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Abstract

Advances in nanophotonics require increasingly fast and accurate modeling tools
for nonlinear optical phenomena, yet conventional numerical solvers are con-
strained by high computational cost and limited scalability. Thin-film lithium
niobate (TFLN), combining strong nonlinearities and low-loss integration, enables
efficient second-harmonic generation (SHG) for telecommunications, frequency
combs, and quantum photonics with stable, broadband, low-noise signals. In this
paper, we present an Fourier Neural Operator (FNO) based framework for simu-
lating SHG in TFLN waveguides. Trained on high-fidelity reference simulations
from a Fourier split-step solver, the FNO achieves a relative L? error around 4%
on the test set while delivering an approximate 550,000x speedup over the solver,
when executed in batch on GPUs. This computational efficiency enables exten-
sive sampling of large design spaces, accelerating the discovery of configurations
with desired properties. By further exploiting the differentiability of the FNO,
we develop an inverse design pipeline that applies gradient-based optimization
to directly adjust waveguide geometry, poling period mismatch and pump pulse
energy to maximize conversion efficiency. The pipeline identifies high-efficiency
device configurations very rapidly, reducing design cycles from days or weeks
to seconds. Across 1000 random initializations, 75% of designs exceeded 85%
second-harmonic conversion efficiency within 100 optimization iterations, under-
scoring the potential of FNO-driven methods to revolutionize nonlinear photonic
device design.

1 Introduction and Background

Optical systems underpin modern technologies in telecommunications, spectroscopy, sensing, com-
puting, and information processing. The rise of photonic integration has reduced the size and cost of
essential components while enabling dense, low-loss on-chip interconnects. In particular, integrated
waveguides provide strong mode confinement for flexible signal routing, dispersion engineering, and
enhanced nonlinear interactions, yielding a scalable toolbox of linear and nonlinear building blocks
for photonic circuits. Nonlinearity is central to this landscape: spectral translation via frequency con-
version extends laser access to otherwise challenging spectral windows [1} 2], and nonlinear dynamics
improve sources through driven dissipative solitons and supercontinuum generation [[347], while also
empowering advanced sensing and information processing [8H10]]. Thin-film lithium niobate (TFLN)
has emerged as a dominant integrated platform by combining strong x(?) and x(®) responses with a
large electro-optic coefficient and wafer-scale, low-loss waveguide fabrication [11} [12]].
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Figure 1: (a) Schematic of SHG in a periodically poled TFLN. The red pulse at the fundamental
frequency (w) drives a dispersion-engineered nanophotonic waveguide designed for quasi-phase
matched SHG, producing the purple pulse at second-harmonic (2w). (b) Cross-sectional view of the
device, where the top width (W) and etch depth (Hen) indicate waveguide geometry parameters.
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The design space for integrated nonlinear devices (e.g., geometry, poling, and driving conditions for
second-harmonic generation) is high-dimensional. Accurate modeling typically relies on physics-
based solvers such as FDTD/FEM or split-step Fourier methods, which can become computational
bottlenecks that hinder large-scale parameter sweeps and inverse design [13]. To alleviate this,
machine learning has been increasingly adopted to accelerate simulations by learning relation-
ships directly from data [14}[15]]. However, conventional neural networks learn mappings between
finite-dimensional vectors, which may overfit to training discretizations and limit out-of-distribution
generalization in systems more naturally described by functions. Neural operators address this
limitation by learning mappings between functions, e.g., solution operators of differential equa-
tions [[15 [16]. They offer universal approximation results at the operator level [17]], support queries
at arbitrary resolutions, and promote discretization-agnostic generalization. Neural operators also
integrate naturally with physics-informed training to reduce data requirements [[18-20].

Building on these capabilities, we propose an operator-learning framework for strongly nonlinear
guided-wave optics in integrated TFLN waveguides. Specifically, we employ Fourier Neural Op-
erators (FNOs) [21] to model nonlinear propagation and to enable fast, differentiable simulation
of second-harmonic generation. By achieving speedups up to ~ 550,000x compared to the solver
while maintaining high fidelity to the solver (L? relative error around 4%), the proposed framework
overcomes long-standing barriers to large-scale design exploration, enabling millions of evaluations
and the generation of extensive datasets. Through the differentiability of the FNO, gradient-based
inverse design becomes possible, over geometry, poling period mismatch, and pump conditions. In
this paper, we leverage these new possibilities to optimize for designs with high second-harmonic
conversion efficiency. By combining resolution-agnostic surrogates with photonic design priors
(dispersion engineering, phase matching, and waveguide loss), the methodology scales to large design
spaces and accelerates discovery of high-performance nonlinear photonic devices.

