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Abstract

Inverse design of photonic crystal fibers (PCFs)
is a challenging simulation-driven problem due
to highly non-linear physics, black-box solvers,
and strict fabrication constraints. While large
language models (LLMs) offer new opportu-
nities for iterative design, existing text-only
agents lack physical grounding and effective
feedback for reliable optimization. To address
these challenges, we propose PhysAgent-PCF,
an agent framework that reformulates PCF in-
verse design as an iterative, language-guided
interaction with simulators. PhysAgent-PCF
decouples high-level physical reasoning from
code execution via a dual-brain architecture,
and employs a multimodal critic to convert vi-
sual and spectral simulation discrepancies into
structured natural-language feedback, enabling
trajectory-aware, gradient-free optimization.
We also construct DeepPCF-1M, the first large-
scale multimodal benchmark for PCF inverse
design. Experiments show that PhysAgent-
PCF consistently outperforms strong baselines
across diverse design tasks and robustness set-
tings, demonstrating its effectiveness and supe-
riority for physically grounded inverse design.
Code and dataset are available at PhysAgent.

1 Introduction

Photonic crystal fibers (PCFs) are microstructured
optical fibers whose periodic claddings enable
optical properties beyond those of conventional
fibers (Markos et al., 2017). Designing PCFs to
meet target behaviors such as dispersion or modal
control typically relies on iterative interaction with
computationally expensive Maxwell solvers (Zhu
et al., 2025), making the process slow and diffi-
cult to scale. Consequently, PCF inverse design
exemplifies a broader class of complex, simulation-
driven scientific optimization problems.

To automate PCF design, prior work has ex-
plored inverse methods ranging from population-
based optimizers to neural networks. Classical ap-

proaches such as genetic algorithms (Yang et al.,
2022) and particle swarm optimization (Kaziz et al.,
2024) perform black-box parameter search but re-
quire extensive solver evaluations and scale poorly
in high-dimensional spaces. More recent learning-
based methods replace physics solvers with neu-
ral surrogates to enable faster forward prediction
and gradient-based optimization (Chen et al., 2023;
Ren et al., 2024). However, inverse photonic de-
sign is inherently ill-posed: multiple geometries
can yield identical optical responses, causing dis-
criminative models to collapse to ambiguous or
physically meaningless solutions. Generative ap-
proaches (Ma et al., 2022) alleviate this one-to-
many mapping by sampling diverse designs, yet
often lack fabrication awareness and semantic con-
trol. As a result, existing methods remain limited
in their ability to reason over physical constraints,
incorporate natural-language specifications, or pro-
vide interpretable design rationales.

Recent advances in large language models
(LLMs) and agentic frameworks suggest a promis-
ing alternative for simulation-driven inverse de-
sign (Hao et al., 2025; Han et al., 2025). In princi-
ple, LLM-based agents can iteratively propose de-
signs, execute black-box simulations, and refine hy-
potheses through closed-loop interaction. However,
directly applying existing LLMs or text-only agents
to PCF design remains challenging. Such tasks in-
volve subtle, highly non-linear couplings between
geometric parameters and optical field responses,
where small structural changes can induce qualita-
tively different modal behaviors. Standard LLMs
struggle to simultaneously manage high-level phys-
ical reasoning and low-level implementation de-
tails, while textual simulation feedback alone is
insufficient to diagnose geometric or field-level fail-
ures (Chen et al., 2025). Therefore, current agentic
workflows are prone to hallucination, oscillatory re-
finement, and inefficient exploration, limiting their
effectiveness in realistic PCF design settings.
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Figure 1: Overview of traditional parameter optimization methods and our agentic method for PCF inverse design.

To address these challenges, this paper proposes
PhysAgent-PCF, the first multimodal agent frame-
work tailored for PCF inverse design beyond tradi-
tional methods (refer to Fig. 1), which formulates
the problem as an iterative, trajectory-aware in-
teraction between language models and black-box
simulators. PhysAgent-PCF decouples physical
reasoning from code execution via a planner that
generates high-level design hypotheses in natural
language and a coder that translates them into exe-
cutable simulation scripts. A multimodal critic fur-
ther provides visual feedback from simulation out-
puts, converting discrepancies between observed
and target behaviors into structured linguistic guid-
ance that steers subsequent iterations without gra-
dients. Together with episodic memory, this design
enables grounded and interpretable exploration of
the highly non-linear PCF design space, effectively
bridging high-level physical intent and low-level
executable code. Our contributions are three-fold:

• We construct the first large-scale, multimodal
dataset for PCFs, containing 1 million triplets.
The dataset features a stratified test set cover-
ing 9 topological tiers, serving as a rigorous
testbed for zero-shot scientific reasoning.

• We propose PhysAgent-PCF, a multimodal
agent framework for PCF inverse design built
on Verbal Gradients, a semantic derivative-
free mechanism that turns multimodal simu-
lation feedback into directional updates over
executable code, bridging physical reasoning
and implementation.

• Extensive experiments show that PhysAgent-
PCF consistently outperforms reasoning-

centric, coding-specialist, and text-only agen-
tic baselines across diverse topologies and
physical objectives, confirming the effective-
ness and generality of PhysAgent-PCF.

2 Related Work

Learning-based PCF Inverse Design. PCF in-
verse design is typically formulated as an optimiza-
tion problem over structural parameters, driven by
the highly non-linear coupling between microstruc-
tured geometries and optical responses (Chen et al.,
2023). To reduce the cost of physics-based solvers,
a wide range of machine learning approaches have
been explored to approximate structure–property
relationships, including regression models (Ma
et al., 2022), convolutional (Xiao et al., 2024) and
graph-based networks (Liu et al., 2026), as well
as generative models (Bhadwal et al., 2025) that
synthesize candidate geometries conditioned on
target specifications; related surrogate pipelines
have also been applied to knowledge-fused reverse
design (Ren et al., 2024) and to photonic signal
interrogation (Chen et al., 2022). While these meth-
ods improve efficiency, they predominantly operate
as parameter-level optimizers, producing designs
without explicit design feedback or interpretable
reasoning. Most require task-specific training, offer
limited generalization across objectives, and lack
the ability to iteratively diagnose and correct design
failures (Chen et al., 2025). Existing PCF inverse
design approaches remain disconnected from inter-
active, feedback-driven design workflows that are
essential for unified and extensible design systems.

LLMs and Agentic Scientific Design. Recent
advances in LLMs have demonstrated strong ca-
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Figure 2: Physically-Grounded Human-in-the-Loop pipeline for DeepPCF-1M construction, the dataset spans 9
different PCF topological tiers, and its statistics are in Table 11. The details of human evaluation in Appendix A.

pabilities in scientific reasoning (Ma et al., 2025),
code generation (Zamfirescu-Pereira et al., 2025),
and tool-based interaction (Lu et al., 2025), en-
abling their use in automated experimentation, sci-
entific programming, and black-box optimization.
Building on these capabilities, agentic frameworks
allow LLMs to interact with external environments
such as simulators and compilers through closed-
loop execution and feedback (Wang et al., 2025a;
Ma et al., 2024). However, applying existing agen-
tic frameworks to physically constrained inverse de-
sign tasks poses additional challenges (Polat et al.,
2025). In PCF design, small geometric changes
can cause highly non-linear variations in optical
fields, requiring agents to jointly reason over ge-
ometry, physics, and execution outcomes. Under
such conditions, scalar rewards or textual logs offer
limited diagnostic guidance, while short-horizon,
execution-centric agent frameworks struggle to cap-
ture long-term design trajectories and iterative hy-
pothesis refinement. Concurrent efforts explore
memory-centric agents that accumulate reusable de-
sign skills for photonic inverse design (Chen et al.,
2026), yet they remain text-only and do not exploit
visual simulation evidence. This paper proposes
PhysAgent-PCF, an agent framework tailored for
PCF inverse design. Our proposed PhysAgent-PCF
systematically integrates multimodal simulation
feedback with trajectory-aware, language-guided
reasoning, filling a critical gap in physics-driven
inverse design workflows.

