Thus we have 20
discrete action space over all. For change of thickness, we let the step to be 0.0005 or minus 0.0005. For the change of lattice
spacing and reflective index, we set the step of 0.0005 or minus 0.0005. For hole radius, we let the change to be 0.0001 each
time. The following table shows the boundary of the parameters to be changed.

Table 3 presents the state spaces and action spaces in our DQN algorithm. For this proof-of-concept work, the PCSEL is
designed to have 10 states and 20 discrete actions, striking a balance between a manageable parameter space and limiting the
overall training time. It is worth noting that more comprehensive investigations can be chosen for higher-order state-action
spaces in future studies. The state space, representing a subset of design parameters, encompasses geometric parameters of the
PCSEL such as thicknesses and lattice spacing. These states serve as inputs to the policy network. On the other hand, the action
space is constructed by incrementing or decrementing each state by a fixed step size of 0.0001 or 0.0005, as outlined in Table 3.
To determine the optimal action, the policy network predicts an action, which is then utilized to update the state in the FDTD
environment. Subsequently, the environment calculates the associated rewards based on the updated state. For instance, if the
current state is s = 0.3 and the action is a = +0.0001, the environment will yield the next state as s′ = 0.3+0.0001 = 0.3001,
along with the associated reward as rew′. The output reward and the resulting next state are fed back into the policy to initiate
the subsequent iteration, and concurrently, they are used to update the policy network. Past states and rewards are typically
stored in a replay buffer to be utilized later and to mitigate sample correlations (Mnih et al. 2015). If, after multiple action
steps, the value of the current state exceeds the boundaries defined by the Min and Max values specified in Table 3, the current
episode will be forcibly terminated, and a new episode will begin. For a more comprehensive and detailed understanding of
the DQN’s mechanism, additional elaborations and in-depth information can be found in the original DQN paper (Mnih et al.
2015), enabling readers to gain a deeper insight into the process.

PCSEL design parameters
State space Min Max

substrate layer thickness -0.3 um 0.3 um
n cladding layer thickness -0.3 um 0.3 um

active layer thickness -0.3 um 0.3 um
PhC layer thickness -0.3 um 0.3 um

p cladding layer thickness -0.3 um 0.3 um
refractive index of substrate layer -0.15 0.15

refractive index of n cladding /p cladding layer -0.15 0.15
refractive index of active layer -0.15 0.15

lattice spacing -0.1 um 0.1 um
hole radius -0.1 um 0.1 um

Action space Total No. of actions Action type
each state ± a step size 20 Discrete

Table 3: State space and action space of this DQN-based optimization of PCSEL. State variables are net changes in design
parameters (i.e. state = ∆design parameter)

Reward formulation
To assess the quality of the PCSEL, we set four criteria, which are resonant wavelength, emitting power (or Q-factor), lasing

area, and divergence angle. Each criteria is going to be converted to a reward, and the score is the weighted normalized sum of
all four rewards.

Equation 4-8 defines the reward and how it’s related to the target optical responses as laid out in the main text:

rew1 = 1− |λ∗ − λ|/λ∗ (4)

rew2 = 1− (area∗ − area)/area∗ (5)

rew3 = 1− (Q∗ −Q)/Q∗ (6)



rew4 = 1 + (divergence∗ − divergence)/divergence∗ (7)

score = rewT = 10× (α× rew1 + β × rew2 + γ × rew3 + η × rew4) (8)
In the reward formulation, rew1 involves several components. The target maximum to be achieved is denoted by λ∗, while

λ represents the current value of the wavelength obtained from the FDTD environment. To invert the reward and ensure that
larger wavelength result in larger rewards, a constant 1 is used. Additionally, to normalize the magnitude of rewards, we use λ∗

as the denominator. In rew2, the reward is defined based on the target modal volume area∗. The formulation of rew2 is defined
such that rewards are higher when the calculated modal volume (area) are closer to area∗, which aligns with the objectives of
the inverse design problem stated earlier. It is the same in rew3 and rew4, where we choose our target as emitting power (Q-
factor) and divergence angle. Finally, Equation 8 defines the total reward rewT as a weighted sum from rew1 to rew4, which
we also call score. Weighting coefficients are selected as follows after multiple rounds of tuning with different combinations:
α = 1e+ 10, β = 1e+ 15, γ = 1e+ 30, η = 1e+ 32. We chose large coefficients because sometimes reward values could be
as low as 1e-20 or even smaller. The target metrics are listed in Table 4 below, and since we have an infinitely large simulation
model with Bloch boundary conditions, we didn’t report the lasing area, divergence and beam quality in this paper. This will be
covered in future works.

