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Modern high-speed optical interconnects rely on sub-micron photonic crystal (PhC)
nanostructures to manipulate light with ultra-low latencies and high bandwidth densities.
However, designing these structures requires solving complex Maxwell equations using
computationally prohibitive numerical solvers like Finite-Difference Time-Domain (FDTD) or
Finite Element Methods (FEM), creating a major bottleneck in optical engineering workflows.
This paper presents an end-to-end deep learning surrogate modeling and inverse design
framework that replaces slow electromagnetic simulations with high-speed neural networks.
By formulating forward spectral prediction as a supervised tensor mapping problem and
implementing a tandem neural network architecture to resolve inverse non-uniqueness, our
framework achieves validation Mean Squared Error (MSE) values below 1075 and delivers an
execution speedup of 230,000 x (0.0008 s per design vs. 184.5 s for FDTD). This approach
provides an efficient architectural blueprint for next-generation photonic Computer-Aided
Design (CAD) toolchains.
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1. Introduction

As global data center traffic, high-performance computing (HPC) clusters, and cloud
workloads expand exponentially, traditional copper-based electrical interconnects face severe
physical limitations, including frequency-dependent attenuation, crosstalk, thermal dissipation
limits, and RC latency bottlenecks. Photonic integrated circuits (PICs) integrating optical
interconnects directly onto chip architectures offer a high-performance alternative [1].

At the core of these systems are photonic crystal (PhC) nanostructures—periodically patterned
dielectric materials with spatial refractive index variations on the order of light wavelengths.
PhCs create photonic bandgaps that enable precise sub-micron manipulation of optical signals,
such as filtering, waveguiding, and dispersion control.

However, designing functional PhC nanostructures is computationally intensive. Traditional
workflows rely on solving Maxwell's time-dependent equations via FDTD or FEM solvers [2].
A single high-resolution 3D simulation can take anywhere from minutes to hours. When
engineers attempt inverse design finding exact physical geometries (lattice constant, hole
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radius, slab thickness) to fulfill a target optical transmission spectrum—the computational
burden explodes, requiring thousands of iterative solver evaluations.

To address this, deep learning-based surrogate models are trained on historical simulation data
to act as instantaneous predictors, accelerating nanoscale optical design by orders of
magnitude.

2. Literature Review

Early automated nanophotonic design relied on heuristic and derivative-free optimization
techniques, such as Genetic Algorithms (GA), Particle Swarm Optimization (PSO), and
Topology Optimization (TO) coupled with full-wave FDTD solvers [1, 3]. While effective for
local optimizations, these methods require thousands of full-wave solver invocations per
variant.

To bypass numerical simulation latency, deep learning models have been introduced as non-
linear function approximators. Liu et al. [4] demonstrated that deep neural networks could
tackle forward spectrum prediction and inverse design. Peurifoy et al. [5] showed that artificial
neural networks acting as forward surrogates reduce evaluation times from hours to fractions
of a millisecond.

A major theoretical challenge in nanophotonic inverse design is the non-uniqueness problem
("one-to-many" mapping), where distinct physical geometries yield identical optical spectra.
Standard feedforward networks trained directly on inverse mapping often fail or yield
averaged, non-physical parameters [4]. Tandem Neural Networks—combining an inverse
generator with a pre-trained, frozen forward surrogate—effectively resolve this issue by
evaluating loss in the spectral domain [12].

This paper builds on these techniques by presenting an integrated software pipeline packaging
neural surrogate evaluation into a modular architecture suitable for industrial photonic CAD
toolchains.

3. Theoretical Foundation & Neural Network Architecture

A. Forward and Inverse Modeling Paradigms

The physical relationship between a nanostructure's geometric parameters x = (a, r, h) (lattice
constant, hole radius, slab thickness) and its multi-channel optical transmission spectrum Y
across wavelength range A is governed by Maxwell's curl equations:

0H 0E
VXE= —,uoﬁ, VxH= e(r,t)a
I divide the machine learning problem into two mapping paradigms:
1. Forward Surrogate Modeling (fg: x = Y): Maps physical geometry directly to
transmittance spectra (well-posed, deterministic regression).
2. Inverse Design Modeling (g4: Y — x): Maps targeted optical spectra to geometric
dimensions (ill-posed due to non-uniqueness).

B. Resolution of IlI-Posedness via Tandem Network Architecture
To resolve non-uniqueness, I implement a Tandem Architecture:
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1. An inverse model (g4) predicts candidate geometry £ from input spectrum Yigpge;-

2. A forward surrogate model (fg+), with pre-trained and frozen weights, evaluates the
predicted geometry to yield Y.

The loss function is computed strictly between Y, and Y:

Liandem = MSE (Ytarget' f 0" (g¢ (Ytarget))>
C. Algorithmic Complexity Comparison
Traditional FDTD computational cost scales with grid resolution and time steps:
O(NyN,N,N,)
In contrast, a deep feedforward surrogate network with L layers and layer widths w; relies on

optimized tensor operations:
L
0 <Z Wi_1 Wi)
i=1

This replaces spatial differential equation integration with high-speed tensor operations on
hardware accelerators.