3 DeepPCF-1M Benchmark

We construct DeepPCF-1M, the first large-scale
multimodal dataset pairing natural language in-
structions with executable simulation scripts for
PCF inverse design. Unlike general-purpose code
datasets, DeepPCF-1M captures the complex cou-
pling between geometric parameters and optical
properties such as dispersion, confinement loss, and
nonlinearity. To ensure data validity and structural
diversity, we curate the dataset using a Physically-
Grounded Human-in-the-Loop (PG-HIL) pipeline
(Fig. 2), detailed in the following section.

Seeded Generation via Semantic Perturbation.
Unlike random parameter sweeping, which often
produces physically trivial designs, we adopt a
Seeded Perturbation Strategy. We curate an expert
bank of 2,000 high-quality seeds spanning nine
PCF topological categories, and prompt a code
LLM to apply semantic modifiers (e.g., “Trans-
form the cladding into a Kagome lattice for low-
loss transmission”) (Argyros and Pla, 2007). This
process yields 1.6M raw scripts, enabling broad
coverage of complex PCF design variations with
diverse physical properties.

Automated Physical Grounding. To filter out
hallucinated or non-manufacturable designs, we
deploy a three-stage Automated Physics Filter, in-
cluding (1) Syntax Check, Verifies if the gener-
ated Python script compiles and correctly calls the
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FDTD solver APIs (we use Meep in this work).
(2) Physical Feasibility Check, We rasterize the
defined geometry into a high-resolution 2D ma-
trix G and compute the Euclidean distance map.
This detects physically impossible overlaps (e.g.,
clashing air holes) or disjointed waveguides that
violate fabrication constraints. (3) Solver Conver-
gence, We execute a short-time FDTD simulation.
Scripts that cause solver divergence (NaN fields)
or yield non-physical effective indices (neff < 1 or
neff > nsilica) are discarded. This rigorous filtering
removes approx. 37.5% of the raw data, resulting
in a refined dataset of 1,000,000 valid pairs.

Multimodal Reverse Captioning. We employ
a multi perspective annotation strategy to bridge
visual geometry and optical performance. For each
triplet (I, S, C), where I denotes the fiber cross
section image, S contains simulation outputs such
as dispersion curves and mode profiles, and C is the
executable script, we generate a natural language
instruction T that captures the underlying design in-
tent. Specifically, annotations are constructed from
complementary views, including (1) Geometric Per-
spective: Describes topological features (e.g., "A
six-ring hexagonal lattice with a high air-filling
fraction..."), (2) Optical Perspective: Interprets the
mode field and spectral response (e.g., "The mode
is tightly confined, exhibiting anomalous dispersion
at 1.55µm..."), (3) Instruction Synthesis: We fuse
these descriptions to synthesize diverse instructions
T , ranging from precise parameter requests to ab-
stract functional requirements (e.g., "Design a fiber
suitable for supercontinuum generation").

Uncertainty-based Active Verification. To im-
prove annotation reliability at scale, we incorporate
an active learning (Ren et al., 2021)–based verifi-
cation loop into the data curation pipeline. Rather
than uniform sampling, verification is selectively
applied to samples with high VLM perplexity or
physical properties near boundary conditions. A
statistically representative subset of 5,000 samples
is reviewed by domain experts with advanced pho-
tonics training, who provide binary judgments on
whether the generated instruction T faithfully re-
flects the physical consistency of the corresponding
image I and structure S. This process yields a hu-
man acceptance rate of 94.2% (Table 10). The
dominant source of rejection arises from geomet-
ric hallucinations (42.5%), which we mitigate by
explicitly grounding the VLM on the rasterized
geometry matrix G. Rejected samples are further

reused as negative demonstrations in subsequent
annotation batches, enabling progressive correction
of systematic errors and continuous improvement
of annotation quality as the dataset scales.

4 Methodology: PhysAgent-PCF

Problem Formulation. We formulate PCF in-
verse design as training-free black-box optimiza-
tion over executable simulation scripts. Let C be the
code space and fsim : C → P a non-differentiable
solver mapping code to physical responses. A
frozen LLM iteratively generates candidate scripts
ct

T
t=1 conditioned on the interaction history, and the

best-performing script in the trajectory is selected.
Since ∇fsim is unavailable, the agent is guided
by structured semantic signals extracted from vi-
sual discrepancies rather than a numerical objective.
Crucially, unlike fixed-template optimization over
a set of 3–8 continuous parameters (e.g., pitch Λ
and hole diameters d1, . . . , dn), operating in code
space lets the agent dynamically expand this set,
e.g., by adding nested tubes/breaking symmetries.

Overview. PhysAgent-PCF (see Fig. 3) performs
dual-loop reasoning, with an inner loop ensuring
code executability through syntax-level validation
and self-correction, and an outer loop performing
refinement via iterative updates informed by multi-
modal feedback. The framework comprises three
decoupled modules: a Dual-Brain Generator for
hierarchical planning and implementation, a Mul-
timodal Critic that converts simulation feedback
into verbal gradients, and an Episodic Memory that
enables trajectory-aware hypothesis refinement.

4.1 Decoupled Dual-Brain Reasoning
Standard LLMs often struggle to jointly handle
high-level physical reasoning (e.g., dispersion shap-
ing) and low-level implementation details (e.g.,
Meep API syntax), leading to context dilution
where physical constraints are lost amid syntax
correction. To mitigate this issue, we decouple
generation into two specialized roles. A Physicist
(System-2 Planner πplan) operates purely in the se-
mantic space, analyzing the task and producing a
natural-language design blueprint z that encodes
physical strategies and geometric intent. A Coder
(System-1 Actor πcode) then grounds this blueprint
into an executable simulation script c. The overall
generation is factorized hierarchically as

P (c|t) =
∑

z

Pcode(c|z) · Pplan(z|t,Ht) (1)
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Figure 3: Overview of the proposed PhysAgent-PCF framework.

where Ht is the interaction history. This allows
the planner to focus on why a structure should be
designed, while the coder concentrates on how to
implement it, reducing reasoning–execution inter-
ference and improving physical fidelity.

4.2 Multimodal Critic with Verbal Gradients
In simulation-driven optimization, scalar rewards
signal failure but neither explain its cause nor sug-
gest a correction, making black-box exploration
inefficient. We therefore introduce verbal gradients
(∇verbal), a semantic alternative to numerical deriva-
tives that bridges the semantic-to-numeric gap:
numerical gradients cannot operate over discrete
topology edits in code, while raw critic text is ver-
bose and unstable. We cast them as derivative-free,
sign-based directional signals over executable code
rather than fixed continuous vectors (Appendix C).
A vision–language critic analyzes the multimodal
simulation output Ot = {Imode, Sspec} and pro-
duces structured feedback that diagnoses failures,
grounds them in visual or spectral evidence, and
proposes directional adjustments. Formally, the
critic Cϕ maps the observation–target discrepancy
to a semantic update signal:

∇(t)
verbal = Cϕ(Ot, ptarget) ≈

∂Lphy

∂Semantics
, (2)

which acts as a prompt-based pseudo-gradient
steering the planner toward physically meaning-
ful refinements (e.g., enlarging cladding holes
to reduce mode leakage). A lightweight deter-
ministic parser then converts this diagnosis into

a strict schema {PARAMETER, DIRECTION ∈
{−1, 0,+1}, MAGNITUDE}, giving the planner
a clean, math-aligned instruction rather than un-
structured prose. The signal is thus conceptual
rather than numerical, operating in semantic space
(Detailed analysis in Appendix C).