2 Nonlinear Propagation in TFLN Waveguides

TFLN Waveguides Design. Figure [I]illustrates the class of nonlinear waveguides under study.
A pump pulse of duration 35 fs at central angular frequency wy (corresponding to a wavelength of
2090 nm) propagates along a 5S-mm-long waveguide oriented along the crystalline y—axis of X—cut
TFLN on a silica substrate. The thin—film thickness is fixed at 700 nm and only the fundamental
transverse electric mode is considered. Quasi—phase matching for the x(?) nonlinearity is achieved by
periodic poling along the propagation direction. The design variables are the waveguide etch depth
Hetcn, the top width Wiy, the poling period A, and the pump pulse energy Ejy,. Varying the top width
and etch depth modifies the dispersion and confinement of the guided mode while tuning the poling
period controls the phase mismatch between fundamental and second-harmonic waves. We focus on
periodically poled TFLN ridge waveguides, a device architecture that has become a leading candidate
for high-efficiency second-harmonic generation (SHG). Such waveguides combine subwavelength
modal confinement with low-loss integration, enabling strong quadratic nonlinear interactions over
centimeter-scale propagation lengths. Optimizing their geometry and poling parameters directly
impacts the conversion efficiency and bandwidth of SHG, making them highly relevant for compact
sources of visible and near-infrared light. These devices find wide application in frequency conversion
for telecommunications, frequency-comb stabilization, quantum photonics, and precision metrology.
We construct a dataset of device geometries, poling conditions, pump parameters, and input optical
waveforms, together with the corresponding output complex optical fields. From this optical field, we
can later derive SHG metrics of interest. Details on the dataset generation are given in Appendix [B]
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Figure 2: Examples of temporal profiles obtained from FNO predictions, against the reference ones.

Nonlinear Propagation using a Fourier Neural Operator. To efficiently simulate nonlinear
propagation in TFLN waveguides, we employ the Fourier Neural Operator (FNO) as a surrogate
forward model. See Appendices[A.T|and [A.2]for a presentation of the FNO architecture and the
precise hyperparameters used. The input scalar design parameters (i.e. the top width, etch depth, and
poling period mismatch of the waveguide) are encoded as amplitudes of sinusoidal signals that are
stacked with the input complex optical waveform. Together, these are passed through the FNO to
generate a prediction for the complex optical waveform at the end of the waveguide. After training on
reference simulations, the FNO achieves substantial speedups of up to 550,000 while maintaining
high physical fidelity with a relative L? error around 4% on previously unseen designs. Illustrative
examples in Figures [2]and [6] further demonstrate that the FNO predictions are nearly indistinguishable
from the reference simulations, highlighting the high reliability of the neural operator. A detailed
analysis of runtime performance is also provided in Appendix [A.4]

3 Inverse Design of Nonlinear Photonic Devices

The speedup achieved by the FNO removes long-standing barriers to large-scale design exploration,
making it possible to perform millions of evaluations in a few minutes on a single GPU as opposed to
years on a single CPU. One can now densely explore the design parameter space and evaluate the
corresponding output waveforms to identify the best designs. Alternatively, the inference speed and
differentiability of the FNO enable gradient-based optimization, typically unavailable in conventional
solvers due to their slow forward evaluations and lack of differentiability with respect to design
parameters. In this framework, the formulation of an appropriate loss function is especially important
yet nontrivial: poorly chosen objectives can create artificial local minima that impede convergence to
solutions with the intended properties. To ensure effective optimization, the loss must emphasize the
relevant physical features and encode the essential design targets, while the parameterization, loss,
and forward model must all remain differentiable with respect to the design variables.

As a demonstration of how the trained FNO can facilitate nonlinear photonic device design, we
consider the inverse design of devices targeting high second-harmonic conversion efficiency in this
paper. We carry out an optimization task aimed at maximizing the second-harmonic conversion
efficiency by jointly tuning the waveguide geometry, the poling period mismatch, and the pump pulse
energy of the input pulse. The overall inverse design architecture is illustrated in Figure[3] where a
gradient-based optimization framework is employed. At each iteration, the four design parameters
are initialized from random seeds and mapped into their feasible ranges using a sigmoid function to
ensure valid inputs within the training distribution of the FNO. More precisely, the parameter ranges
considered are W,, € [1000 nm, 3000 nm], Heen € [120nm, 400 nm], poling period mismatch
AA € [-50nm, 50 nm], and pump pulse energy Ei, € [3pJ, 7pJ]. The optimization is driven by
the Adam optimizer with a learning rate of 0.05. The objective is defined as the ratio between the
integrated spectral power within the SHG frequency band and the total spectral power. Specifically,
the SHG band is taken to be centered at 286 THz with a bandwidth of 100 THz (i.e., a £50 THz
window).