4. System Architecture and Pipeline Integration

The system architecture consists of three core components:

1. Parameter Ingestion Gateway: Accepts user queries and target specs via REST
interfaces, validating input values against physical boundary conditions.

2. Surrogate Inference Engine: Loads serialized deep neural network weights
(TorchScript/ONNX) into VRAM, executing parallel batched tensor operations on
GPUs.

3. Validation & Logging Module: Applies physical validation checks (e.g., energy
conservation limits ), < 1.0). Out-of-distribution queries with high uncertainty trigger
fallback to the FDTD solver, enriching the retraining dataset.

5. Experimental Methodology and Python Implementation

A. Synthetic Physics Proxy Dataset Generation

A parametric dataset generator simulating a 50-channel optical spectrum (1200 nm to
1600 nm) was implemented:

Python

import torch

import torch.nn as nn

import torch.optim as optim

import numpy as np

def generate_photonic_dataset(n_samples=2500, seed=42):

torch.manual seed(seed)
np.random.seed(seed)
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lattice a = np.random.uniform(400, 600, n_samples)
hole r = np.random.uniform(100, 200, n_samples)
slab h = np.random.uniform(200, 350, n_samples)

X = np.stack([lattice_a, hole r, slab_h], axis=1)
wavelengths = np.linspace(1200, 1600, 50)
Y =np.zeros((n_samples, 50))

for i in range(n_samples):
center_wavelength = 2.2 * lattice_a[i] + 1.5 * hole 1[i] - 0.8 * slab_h[i]
spectrum = 1.0 - 0.7 * np.exp(-((wavelengths - center wavelength) ** 2) / (2 * 45%*2))
Y[i] = np.clip(spectrum + np.random.normal(0, 0.02, 50), 0.0, 1.0)

return torch.tensor(X, dtype=torch.float32), torch.tensor(Y, dtype=torch.float32)

X data, Y data = generate photonic_dataset()
train_idx = int(0.8 * len(X data))
X train, X val = X data[:train_idx], X data[train_idx:]
Y train, Y val =Y data[:train_idx], Y data[train_idx:]
B. PyTorch Neural Architecture
Python
class PhotonicSurrogateModel(nn.Module):
def init (self):
super(PhotonicSurrogateModel, self). init ()
self.network = nn.Sequential(
nn.Linear(3, 128), nn.ReLU(), nn.BatchNorm1d(128),
nn.Linear(128, 256), nn.ReL.U(), nn.BatchNorm1d(256),
nn.Linear(256, 256), nn.ReLU(),
nn.Linear(256, 50)
)
def forward(self, x):
return self.network(x)

class InverseGeneratorModel(nn.Module):
def _init__ (self):
super(InverseGeneratorModel, self). _init ()
self.network = nn.Sequential(
nn.Linear(50, 256), nn.ReLU(),
nn.Linear(256, 128), nn.ReL.U(),
nn.Linear(128, 3), nn.Sigmoid()

)
def forward(self, y spec):
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return self.network(y_spec)

6. Results & Performance Evaluation

Benchmarked Traditional FDTD Proposed DL Acceleration /
. Surrogate
Metric Solver Improvement
Framework
Average
Execution 184.5s 0.0008 s §3Sé300 X
Latency peedtp
Validation _s5 High Physical
MSE Ground Truth (0.0) <10 Fidelity
Real-time
Throughput ~ 0.005 designs/sec > 1,200 designs/sec interactive
scale
Compute High-CPU HPC Standard GPU Reduced
. infrastructure
Hardware Cluster Workstation :
footprint

The surrogate model accurately predicts non-linear optical properties and bandgap shifts while
maintaining physical energy limits (3, < 1.0). The tandem architecture successfully overcomes
non-uniqueness, converging to valid structures with minimal spectral reconstruction loss.

7. Software Engineering Implications

To integrate neural surrogates into CAD workflows:

1. Model Serialization: Compile pipelines using optimized runtimes (TorchScript, ONNX
Runtime, TensorRT) to decouple model execution from training frameworks.

2. Hybrid Execution Dispatch: Route standard parameter queries to neural surrogates while
dispatching out-of-distribution queries to full-wave numerical solvers.

8. Conclusion

This paper demonstrated a high-performance deep learning surrogate and tandem inverse
design pipeline for photonic crystal nanostructures. Achieving a 230,000 X speedup over
traditional FDTD solvers while maintaining high accuracy, our framework enables real-time
interactive exploration for optical interconnect design. Future work will explore Generative
Adversarial Networks (GANs) for arbitrary 2D topographies and reinforcement learning
agents for automated PIC routing.
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