4.3 Hypothesis Update via Episodic Memory

A common failure mode in agentic optimization is
parameter oscillation, where the agent repeatedly
toggles between suboptimal configurations without
convergence due to the lack of long-term trajectory
awareness. To address this issue, we introduce an
Episodic Memory Replay mechanism that enables
trajectory-aware planning, in the spirit of treating
accumulated design experience as a reusable pol-
icy (Chen et al., 2026). The agent maintains a mem-

ory buffer M = (zi, ci, Oi,∇(i)
verbal)

t−1

i=0, which
records past blueprints, executed codes, observed
outcomes, and corresponding verbal gradients. Be-
fore generating the next blueprint zt+1, the plan-
ner explicitly retrieves relevant past experiences
and performs a hypothesis update, synthesizing
prior failures into a revised physical conjecture that
guides subsequent exploration. Formally, the next
blueprint is generated by conditioning the planning
policy on the retrieved episodic context and the
latest verbal feedback. It can be formulated as

zt+1 = argmax
z

πplan
(
z | t, Retrieve(M, k), ∇(t)

verbal

)
,

(3)
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thereby transforming a memoryless Markov pro-
cess into trajectory-aware optimization procedure
that suppresses oscillatory behavior and promotes
smooth convergence through logical deduction.

5 Experiments and Results

Baselines. We benchmark our PhysAgent-PCF
against advanced baselines, categorizing them
into three distinct paradigms, including (1) Rea-
soning Models (System 2 Native): Gemini-3-
Flash (Team et al., 2025), DeepSeek-R1 (Guo et al.,
2025), OpenAI o1, Qwen3-235B-A22B-Thinking-
2507 (Yang et al., 2025), (2) Coding Specialists
(System 1 Native): Qwen3-Coder-480B-A35B-
Instruct (Yang et al., 2025), DeepSeek-Coder-V2-
Instruct (DeepSeek-AI et al., 2024), Claude Sonnet
4.5, Gemini 3 Pro Preview (Team et al., 2025),
GPT-5.1-Codex-Max, (3) Agentic Loops: Stan-
dard ReAct (GPT-4o and Claude 3.5) (Yao et al.,
2023), SWE-Agent (GPT-4o and Claude 3.5) (Yang
et al., 2024), OpenHands (GPT-4o and Claude
3.5) (Wang et al., 2025b).

Implementation Details All models are ac-
cessed through the OpenRouter API service, and
simulations are conducted locally with Meep
v1.28 (Oskooi et al., 2010). For fair compari-
son, all agentic baselines operate under a strict
budget of Tmax = 5 simulation turns per task,
where each turn consists of a full cycle of code
generation, simulation execution, and feedback.
PhysAgent-PCF is implemented using a modular
Dual-Brain configuration. The System-2 Planner
employs Qwen3-235B-Thinking with temperature
τ = 0.6. The System-1 Coder uses Claude 4.5 Son-
net with τ = 0.1. For multimodal feedback, we
adopt GPT-4o-2025-Vision as the visual-language
critic. For in-context grounding, PhysAgent-PCF
and all agentic baselines retrieve the top-k (k=2)
Meep scripts from the training corpus only via
dense-vector search (text-embedding-3-small,
cosine similarity over the target specification); re-
trieved scripts supply syntax and lattice/bound-
ary templates rather than structural solutions. To
preclude leakage, a strict out-of-distribution split
places test targets beyond the perturbation radius of
any retrieved seed, so reaching them requires gen-
uine topology rewriting, not parameter copying.

Evaluation Metrics We evaluate model perfor-
mance using multiple complementary metrics. Ex-
ecution Rate (Exec%) (Chen et al., 2021) measures

whether generated scripts run without syntax errors
or solver divergence, while Physical Consistency
Score (PCS) (Jiang et al., 2019) assesses geometric
correctness via IoU with the target topology. A gen-
eration is considered successful if it is executable
and its simulated optical properties fall within ±5%
of the target, yielding the Success Rate (SR) (Peu-
rifoy et al., 2018). We also report Pass@1 (Chen
et al., 2021) to measure generation stability. Details
for these metrics are provided in Appendix D.

5.1 Main Results

As shown in Table 1, PhysAgent-PCF achieves the
best overall performance on DeepPCF-1M, attain-
ing the highest success rate and execution robust-
ness with fewer interaction turns. These gains arise
from two complementary sources rather than archi-
tectural decoupling alone: the dual-brain design
improves syntactic stability (98.8% Pass@1) and
enables role specialization, while the multimodal
critic drives the macroscopic success-rate gains
through simulation-grounded feedback (see the ab-
lation in Table 2). Consequently, PhysAgent-PCF
consistently outperforms pure reasoning models
and text-only agents, which lack both structured
multimodal feedback and role specialization.

5.2 Qualitative Analysis

Fig. 4 visualizes representative geometries and
their transient Ez fields from FDTD. Existing
paradigms show distinct failure modes: reasoning-
centric models hallucinate geometry, coding spe-
cialists collapse to generic symmetric templates,
and text-only agents, lacking geometric aware-
ness, converge to suboptimal solutions. In contrast,
PhysAgent-PCF uses multimodal visual feedback
to jointly resolve topology and fine geometry, pro-
ducing valid, task-aligned designs (e.g., symmetry-
broken PM fibers, hollow-core ARFs, and ultra-
thin suspended cores with well-confined modes).
These results highlight visual grounding as key to
physical correctness beyond text-only generation.

5.3 Ablation Study

We perform a component ablation using two diag-
nostic metrics: Spatial Accuracy, measuring topo-
logical correctness, and Spectral Accuracy, assess-
ing optical performance given a valid topology. As
shown in Table 2, removing the VLM-based visual
critic leads to a pronounced drop in Spatial Accu-
racy, while disabling episodic memory increases in-
teraction cost and degrades Spectral Accuracy due
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Method / Model Backbone / Code Quality Physical Grounding Efficiency
Size Pass@1 Exec. PCS (IoU) SR (%) Avg. Turns

Cat 1: Reasoning Models (System 2 Native) - Zero Shot
Gemini-3-Flash (Team et al., 2025) - 88.1 94.5 55.2 45.4 1.0
Qwen3-235B-A22B-Thinking-2507 (Yang et al., 2025) 235B (MoE) 91.8 96.8 68.9 60.1 1.0
DeepSeek-R1 (Guo et al., 2025) 671B (MoE) 90.5 95.2 70.1 61.2 1.0
OpenAI o1 - 95.4 98.9 69.8 63.5 1.0