Metric/FOM Target values
Operating wavelength = 1310 nm

Lasing area ≥ 0.36 µm2

Q factor ≥ 10000
Divergence angle ≤ 3o

Beam quality M2 ≤ 3

Table 4: Target Metric/FOM of the PCSEL device to be satisfied via optimization, including the Q-factor, lasing area, operating
wavelength, beam quality, and divergence angle. An ideal PCSEL has the following characteristics: single-mode, high beam
quality M2, large emission area, and small divergence angle. Since M2 is dependent on divergence angle, we didn’t set it as a
reward parameter.

Solved design parameters
State space Solved Values

substrate layer thickness 0.1680 um
n cladding layer thickness 0.1460 um

active layer thickness 0.1920 um
PhC layer thickness 0 um

p cladding layer thickness 0 um
refractive index of substrate layer 0

refractive index of n cladding /p cladding layer 0.0150
refractive index of active layer -0.1000

lattice spacing -0.0170 um
hole radius factor -0.1892

Table 5: Solved design parameters (net changes) of the optimized PCSEL. Hole radius = hole radius factor × lattice spacing / 2

Optimization results The best design parameters of the optimized PCSEL structure is summarized in Table 5 and the
corresponding solved optical attributes are listed in Table 1 in the main text. Please note that state variables are net changes
in the design parameters, rather than the design parameters themselves. So a state variable equal to 0 means that there is
zero change in that particular parameter. These optimized values can be used to fabricate a PCSEL device in clean-room with
enhanced performance metrics.

Calculations of output power-to-injecting power ratio To calculate the output power-to-injecting power ratio of our PC-
SEL, which is equivalent to the electron (photon)-to-photon conversion efficiency, we used the following formula: Poynting
vector divided by dipole source power (the Poynting vector was calculated by Meep or Ansys Lumerical FDTD’s near field
power monitor, while the dipole power was set to 3.98265e-14 w in Meep or Ansys Lumerical FDTD), or,

power ratio = Poynting/dipole power = Poynting/3.98265× 10−14 (9)
It should be noted that the power ratio calculated here is an ideal/theoretical value, and actual experimental results will be

normally worse than this due to optical losses and heat dissipations.



Appendix C: Choice of lasers and computation resources
Choice of laser cavities for inverse design. Traditional VCSELs are lasers that emit light vertically from the surface of the
semiconductor structure, allowing for efficient coupling with optical fibers and other optical components. Photonic crystals
are artificial structures with periodic refractive index modulation in one, two, or three dimensions. This periodicity generates
bandgaps, band edges, and other unique properties that determine the propagation characteristics of light at specific frequencies.

PCSELs are a type of vertical-cavity surface emitting laser, compared to traditional VCSELs, that utilizes two-dimensional
photonic crystals to control multi-directional diffraction, resulting in single-mode, high-power, and low-divergence angle emis-
sion.

The basic design of a PCSEL includes a photonic crystal layer, an active layer, and several cladding layers, including p-n
junctions and electrodes, as shown in Figure 2. The photonic crystal layer typically serves as a resonance cavity. The active layer
is usually composed of III-V materials (such as InP, GaAs, GaN, etc.) and is doped with materials to form quantum wells or
quantum dot structures, enhancing emission efficiency and controlling emission characteristics. The cladding layers are doped
with impurity atoms to form p-type or n-type semiconductor materials, increasing the carrier concentration and enhancing the
material’s electrical conductivity.

When an electrical current is applied to the device, the carriers undergo carrier population inversion between the valence
band and the conduction band in the active layer, leading to the phenomenon of population inversion. Subsequently, carrier
recombination occurs, releasing photons. These photons further couple into the photonic crystal cavity, enhancing stimulated
emission. The design of the photonic crystal layer determines the coupling strength, wavelength, and direction of the emitted
light, making the proper design of the photonic crystal layer crucial for the overall quality of PCSELs.

Here, we propose several design techniques to further lower the divergence angle of PCSELs: vary the shape of the lattice
(hexagonal vs. square), vary the shape of air holes (triangular vs. circular), increase the device size, and use double-lattice PhC
structure (Yoshida et al. 2019). Analytically, according to (Wang et al. 2022), the divergence angle can be expressed as :