Across 1000 random initializations, the gradient-based optimization was run for 100 iterations per
sample. The results demonstrate that 75% of the parameter combinations exceeded 85% second-
harmonic conversion efficiency after optimization, highlighting the capacity of the FNO-driven
framework to rapidly identify high-performance SHG device configurations.
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Figure 3: The overall inverse design pipeline. The design parameters include the waveguide top width
(Wiop), etch depth (Hecn), poling period mismatch (AA), and pump pulse energy. The FNO surrogate
forward model predicts the complex time-domain signal, which is transformed into the frequency
domain by FFT, followed by a modulus squared operation to obtain the power spectrum P(f). The
loss function is defined as the ratio of the integrated spectral power within the SHG frequency band
to the total spectral power. The inset shows a representative frequency-domain power spectrum, with
the SHG band highlighted between 236 THz and 336 THz.
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Figure 4: Examples of second-harmonic conversion efficiency optimization tasks. The light gray
curves represent the model output under randomly initialized parameters, while the blue curves show
the output after gradient-based optimization. The two red dashed lines indicate the frequency band
used to evaluate and optimize the second-harmonic conversion efficiency.

4 Discussion

We proposed leveraging FNOs to simulate strongly nonlinear guided-wave optics in integrated TFLN
waveguides for second-harmonic generation. By achieving speedups up to ~ 550,000x compared
to the solver while maintaining high accuracy, the proposed framework enables extensive sampling
of photonic devices. The differentiability of the FNO further enables gradient-based optimization,
which we leveraged to identify designs with high second-harmonic conversion efficiency.

The same framework could be employed to systematically tune and propose novel promising photonic
devices through accessible controls, for instance for spectral translation, broadening, and pulse
shaping. The speedup provided by the FNO allows rapid exploration of large design spaces, and when
coupled with experiments, can expand the range of realizable nonlinear integrated photonic devices.
Further improvements include enhancing efficiency with physics-informed constraints, enabling
additional inputs (e.g., arbitrary pulse profiles) without greatly increasing model size, and integrating
more advanced mode solvers to provide accurate dispersion and handle higher-order modes.
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A The Fourier Neural Operator (FNO) for Forward Modeling

A.1 The FNO Architecture

Neural operators compose linear integral operators C with pointwise non-linear activation functions o
to approximate highly non-linear operators. More precisely, we define the neural operator

Go:=Qoo(WL+Kp+br)o---oo(Wi+Ki+b1)oP (1

where P, Q are the pointwise neural networks that encode the lower dimension function into higher
dimensional space and vice versa. The model stacks L layers of o(W; + K; + b;) where W are
pointwise linear operators (matrices), KC; are integral kernel operators, b; are bias terms, and o
are fixed activation functions. The parameters 6 consists of all the parameters in P, Q, W, K, b;.
Kossaifi et al. [22] maintain a comprehensive open-source library for learning neural operators in
PyTorch, which serves as the foundation for our implementation.

Throughout our numerical experiments, we employ Fourier neural operators to approximate the
solution operators of PDEs. A Fourier neural operator (FNO) [21] is a neural operator using
Fourier integral operator layers, which are defined via

(K(@)ve) (@) = F* (Ro - (Fun) ) () @)
where 2, is the Fourier transform of a periodic function x parameterized by ¢. On a uniform mesh,

the Fourier transform J can be implemented using the fast Fourier transform (FFT). Note that Fourier
neural operators are differentiable. Here is a depiction of the Fourier Neural Operator:

@—P Fourier layer 1 Fourier layer 2> @ ® @ —»|Fourier layer T

o — 0@

Figure 5: The FNO architecture (extracted from [21]]).

A.2 FNO Hyperparameters Used

The neural operator used as a surrogate for the SNOW solver in this paper is a 1D FNO with 18
layers, each with 22 hidden channels and 256 Fourier modes. This FNO possesses 4.5M trainable
parameters and was trained in PyTorch for 1200 epochs to minimize the absolute L? error using the
Adam optimizer with learning rate 0.001, and the ReduceLROnPlateau scheduler with factor 0.4
and patience 6.

The input scalar parameters (i.e. the top width, etch depth, and poling period mismatch of the
waveguide) are encoded as amplitudes of sinusoidal signals that are stacked with the input complex
optical waveform. Together, these are passed through the FNO to generate a prediction for the
complex optical waveform at the end of the waveguide.



A.3 FNO Predictive Performance

The trained FNO achieves a relative L? error of 4.39% on the test set (3.63% on the training set). We
display below two examples of inputs, FNO predictions, and reference solutions for comparison.
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Figure 6: Examples of FNO predictions on previously unseen design parameters. The top two rows
show the model inputs, composed of a complex optical waveform (determined by the pump pulse
energy) and input scalar design parameters (the top width, etch depth, and poling period mismatch)
of the waveguide. The bottom two rows show the FNO predictions against the reference optical
waveforms. We display both the real parts and temporal profiles of the waveforms. We also display in
red the mismatch between the predictions and reference simulations (on a separate scale since these
are small, relatively).