Cat 2: Coding Specialists (System 1 Native) - Zero Shot
DeepSeek-Coder-V2-Instruct (DeepSeek-AI et al., 2024) 236B 89.2 96.1 56.4 43.8 1.0
Gemini 3 Pro Preview (Team et al., 2025) - 94.5 98.2 58.1 47.5 1.0
Qwen3-Coder-480B-A35B-Instruct (Yang et al., 2025) 480B 96.8 99.1 61.5 49.8 1.0
Claude Sonnet 4.5 - 97.5 99.4 60.8 50.2 1.0
GPT-5.1-Codex-Max - 99.1 99.6 63.4 52.6 1.0

Cat 3: Agentic Loops (Text-Feedback Baselines)

Standard ReAct (Yao et al., 2023)
GPT-4o 89.4 95.8 75.1 70.4 4.2

Claude 3.5 90.1 96.5 73.8 67.8 4.6

OpenHands (Wang et al., 2025b)
GPT-4o 93.5 97.4 76.2 71.5 4.8

Claude 3.5 96.1 98.5 78.1 74.8 4.6

SWE-Agent (Yang et al., 2024)
GPT-4o 94.2 98.1 77.8 74.5 4.4

Claude 3.5 95.9 98.5 77.1 73.9 4.7

Ours: PhysAgent-PCF (Multimodal-Feedback)
PhysAgent-PCF (Unified) GPT-4o 96.8 99.0 88.5 84.9 (+10.4) 3.1
PhysAgent-PCF (Unified) Claude 3.5 97.2 99.2 90.1 86.8 (+12.0) 2.9
PhysAgent-PCF (Hybrid)* Qwen3-Think + Claude 4.5 98.8 99.6 95.4 91.2 2.4

Hybrid Config: Planner = Qwen3-235B-A22B-Thinking, Coder = Claude Sonnet 4.5. ∆ compares against the best Cat 3 agent with the same backbone.

Table 1: Main results on DeepPCF-1M benchmark. Bold: the best; Underline: the second-best.
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Figure 4: Comparative visualization of generated fiber topologies with transient Ez fields. More case studies on
complex topogies are in Appendix F and failure modes analysis are provided in Appendix G.

to repeated exploration of failed parameters. Re-
placing the dual-brain hybrid with a unified model
further reduces performance. These highlight the
complementary roles of visual grounding, memory,
and role-specialized reasoning in PhysAgent-PCF.

Configuration
Overall Granular Diagnosis Cost
SR (%) Spatial Acc. Spectral Acc. Turns

Full (Hybrid) 91.2 97.8 93.4 2.4

w/o Multimodal Critic 77.4 (-13.8) 81.2 (-16.6) 90.1 (-3.3) 4.2
w/o Episodic Memory 83.5 (-7.7) 97.5 (-0.3) 85.6 (-7.8) 4.9
w/o Dual-Brain 88.1 (-3.1) 95.4 (-2.4) 91.2 (-2.2) 3.0
w/o Hypothesis Update 86.8 (-4.4) 96.1 (-1.7) 88.4 (-5.0) 3.5

Table 2: Ablation analysis results. w/o: without. These
two diagnostic metrics details are in Appendix D.2.

5.4 Iterative Optimization Capabilities
Fig. 5 shows the optimization trajectories of dif-
ferent agents measured by Dispersion MSE, where
lower values indicate closer alignment with the
target dispersion. While standard ReAct agents

exhibit oscillatory, random-walk–like behavior,
PhysAgent-PCF achieves smooth and monotonic
error reduction resembling steepest-descent opti-
mization. As highlighted in the inset, PhysAgent-
PCF is the only method that consistently reaches
the success threshold (MSE < 5.0) within the 5-
turn budget, demonstrating superior stability and
sample efficiency in iterative refinement.

5.5 Comparison with Classical Optimizers

Classical derivative-free optimizers (DFO) op-
erate over a fixed continuous parameter vector,
whereas PhysAgent-PCF optimizes in executable
code space and can perform topology-changing
edits. To isolate optimization efficiency under a
fair, fixed-topology setting, we benchmark against
Random Search, PSO, GP-BO, CMA-ES, and a
surrogate-MLP with gradient descent on dispersion
minimization (optimizing d1, d2, and Λ of a hexag-
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Figure 5: Optimization trajectory across agents.

onal PCF at 1.55µm).
As shown in Table 3, continuous solvers reach

slightly lower MSE through dense micro-stepping,
but only after hundreds to thousands of FDTD eval-
uations; PhysAgent-PCF attains competitive preci-
sion within 1–3% of that budget (5 calls). When
the template is physically bounded, continuous
solvers stall at local minima, whereas PhysAgent-
PCF rewrites the topology to escape them. On a
fixed 6-capillary anti-resonant fiber (Ding et al.,
2019), GP-BO converges to 0.12 dB/km after 100
FDTD evaluations, while PhysAgent-PCF reaches
0.015 dB/km in 5 turns by inserting nested features
at turn 3. The advantage is thus sample efficiency
and topology discovery, not single-point precision.

Method Type Best MSE (↓) FDTD Calls (↓) Topo. Disc.

Random Search Baseline 3.458 488 No
PSO Swarm 1.114 370 No
GP-BO Bayesian 0.921 151 No
CMA-ES Evolutionary 0.880 799 No
Surrogate-MLP+Grad Deep Learning 0.882 5,000+ No

PhysAgent-PCF (Ours) LLM Agent 1.027 5 Yes

Table 3: Fixed-topology dispersion optimization across
classical DFO and ML methods. Classical solvers
achieve marginally lower MSE but require 30–1000×
more solver calls and cannot perform discovery.

5.6 Framework Analysis

Hyperparameter Sensitivity. We analyze the
sensitivity of PhysAgent-PCF to key hyperparam-
eters and find the framework to be robust across
a wide operating range. As shown in Fig. 6(a),
the planner temperature exhibits a clear Goldilocks
zone between 0.4 and 0.6, balancing hypothesis
diversity and physical validity, with more complex
anti-resonant structures benefiting from higher tem-
peratures. Fig. 6(b) shows that increasing the mem-
ory window size initially accelerates convergence,
but saturates around K = 4, beyond which token
costs increase without performance gains. Finally,

Fig. 6(c) indicates that a moderate critic confidence
threshold (δcritic ≈ 0.6) yields the best performance
by filtering noisy visual feedback. These suggest
intuitive and stable hyperparameter regimes consis-
tent with the design principles of PhysAgent-PCF.

Robustness to Linguistic Perturbations. We
use a Hard Prompt subset with under-specified,
conflicting, and noisy instructions. As shown in Ta-
ble 4, PhysAgent-PCF shows substantially smaller
performance drops than standard ReAct agents
across all noise types. The gain is largest under
conflicting prompts with physically impossible con-
straints: the System-2 planner detects inconsisten-
cies and reconciles them before code generation,
whereas ReAct blindly follows the prompt, yield-
ing invalid designs or solver crashes. Thus, explicit
reasoning and planning provide stronger semantic
robustness under realistic, imperfect user queries.

Noise Type ReAct (GPT-4o) PhysAgent (Ours) Advantage

Clean Prompts 70.4% 91.2% -

Under-specified 35.2% (-50%) 78.4% (-14%) Planner infers defaults
Conflicting 12.5% (-82%) 65.1% (-28%) Planner detects error
Noisy / Typos 65.8% (-6%) 89.5% (-2%) Robust parsing

Average Drop -46.0% -14.7% More Robust

Table 4: Linguistic robustness analysis. Lower drop (∆)
indicates better semantic reasoning capability.