θ =
mλ

L

where m is the coefficient which varies with different structures of the PhC lattice such as the shape of lattice and air holes
and the period number of lattice etc., λ is the resonant wavelength, and L is the size of PhC slab. Additionally, the divergence
angle of PCSEL can be described by the eigenstates in momentum which dictates that the in-plane wave-vector should be close
to qπ/L (Chen et al. 2022). Here, q is a coefficient similar to m. Therefore, the divergence angle of PCSEL is determined by
multiple complex parameters and we will subsequently demonstrate the effect of these variations on the PCSEL performance.
In addition, since RL is known to be sample-inefficient and hard to train, we will explore other algorithms such as Bayesian
optimization (BO) (Shahriari et al. 2015) that are considerably more efficient and lightweight. BO, as a black-box optimization
algorithm suitable for expensive environments, could potentially speed up the optimization process and produce better results.
Computing resources and software packages used. The RL code was meticulously developed in Python, strictly adhering
to the algorithmic model depicted in the Figure 10. Throughout the implementation, widely used machine learning libraries
like PyTorch, OpenAI Gym, and Ray RLlib played a crucial role. In particular, Gym and RLlib proved to be particularly
advantageous in accelerating progress. For the training of L2DO, we utilized two Dell workstations with 8 Intel Xeon Gold
5222 cores and an NVIDIA Quadro P4000 GPU. Additionally, comparative computations were performed on a cluster machine
with 30 Intel Xeon Gold 5218 processors and 6 NVIDIA 2080Ti graphics cards. The cluster machine exhibited approximately
200% higher computational efficiency compared to the Dell workstations.

Regarding the FDTD simulations, FDTD (Finite Difference Time Domain) is a numerical method that employs central
difference quotients to replace the first-order partial derivatives of the field with respect to time and space. By recursively
simulating the wave propagation process in the time domain, the FDTD method obtains the field distribution. This approach
facilitates a more straightforward and efficient analysis of the wave propagation process.

Appendix D: Experiments with Llama2
Last not but least, we experimented with another latest LLM called Llama2, which was released by Meta in July 2023. As
a lightweight (70 billion parameters) and open-source LLM, Llama2 emerges as an attractive alternative to ChatGPT. Using
the same conversations, we generated the Meep FDTD code and the DQN code in Llama2. We conclude that, overall, GPT
delivered superior performance and dominated Llama2 in terms of question understanding, idea brainstorming, code generation,
error self-correcting, etc. This performance gap, of course, can be attributed to the enormous number of parameters (1.8 trillion)
and number of training hours that GPT-4 has in its possession. Nonetheless, for those who wish to work with open-source and
free-of-charge LLMs, Llama2 is still a decent choice to start with.

Meep FDTD and DQN code generated by Llama2 is shown in Figure 11 and 12, respectively. Compared to those generated
by GPT in the main text, one can readily conclude that Llama2 is not nearly as powerful and capable as GPT-4. We can tell
that both code are missing core components/modules that render the code erroneous or unable to execute. Critically, Llama2
doesn’t seem to have the knowledge of meep and had huge trouble with writing correct methods/functions in meep. Sometimes
it would even make up fake methods that doesn’t exist at all. Moreover, Llama2 was unable to effectively correct the errors we
fed back to it, and the human facilitator had to manually correct the errors. All in all, Llama2 proved to be inferior to GPT4 in



virtually all aspects and for those who wish to efficiently design hardware with LLM, GPT is still the top choice. This, however,
should not discourage anyone to use Llama2 because one can still harness the open-source power of Llama2.

(a) (b)

Figure 11: Meep FDTD code generated by Llama2.

Appendix E: Full comparison with literature data
We conducted an extensive literature survey of existing state-of-the-art (SOTA) PCSELs and summarized the comparison
between our results and a selected group of papers in Table 6 below (only square lattice and circular holes are reported).

Paper
lambda
(nm)

PhC
dimension

(um)

Device
area

(um2)

Lattice
constant

(nm)
Divergence ↓ Q factor ↑ Lasing area

(m2)
M2 ↓ half

theta
Loss

(1/nm)
↓

Zhou (2020) (Zhou et al. 2020) 957 50*50 2500 / / / / / / /
Ohnishi (2004) (Ohnishi et al. 2004) 959.44 50*50 2500 / 1.1◦ / 2.83e-09 / 0.55 /

Sakai (2005) (Sakai et al. 2005) 965 50*50 2500 286.25 1◦ 1700 / / 0.5 1.29052e-05
Hsu (2017) (Hsu, Lin, and Pan 2017) 1299 300*300 90000 390 ≤ 2◦ 5000 1.76625e-08 / 1 3.22051e-06

Chen (2017) (Chen et al. 2017) 1260 300*300 90000 / / / / / / /
Chen (2021) (Chen et al. 2021a) 948 125*125 15625 281 0.75◦ 2900 6.22e-09 3.1 0.375 7.70647e-06
Wang (2021) (Wang et al. 2021) 935 340*340 115600 / 0.38◦ / / 6.5 0.19 /
Reilly (2020) (Reilly et al. 2020) 1010 250*250 62500 / / / / / / /

Kalapala (2022) (Kalapala et al. 2022) 1040 2000*2000 4e+6 / / 100000 3.14e-08 / / /
Ours 1383 2*2 4 400 1.2◦ 37000 9.92e-14 1.36 0.6 4.30787e-07

Table 6: Comparative assessment of SOTA PCSELs, where GaAs is the gain material, PhC lattices are square and air holes are
circular. The ”/” indicates the absence of data in the cited literature.



Figure 12: DQN code generated by Llama2.