A.4 Speedups enabled by the FNO

The trained FNO generates predictions significantly faster than the reference numerical solver. We
record the time necessary to generate predictions on a workstation equipped with a single NVIDIA
RTX 4090 GPU (24GB VRAM), an AMD Ryzen 9 7900X CPU, and 64GB of system RAM. The
numerical solver only generates a single prediction at a time, and takes roughly 52 seconds per
prediction (averaged over 2,000 different samples, with a standard deviation of 16 seconds). On the
other hand, doing one inference at a time with the trained FNO (i.e. batch size of 1), takes roughly 6.7
milliseconds (averaged over 10,000 different samples), i.e. it gives a speedup of ~ 7,700x compared
to the solver. In addition, the trained FNO can generate multiple simultaneous predictions on a single
GPU by making predictions in parallel. In particular, with a batch size of 92 (which we found to
be optimal for speed), the trained FNO takes roughly 0.095 milliseconds per prediction (averaged
over 100,000 different samples), i.e. a speedup of ~550,000x compared to the solver. Furthermore,
unlike the numerical solver, the FNO takes the same amount of time for inference regardless of the
inputs. These speedups should be interpreted with caution, as the solver was not optimized for speed
and could be made substantially faster. Similarly, smaller and more efficient models with comparable
accuracy might have been obtained via further hyperparameter tuning and training.

B Data Generation

B.1 SNOW: Simulator for Nonlinear Optical Waveguides

SNOW (Simulator for Nonlinear Optical Waveguides) is an open-source computational toolbox de-
signed for the modeling and design of integrated nonlinear photonic devices. The package was
originally developed to simulate nonlinear optical waveguides in TFLN(thin-film lithium niobate), but
its framework is extensible to other materials and photonic platforms. SNOW provides a self-contained
set of tools that cover the key aspects of nonlinear integrated optics, including material dispersion
database, waveguide mode simulation and nonlinear pulse propagation.

B.2 Nonlinear Envelope Equation

The propagation of the broadband electric field envelope U (z, t) along the waveguide is described

by the nonlinear envelope equation (NEE). Defining the Fourier transform of U by U (z,w) =
F{U(z,t)} and the envelope frequency offset {2 = w — wy, the NEE in the frequency domain reads

= Qo ~  tweXp
;U =B~ 5 P~ iU~ —5p

Fol{dU?e™ + 2d*|UPe™*}. 3)

where 3(w) is the wavenumber of the guided mode, 8y = B(wy) is the reference phase constant, vg
is the group velocity at wy, and a(w) is a frequency—dependent loss. The nonlinear coefficient g
incorporates the effective y(?) susceptibility and mode overlap; P is a normalisation constant taken as
1 W. The poling function d(z) alternates sign with a period A to realise quasi—phase matching, and
d(z,t) = wot — [50 —wo/ ’Uref] z accounts for the phase accrued in the moving frame. The operators

Fq and F;,* denote forward and inverse Fourier transforms with respect to €.

The waveguide dispersion and loss are obtained by solving for the effective index of the fundamental
TE mode using a finite—element eigenmode solver at a temperature of 25°C. The phase matching
condition for SHG is

2
Apm = , 4
P |B(2w0) — 28(wo) @

and the implemented poling period is A = Ay, + AA. The poling function is modelled as the sign
of a sinusoid,

d(z) = sgn [sin(27rz/A)}, 2 € [0, Lysg), 3)

which inverts the nonlinear coefficient every half period.



B.3 Dataset Generation

Training and testing data are obtained by numerically solving Equation (3) with the Fourier split-step
algorithm implemented in the SNOW package [23]]. The propagation is advanced along z in discrete
steps: at each step, the nonlinear contribution is calculated using the Runge—Kutta—Fehlberg scheme,
after which a frequency-domain operator is applied to capture both dispersion and loss during the
linear evolution.

The dataset contains 100,000 distinct samples. For each sample ¢, the parameters include the input
pump pulse energy Fiy ;, the poling period A; = Ay ; + AA;, the waveguide top width Wiy, 4, and
the etch depth Heton ;. The pump pulse energy Ei, ; and the poling period mismatch AA; are drawn
from uniform distributions, with AA; € ¢ [~50nm, 50 nm| and Ej, ; € U[10£J, 10,000 £J]. The
structural parameters are sampled over a finite set of discrete pairs: Wiop, ; and Hegcn,; take values
only from 51 evenly spaced points within [1000 nm, 3000 nm| and [120 nm, 400 nm], respectively.
These parameter ranges are consistent with practical fabrication limits and tolerances of the TFLN
platform.
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