Manufacturing Tolerance Awareness. We eval-
uate the manufacturing robustness under realistic
fabrication uncertainty, where geometric parame-
ters deviate from their nominal values. Specifically,
we introduce random geometric perturbations rang-
ing from ±1% to ±5% and re-simulate the result-
ing designs to measure dispersion degradation. As
shown in Fig. 7, PhysAgent-PCF designs maintain
tightly clustered performance distributions under
perturbation, indicating low sensitivity to manu-
facturing noise, whereas baseline designs exhibit
substantially larger variance and rapid degradation.
These results show that PhysAgent-PCF optimizes
not only for nominal physical targets but also for
robustness under practical fabrication tolerances.

Verbal-Gradient Noise Profile. We audit 200
agent steps against ground-truth physical gradients
from finite-difference probing of the solver. As
shown in Table 5, the critic acts as a reliable but
noisy sign oracle: the directional sign is correct in
86.5% of steps, flipped in 6.5%, and absent in 7.0%,
while 18.0% of correct-sign steps over-estimate
the step size and induce near-optimal oscillation.
This step-wise noise does not accumulate: episodic-
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Figure 6: Hyperparameter Sensitivity Analysis. (a) The impact of Planner Temperature τplan on success rate, (b)
The trade-off between Memory Window Size K and efficiency, (c) Sensitivity to VLM Critic Threshold δcritic.
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Figure 7: Manufacturing robustness analysis.

memory replay reverts any step that worsens the
physical loss and inverts its direction.

Verbal-Gradient Outcome Frequency

Correct directional sign 86.5%
Sign-flip (hallucinated) 6.5%
Vague / no direction 7.0%

(Subset) step-size over-estimation 18.0%

Table 5: Empirical noise profile of verbal gradients over
200 audited steps. Sign-flip and over-shoot errors are
reversible under episodic-memory replay.

Structured vs. Raw Critic Feedback. We iso-
late the effect of parsing the critic’s diagnosis into
a structured verbal gradient versus appending its
raw text to the planner prompt (270 cases, 5 runs).
Raw text floods the planner and yields an 11.7%
parameter-hallucination rate (optimizing variables
that do not exist). As shown in Table 6, the parsed
schema constrains the planner to a single optimiza-
tion step, cutting hallucinations to 1.5% and raising
success from 78.0% to 91.2%.

Computational Cost. We profile the Hybrid con-
figuration over 100 test cases. As summarized in
Table 7, agent overhead is minor (∼26.5 s and
∼$0.023 per turn); the FDTD solver dominates

Feedback Format Valid Action Param. SR
Rate (↑) Halluc. (↓) (↑)

Raw unstructured critic text 78.5% 11.7% 78.0%
Parsed verbal gradient (Ours) 98.5% 1.5% 91.2%

Table 6: Ablation on planner input formatting (averaged
over 5 runs, 270 cases).

at ∼245 s/turn, about 10× the agent cost. Since the
framework converges in∼5 simulations rather than
the hundreds to thousands required by the classical
pipelines in Table 3, it reduces 10–50 solver-hours
to under 15 minutes, shifting cost from physics
simulation to token inference.

Component Avg. Time (s) Tokens (In/Out) API Cost

System-2 Planner 12.5 2,150 / 680 $0.004
System-1 Coder 8.2 1,820 / 450 $0.011
Multimodal Critic 5.8 1,450 / 120 $0.008
Physical Solver 245.0 N/A Local CPU

Total / Turn ∼271.5 ∼5,420 / 1,250 ∼$0.023

Table 7: Average computational cost breakdown per
interaction turn (Hybrid, 100 cases).

Additional Analyses. We further provide addi-
tional analyses including human evaluation of de-
signs (App. E.1), prompt sensitivity (App. E.2),
and coarse-to-fine refinement (App. E.3).

6 Conclusion

This paper proposes PhysAgent-PCF, the first mul-
timodal agent framework that enables trajectory-
aware, language-guided optimization for photonic
crystal fiber inverse design by tightly integrating
physical reasoning, executable simulation, and mul-
timodal feedback. Through extensive evaluation on
the DeepPCF-1M benchmark, our results demon-
strate that multimodal, role-specialized agents pro-
vide a robust paradigm for physically grounded
inverse design in complex scientific domains.
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Limitations

This work targets two-dimensional cross-sectional
PCF designs and electromagnetic simulations, with-
out modeling longitudinal variations or multi-
physics effects. Adapting the framework to other
scientific domains requires domain-specific simula-
tors and validation rules. Language-based updates
give reliable direction but coarse step sizes, so the
agent is not suited to high-precision floating-point
tuning; once the topology is fixed, a lightweight
local solver completes last-mile refinement.
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A DeepPCF-1M

A.1 Human-in-the-Loop Validation

Constructing a million-scale benchmark requires
rigorous quality control to ensure that the (Instruc-
tion, Code, Property) triplets are physically consis-
tent and error-free. While the bulk of DeepPCF-1M
is generated via our automated physics engine, we
employed a strict Human-in-the-Loop (HITL) val-
idation protocol to certify the dataset’s integrity.

Dimension Checklist question Pass criteria

Executability Does the Meep script run without
syntax errors or runtime crashes?

Code must execute end-to-end and pro-
duce an electromagnetic field output.

Semantic Alignment Does the code implement the ge-
ometry described in the text?

If text says "7-core", the geometry must
define exactly 7 cores. If text says
"Hollow-core", refractive index must be
1.0.

Physical Validity Are the simulated properties
within realistic bounds?

Dispersion ∈ [−500, 500] ps/nm/km;
Loss > 0. Outliers (e.g., Dispersion
> 105) indicate simulation divergence
and are rejected.

Visual Integrity Is the generated structure visually
coherent?

No overlapping holes (unless intended),
no fragmented pixels. The simulation
grid resolution must be sufficient to re-
solve thin features.

Table 8: Quality assurance rubric for DeepPCF-1M. A
sample is discarded if it fails any single criterion.

Setup. Since manual verification of all one mil-
lion samples is infeasible, we adopt a stratified
random sampling protocol for dataset validation.
In Phase 1, we manually verify all 500+ seed tem-
plates (the parametric logic generators underlying
the 2,000-seed expert bank) to ensure the underly-
ing code logic is physically sound. In Phase 2, after
full dataset generation, we construct a Golden Set
of 5,000 instances (approximately 555 per topolog-
ical category), which provides a 95% confidence
level with a margin of error within ±2%. These
sampled triplets are reviewed by five domain ex-
perts (PhD in photonics) using a strict validation
rubric (as shown in Table 8), with the primary crite-
rion being alignment whether the natural language
description faithfully reflects the physical structure
and behavior defined by the code.

Filtering Stage Discarded Samples Reason

Raw Generation 1,600,000 (Initial Pool)
Syntax Check -180,000 Compilation Errors
Geometry Check -220,000 Overlapping / Collisions
Physics Sanity Check -200,000 Non-converged or Non-physical Fields

Final 1,000,000 High-Quality Triplets

Table 9: Statistics of the automated filtering pipeline.

Iterative Refinement Pipeline Dataset construc-
tion followed an iterative human-in-the-loop refine-
ment process. We conducted three rounds of expert
review. In the pilot round, an initial pass rate of
86% revealed implementation issues in the anti-
resonant generator (e.g., invalid tube thickness),
which were corrected at the template level. In the
scaling round, the pass rate increased to 94%, with
feedback indicating that some fractal-related in-
structions were overly vague; this was addressed by
enriching prompt templates with explicit geometric
constraints. In the final round, a spot check on the
released 1M dataset achieved a pass rate of 99.2%,
with the remaining noise (<1%) considered accept-
able for large-scale pretraining. Note that this post-
refinement pass rate differs from the single-pass
human acceptance rate of 94.2% reported in Ta-
ble 10, which is measured before template-level
corrections.

Data Filtering Statistics. Prior to human review,
we applied aggressive automated filtering to re-
move syntactically invalid, physically infeasible,
or non-convergent samples. The resulting filtering
statistics are in Table 9, ensuring a high signal-to-
noise ratio in the final DeepPCF-1M benchmark.
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Error Category Description of Failure Mode Freq. (%) Impact

Geometric Hallucination The text describes structural features (e.g., "elliptical holes") absent in the image/code, or vice versa. 42.5% High
Physical Inconsistency The described optical property (e.g., "zero dispersion") contradicts the simulation log S. 31.0% High
Vague / Generic The instruction is too broad (e.g., "Design a fiber") without specific constraints, failing the diversity check. 15.5% Low
Spatial Misalignment Incorrect spatial references (e.g., confusing "core" with "cladding" or "inner ring" with "outer ring"). 8.0% Medium
Other / Unclear Subjective disagreement or ambiguous phrasing. 3.0% Low

Total Acceptance 94.2% - -

Table 10: Human evaluation and error analysis on DeepPCF-1M. The "Impact" column indicates whether the error
affects code executability or semantic consistency.

Topology Category Structural Description Count Ratio Target Application

Solid-Core Hexagonal Standard triangular lattice with solid silica core. 300,000 30.0% Supercontinuum / Solitons
Hollow-Core PBG Honeycomb lattice creating photonic bandgaps. 150,000 15.0% High-Power Delivery
Anti-Resonant (ARF) Negative curvature tubes (e.g., Kagome, Nested). 120,000 12.0% Ultra-Low Loss / Gas Sensing
High-Birefringence (PM) Asymmetric holes (Elliptical/Panda) for polarization. 100,000 10.0% Fiber Gyroscopes
Suspended / Cobweb Small core supported by thin nano-struts. 100,000 10.0% Mid-IR Sensing
Multi-Core PCF Multiple isolated cores in a single cladding. 80,000 8.0% Space Division Multiplexing
Square / Rectangular Non-hexagonal symmetry lattices. 80,000 8.0% Mode Shaping
Vortex / Ring-Core Annular core supporting OAM modes. 50,000 5.0% Orbital Angular Momentum
Fractal / Quasi-Crystal Penrose tiling or Sierpinski patterns. 20,000 2.0% Topological Photonics

Total Dataset 9 Categories of Complex Microstructures 1,000,000 100% General Purpose Design

Table 11: Statistical breakdown of DeepPCF-1M across nine topological categories.

Final Human Review. After filtering, domain ex-
perts manually verified all 5,000 selected samples
to ensure that the underlying code logic and phys-
ical interpretations were sound. The evaluation
was conducted in a blinded manner: model identi-
ties and generation sources were anonymized, and
samples were randomly shuffled prior to review to
minimize potential bias. Each sample was indepen-
dently assessed by experts with advanced training
in photonics, following a strict rubric that focused
on physical alignment. Specifically, whether the
natural language instruction faithfully reflected the
geometry and optical behavior defined by the ex-
ecutable code and simulation outputs. Table 10
summarizes the human evaluation results .

A.2 Dataset Statistics

Table 11 provides a granular statistical breakdown
of the DeepPCF-1M. The dataset is constructed
to reflect the real-world complexity landscape of
photonic design, exhibiting a natural long-tailed
distribution: while standard industrial designs (e.g.,
Solid-Core Hexagonal, 30%) constitute the ma-
jority, the benchmark intentionally preserves a di-
verse tail of exotic and experimental topologies
(e.g., Fractal/Quasi-Crystals, 2%) to evaluate the
agent’s out-of-distribution generalization capabil-
ities. Each of samples is curated as a multimodal

triplet

⟨Natural Language Instruction,

Executable Meep Script,

Physical Property⟩
(4)

ensuring that the evaluation covers the full spec-
trum from linguistic understanding to code genera-
tion and physical reasoning.

B Prompt Definitions

This section provides the full system instructions
used in the PhysAgent-PCF framework. We utilize
a modular prompting strategy where the Planner,
Coder, and Critic possess distinct personas.

System Prompt: Physicist Planner
Role: You are a senior Computational Physicist specializ-
ing in Photonic Crystal Fibers (PCF).
Task: detailed design plan based on the user’s optical
requirements. You have access to a retrieval database of
successful designs.
Input Context:

• User Query: {{user_query}}

• Retrieved Exemplars: {{retrieved_examples}}
(3 successful Meep scripts similar to the query)

• History: {{conversation_history}} (Previous
attempts and Critic feedback)

Instructions:

1. Reasoning: First, analyze the physical constraints.
Determine the optimal topology (e.g., Hexagonal vs.
Anti-Resonant) based on the target property (e.g.,
Dispersion vs. Loss).
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2. Parameter Estimation: Estimate initial geometric
parameters (pitch Λ, hole diameter d, ring count
N ). Explicitly state your physical intuition (e.g.,
"Increasing d will flatter the dispersion slope").

3. Refinement Strategy: If this is a re-try step, analyze
the Verbal Gradient provided by the Critic. Explain
why the previous parameter failed and calculate a
specific update (e.g., "Decrease d by 5%").

Output Format: Return a structured “Thought Trace“
followed by a specific instruction for the Coder.

System Prompt: Simulation Engineer
Role: You are an expert Meep (Python) developer. You
translate physical specifications into error-free simulation
scripts.
Input:

• Physics Plan: {{planner_output}}

• Syntactic Constraints: Use meep. Ensure PML
layers are sufficiently thick. Set resolution ≥ 20.

Instructions:

1. Implement the geometry defined in the Plan exactly.

2. Define the source and monitors correctly for the
target wavelength (e.g., 1.55 µm).

3. Self-Correction: Before outputting, check for com-
mon errors:

– Ensure geometry does not overlap with PML.
– Ensure materials are defined (SiO2 vs Air).
– Ensure the computational cell size covers the

evanescent field.

Output: A single, executable Python code block wrapped
in “‘python ... “‘.

System Prompt: Multimodal Critic
Role: You are a Quality Assurance Physicist. You verify
if the simulation results match the design target.
Input:

• Target: {{user_goal}}

• Simulation Log: {{sim_log}} (Numerical, errors)

• Visual Field: {{visual_field}}

• Structure: {{structure}} (Meep script)

Instructions:

1. Visual Inspection: Look at the heatmap. Is the
light confined in the core? Is there leakage into the
cladding? Is the mode shape correct (e.g., fundamen-
tal vs. multi-mode)?

2. Numerical Check: Compare the simulated value
(e.g., Dispersion = 5.2) with the target (e.g., 0.0).

3. Verbal Gradient: If the design failed, generate a
specific, directional feedback.

– Bad Example: "Try again."

– Good Example: "Mode is leaking. The air-
filling fraction is too low. Suggest increasing
hole diameter d."

Output: JSON format { "success": bool, "feedback": str
}.

C Verbal Gradient Descent

We introduced verbal gradients as a high-level ab-
straction for guiding iterative refinement without
numerical derivatives. This section provides an
algorithmic formalization that connects language-
based feedback to parameter updates, framing our
method within the broader family of derivative-free
optimization (DFO) techniques.

C.1 Verbal Feedback as Directional Signals

Let x ∈ Rd denote the vector of geometric pa-
rameters governing a simulation fsim(x), and let
L(x) = |fsim(x)− ytarget| be the physical discrep-
ancy to minimize. Since fsim is non-differentiable,
the true gradient∇L is unavailable. Instead of esti-
mating numerical gradients via finite differences,
PhysAgent-PCF relies on semantic feedback. A
multimodal critic observes the mismatch between
the simulated outcome and the target, expressed
through visual and spectral cues, and generates a
natural language feedback message wt that quali-
tatively describes how the current design deviates
from the target. We interpret this feedback as pro-
viding a directional signal rather than a numeric
gradient. Formally, a lightweight, deterministic se-
mantic parser Φ(·)—a JSON/regex extractor that
enforces a fixed schema—maps feedback text to a
signed update direction for each relevant parame-
ter:

dirt = Φ(wt) ∈ {−1, 0,+1}, (5)

where the sign encodes whether the parameter
should be decreased, preserved, or increased. Im-
portantly, Φ is not designed to recover exact gra-
dients, but to extract coarse directional guidance
from language, analogous to sign-based gradient
methods.

C.2 Step Size Selection

While the critic provides directional information,
the magnitude of the update is determined by the
System 2 Planner. The planner interprets linguistic
intensity modifiers in the feedback, such as slightly
or significantly, together with the optimization con-
text and prior trajectory stored in episodic memory.
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Algorithm 1 Verbal Gradient Update Step
Input: Current parameters xt, simulation output
yt, target y∗, base step size ηbase
Output: Updated parameters xt+1

1: Observe multimodal discrepancy between yt
and y∗.

2: Critic generates natural language feedback wt.
3: Extract directional signal dirt ← Φ(wt).
4: Infer step size multiplier ηt ← ηbase ·Ψ(wt).
5: Update parameters: xt+1 ← xt + ηt · dirt.

We model this process as an adaptive step size:

ηt = ηbase ·Ψ(wt), (6)

where Ψ(·) maps qualitative intensity cues to scalar
multipliers. This step size selection is heuristic and
context-dependent, reflecting deliberate reasoning
rather than numerical estimation of |∇L|.

C.3 Verbal Gradient Update Rule

Combining the directional signal from the critic and
the step size inferred by the planner, PhysAgent-
PCF updates parameters as:

xt+1 = xt + ηt · dirt. (7)

This update resembles a stochastic sign-gradient de-
scent step, with the crucial distinction that the gradi-
ent sign is inferred semantically from multimodal
feedback rather than computed numerically. As
such, verbal gradient descent should be understood
as a conceptual analogy to sign-based optimization,
not a strict estimator of numerical derivatives.

D Evaluation Metrics

We evaluate all methods using a comprehensive set
of execution, geometric, and physical metrics de-
signed to assess both syntactic validity and physical
correctness.

D.1 Metrics in Main Results

Execution Rate (Exec%) Execution Rate (Chen
et al., 2021) measures the proportion of generated
simulation scripts that can be successfully executed
without syntax errors or solver divergence. For-
mally,

Exec% =
1

N

N∑

i=1

I(fsim(ci) terminates normally) ,

(8)

where ci denotes the generated simulation script
for sample i, fsim is the electromagnetic solver, and
I(·) is the indicator function.

Physical Consistency Score (PCS) PCS (Jiang
et al., 2019) evaluates whether the generated ge-
ometry conforms to the target structural topology
implied by the prompt. We compute PCS as the
intersection-over-union (IoU) between the binary
mask of the generated structure Gi and the refer-
ence topology mask Ri:

PCSi = 100× |Gi ∩Ri|
|Gi ∪Ri|

, (9)

where the score ranges from 0 to 100. Higher PCS
indicates better geometric consistency and strongly
correlates with successful physical simulation.

Success Rate (SR) A generation is considered a
success if it satisfies both syntactic and physical cri-
teria (Peurifoy et al., 2018). Specifically, a sample
i is counted as successful if:

Isuccess(i) = I
(

Execi = 1

∧
∣∣pi − ptarget

∣∣
ptarget

≤ 0.05

)
,

(10)

where pi denotes the simulated optical property
(e.g., dispersion) and ptarget is the user-specified
target. The Success Rate is then defined as

SR =
1

N

N∑

i=1

Isuccess(i). (11)

Pass@k Pass@k measures generation stability
under stochastic decoding (Chen et al., 2021). For
each prompt, we sample k independent generations
and report whether at least one satisfies the success
criterion:

Pass@k =
1

N

N∑

i=1

I(∃j ∈ {1, . . . , k} :

Isuccess(i, j) = 1).

(12)

In this work, we report Pass@1, which directly
reflects single-run reliability without retries.

D.2 Diagnostic Metrics for Ablation Analysis
To precisely diagnose different failure modes, we
define two complementary metrics used in our abla-
tion study: Spatial Accuracy, which evaluates geo-
metric validity, and Spectral Accuracy, which eval-
uates physical performance conditioned on valid ge-
ometry. Let D = (ti, pi)

N
i=1 denote the evaluation
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set, where ti is an instruction and pi is the target
physical property. Given the generated simulation
code ci, we obtain the geometry gi = Render(ci)
and the simulated property p̂i = fsim(ci).

Spatial Accuracy Spatial Accuracy measures
whether the generated geometry gi satisfies the
topological and geometric constraints implied by
the instruction ti, independent of spectral perfor-
mance. It penalizes structural hallucinations (e.g.,
solid core instead of hollow core) and fabrication-
invalid geometries (e.g., overlapping components).
We define a geometric validity function V (gi, ti) ∈
0, 1, which returns 1 if and only if (1) the gener-
ated structure belongs to the correct topological
class specified by ti, and (2) the geometry is physi-
cally feasible, satisfying non-overlap and minimum
thickness constraints. Spatial Accuracy is then de-
fined as

Accspatial =
1

N

N∑

i=1

⊮[V (gi, ti) = 1] . (13)

In practice, V (·) is implemented using a rule-based
geometry checker complemented by VLM-based
visual verification.

Spectral Accuracy Spectral Accuracy evaluates
whether a spatially valid design achieves the tar-
get physical specification. We define the relative
physical error E(i) =

|p̂i−p∗i |
|p∗i |+ϵstab

, where ϵstab is a
small constant for numerical stability. A design is
considered spectrally accurate if E(i) < τ , with
τ = 0.05 in our experiments. Spectral Accuracy is
defined conditionally as

Accspectral =

∑N
i=1⊮[V (gi, ti) = 1 ∧ E(i) < τ ]

∑N
i=1⊮[V (gi, ti) = 1]

.

(14)
This conditional formulation isolates parameter op-
timization ability from structural generation ability:
models with high Spatial but low Spectral Accuracy
can generate correct topologies but fail to fine-tune
physical parameters.

E Additional Experiments

This section collects supplementary experiments
and analyses that complement the main results.

E.1 Human Evaluation of Designs
To complement automatic metrics, three domain ex-
perts (PhDs in photonics) blindly rated 270 designs
(30 per topology) for every method in Table 1, on a

1–5 scale for Topological Compliance (alignment
with the prompt’s structural intent) and Fabricabil-
ity (manufacturability via stack-and-draw, penal-
izing floating or intersecting elements). The two
failure patterns separate cleanly (Table 12): coding-
oriented models inherit a rigid template bias, while
reasoning-oriented models produce unmanufac-
turable geometries. PhysAgent-PCF scores high on
both axes, and the Hybrid variant ranks first (4.78 /
4.65).

Method Topo. Fab. Overall
Compliance Pref.

Gemini-3-Flash 2.25 2.50 2.38
Qwen3-235B-Thinking 2.85 2.35 2.60
DeepSeek-R1 2.92 2.42 2.68
OpenAI o1 3.12 2.45 2.80
DeepSeek-Coder-V2 2.55 3.25 2.85
Gemini 3 Pro Preview 2.82 3.32 3.05
Qwen3-Coder-480B 3.05 3.55 3.25
Claude Sonnet 4.5 3.25 3.65 3.38
GPT-5.1-Codex-Max 3.65 3.78 3.42
ReAct (GPT-4o) 3.75 3.25 3.52
ReAct (Claude 3.5) 3.58 3.35 3.45
OpenHands (GPT-4o) 3.85 3.45 3.65
OpenHands (Claude 3.5) 3.92 3.55 3.72
SWE-Agent (GPT-4o) 4.05 3.52 3.85
SWE-Agent (Claude 3.5) 4.12 3.65 3.92

PhysAgent-PCF (GPT-4o) 4.52 4.35 4.45
PhysAgent-PCF (Claude 3.5) 4.65 4.42 4.58
PhysAgent-PCF (Hybrid) 4.78 4.65 4.75

Table 12: Blinded human evaluation of generated PCF
designs (1–5 scale, higher is better; 3 experts, 270
cases).

E.2 Prompt Sensitivity

Prompt Sensitivity. To separate architectural
gains from prompt tuning, we test three prompt-
ing styles for the Planner/Coder/Critic: Minimal
(bare task instructions), Standard (our default struc-
tured roles), and Verbose (heavy domain con-
text). Minimal prompting already reaches 88.4%
SR, 2.8 points below Standard yet 13.9 points
above the strongest text-only baseline (SWE-Agent,
74.5%; Table 13). The gains therefore trace to the
dual-brain and multimodal-critic architecture, with
the simulation-grounded critic correcting prompt-
induced errors within the loop.

Method / Prompt SR Gap to Standard

SWE-Agent (GPT-4o) 74.5% −16.7
Ours: Minimal 88.4% −2.8
Ours: Standard 91.2% –
Ours: Verbose 90.5% −0.7

Table 13: Prompt-sensitivity analysis (success rate).
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Figure 8: More case studies on complex topologies.

E.3 Coarse-to-Fine Refinement

The oscillation and last-mile limitations from our
failure analysis (Appendix G) mark a deliberate de-
sign boundary: PhysAgent-PCF targets topological-
basin discovery in code space, not high-precision
floating-point tuning. Once the topology is fixed,
a local solver finalizes the continuous parameters.
On a zero-dispersion target (Table 14), the agent
locates the correct topology (MSE 1.027 in 5 calls),
and a Nelder–Mead solver warm-started from its
blueprint drives MSE to 0.049 in 15 further simula-
tions. Oscillation is therefore a near-convergence
artifact, not a structural blocker.

Optimization Best MSE (↓) Sim. Calls Status

PhysAgent-PCF (orig.) 1.027 5 Discovers topology
+ Nelder–Mead 0.049 5+15 Warm-started refine

Table 14: Coarse-to-fine handoff on a zero-dispersion
target: the agent locates the topological basin, and a
local solver finalizes the continuous parameters.

F Case Studies on Complex Topologies

To demonstrate the diversity and difficulty of the
DeepPCF-1M benchmark, Fig. 8 presents a gallery
of 16 representative complex structures generated
by PhysAgent-PCF in a zero-shot setting. These
designs extend well beyond conventional hexago-
nal lattices and span multiple advanced topolog-
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Optimization Trajectory (Failure) Reasoning Trace

Figure 9: Failure analysis on a precision dispersion task.

Figure 10: Failure modes: parameter oscillation near convergence, where over-correction causes the mode field to
alternately expand and contract, preventing the agent from reaching the target state within the interaction budget.

ical regimes, including mathematical and aperi-
odic lattices (e.g., sunflower spirals, Kagome lat-
tices, and quasicrystals), next-generation communi-
cation fibers for space-division multiplexing and or-
bital angular momentum transmission (e.g., multi-
core and ring-core fibers), state-of-the-art anti-
resonant hollow-core designs with nested or con-
joined tubes, and highly irregular structures such
as disordered lattices for Anderson localization and
fractal geometries. The successful generation of
these structurally complex and nontrivial topolo-
gies highlights both the structural completeness of
the DeepPCF-1M benchmark and the strong zero-
shot generalization capability of the PhysAgent-
PCF framework across a wide spectrum of photonic
design challenges.

G Failure Analysis

Precision Dispersion Task. Fig. 9 presents a rep-
resentative failure case in which PhysAgent-PCF
does not converge within the interaction budget on
an ultra-precision dispersion task. The agent suc-
cessfully narrows the search space and approaches

the target region, but ultimately oscillates between
two nearby suboptimal parameters (Turns 3 and 4),
with Turn 5 repeating a previous state rather than lo-
cating the precise root. The reasoning trace reveals
that the verbal gradient correctly identifies the di-
rection of correction, yet the System-1 coder lacks
the numerical resolution to apply the infinitesimal
update (e.g., d ≈ 0.635) required to reach exact
zero dispersion. This case highlights an inherent
limitation of discrete, language-based updates for
continuous ultra-fine parameter tuning, despite ef-
fective high-level reasoning and error diagnosis.

Failure modes. While PhysAgent-PCF achieves
strong overall performance, it occasionally fails
near convergence, with the dominant failure mode
(65% of failed cases) being parameter oscillation.
Fig. 10 illustrates a representative trajectory in
which the agent optimizes a hexagonal PCF for
zero dispersion: starting from an under-confined
design, the multimodal critic correctly identifies
the need to increase the hole diameter, but the
subsequent update overshoots, leading to an over-
confined structure. Lacking precise numerical cali-
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bration, the agent then alternates between param-
eters that are slightly too large or too small, ex-
hausting the interaction budget without settling on
the optimal intermediate value. This behavior re-
flects a broader limitation of current LLM-based
agents when addressing continuous optimization
problems: while the planner reliably infers the di-
rection of improvement, it struggles to estimate the
appropriate step size in a zero-shot setting.

H Potential Risks and Broader Impact

This work is scoped to the physical inverse design
of photonic crystal fibers. The artifacts it produces
are executable simulation scripts and geometric
parameters verified by an electromagnetic solver,
rather than natural-language content intended for
human consumption. We therefore see no realistic
pathway from this system to the harms typically as-
sociated with generative language technology: the
pipeline consumes and emits physical design spec-
ifications, involves no personal or human-subject
data, and confers no capability beyond conven-
tional photonics engineering.

DeepPCF-1M is generated programmatically
from parametric geometry generators and FDTD
simulation, so it cannot contain personally identify-
ing information or offensive content. The residual
risks are technical rather than societal. The agent
may fail to converge within its interaction budget,
or may propose geometries that are fabrication-
invalid; both behaviors are characterized in the Lim-
itations section and in Appendix G, and both are
screened by the geometric feasibility and solver-
convergence checks described in Section 3. We
nonetheless stress that any design produced by
this system must pass full physical simulation and
fabrication-tolerance analysis before it is manufac-
tured.

Finally, PhysAgent-PCF reaches its design tar-
gets in roughly five solver calls where classical
derivative-free pipelines require hundreds to thou-
sands (Table 3), which lowers rather than raises
the computational and energy cost of PCF design.
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