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ABSTRACT

Ultra-fast Simulation and Design of Nanophotonic Devices
Ahmet Onur Dasdemir
Master of Science in Electrical and Electronics Engineering
August 6, 2024

This thesis explores advanced methodologies for the ultra-fast simulation and design
of nanophotonic devices, emphasizing the efficiency and accuracy of inverse design
processes. The study introduces a multi-scale hierarchical inverse design approach
that optimizes the fabrication compatibility and performance of nanophotonic com-
ponents. A significant contribution is the development of a factorization caching
method that dramatically reduces computational overhead in the gradient compu-
tation phase of inverse design, thereby accelerating the overall optimization pro-
cess. This method proves particularly effective for two-dimensional finite-difference
frequency-domain (FDFD) simulations, offering substantial time savings without
compromising physical accuracy.

Furthermore, the integration of deep learning techniques into nanophotonic sim-
ulations is examined. A dual-stage model trained with physics-based losses is pre-
sented, achieving simulation speeds up to 3408 times faster than traditional three-
dimensional finite-difference time-domain (FDTD) methods. This model ensures
high fidelity in the simulation results, maintaining robustness across various device
geometries and sizes. The advancements detailed in this thesis not only enhance
the computational efficiency of photonic device design but also expand the feasi-
ble design space, paving the way for the development of innovative and practical

nanophotonic devices.
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OZETCE

Nanofotonik Cihazlarin Ultra Hizli Simiilasyonu ve Tasarimi
Ahmet Onur Dasdemir
Elektrik ve Elektronik Miihendisligi, Yiiksek Lisans
Agustos 2024

Bu tez, nanofotonik cihazlarin ultra hizli simiilasyonu ve tasarimi icin gelismis
metodolojileri incelemekte ve ters tasarim siireclerinin verimliligi ve dogruluguna
vurgu yapmaktadir. Caligma, nanofotonik bilegenlerin tiretim uyumlulugunu ve per-
formansini optimize eden ¢ok Olgekli hiyerargik bir ters tasarim yaklagimi sunmak-
tadir. Bu tezde onemli bir katki, ters tasarimin gradyan hesaplama agsamasimdaki
hesaplama yiikiinii 6nemli Ol¢lide azaltan ve genel optimizasyon siirecini hizlandiran
faktorizasyon onbellekleme yonteminin geligtirilmesidir. Bu yontem, fiziksel dogrulugu
koruyarak iki boyutlu FDFD simiilasyonlar: i¢in 6zellikle etkili olup, énemli zaman
tasarrufu saglamaktadir.

Ayrica, nanofotonik simiilasyonlarda derin 6grenme tekniklerinin entegrasyonu
incelenmektedir. Fizik temelli hedef fonksiyonlariyla egitilmis iki asamali bir model
sunulmakta olup, bu model geleneksel ii¢ boyutlu FDTD yontemlerinden 3408 kat
daha hizhi simiilasyon hizlarina ulagmaktadir. Bu model, cesitli cihaz geometri-
leri ve boyutlar1 arasinda yiiksek giivenilirlikte simiilasyon sonuclari saglamakta
ve saglamhgini korumaktadir. Bu tezde detaylandirilan yontemler, fotonik cihaz
tasariminin hesaplama verimliligini artirmakla kalmayip, ayn1 zamanda yenilikci ve
pratik nanofotonik cihazlarin gelistirilmesine olanak taniyan uygun tasarim alanim

genigletmektedir.
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Chapter 1

INTRODUCTION

1.1 Silicon Photonics

Photonic systems find wide applications across many sectors, ranging from commu-
nication and healthcare to autonomous vehicles and next-generation technologies
such as quantum communication. These photonic systems, where data is generated,
processed, and stored through optical signals, hold advantages over their electronic
counterparts regarding power consumption, superior noise performance, and high
energy efficiency [Xiang et al., 2021]. Over the past 50 years, the use of silicon-
based ”complementary metal-oxide-semiconductor” (CMOS) technology, which has
become the standard for electronic circuit production, has enabled the integrated
production of many optical systems. In a way, a revolution similar to the one expe-
rienced in integrated electronic systems such as transistors, memory, and processors
after 1950 has begun to be seen in photonic systems thanks to scalable production.
This technology, known as silicon photonics, allows integrated photonic systems pro-
duced at scale to perform the functions that were carried out by optical equipment
spanning meters on laboratory tables just ten years ago, now at a much higher level
with optical chips that fit on a fingertip and can be mass-produced in the same
production line. The optical confinement provided by the high index contrast of
core and cladding material (ng; = 3.45, ng;0, = 1.45) enables the silicon photonic
devices to be densely integrated into smaller areas with CMOS technology [Shi et al.,
2022]. Another advantage of silicon is its low cost due to its abundant availability on
Earth. This abundance allows for the fabrication of millions of silicon chips at a low
cost [Jalali and Fathpour, 2006]. In addition to the manufacturing-related benefits,

silicon photonics devices support high data transmission rates and high bandwidth
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which is a significant feature for telecommunication applications. This advantage
has led to the development of modern products like QSFP modules [Mazzini et al.,
2015], which are essential to the optical communication standard with speeds reach-
ing up to 400 Gigabits per second |[Talebzadeh et al., 2017]. These devices form the

backbone of all internet communication infrastructure in data centers worldwide.

1.2 Computer Aided Photonic Design

In these new generation silicon photonics applications, the need for integrated pho-
tonic systems used for communication, sensing, and imaging to precisely obtain,
access, and process data is continuously increasing. As a result, the bandwidths
supported by integrated photonic devices, the types of optical modes and polar-
izations they can operate with, the ability to control the phase of light, the data
processing speeds they can provide, and their energy efficiencies need to be continu-
ously improved to meet current demands. The increasing number and complexity of
optical operations required in communications, sensing, and computing applications
continue to drive the development of compact and efficient integrated photonic com-
ponents [Yang et al., 2022, Luan et al., 2018, Vandoorne et al., 2014]. Demonstration
of these high-performance on-chip devices with multi-wavelength and multi-mode
capabilities has significant implications for the throughput and scalability of next-
generation optical systems [Piggott et al., 2015, Lu and Vuckovié¢, 2012, Magden
et al., 2018, Singh et al., 2020].

As the demand for such high-performance, multi-function, and compact on-chip
devices continues to grow, traditional design approaches that rely on physical intu-
ition and trial-and-error have become insufficient in meeting these stringent require-
ments. Consequently, automated design algorithms have recently attracted signifi-
cant attention and are rapidly proving to be indispensable tools for photonic design.
To this end, inverse design techniques have emerged as a powerful approach to design
photonic devices with unprecedented performance and functionality by exploring a
large set of design variables [Piggott et al., 2015, Molesky et al., 2018, Hughes et al.,
2018a, Lalau-Keraly et al., 2013, Lu and Vuckovié, 2012]. Previous research on
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inverse design has employed two main techniques to achieve optimal device struc-
tures: shape optimization [Lalau-Keraly et al., 2013, Michaels and Yablonovitch,
2018, Michaels et al., 2019, Piggott et al., 2017], which involves modifying geometri-
cal boundaries within a specified design region, and topology optimization [Piggott
et al., 2015, Hughes et al., 2018a, Elesin et al., 2014, Hammond et al., 2022, Zhang
et al., 2021], which updates the device in a pixel-by-pixel manner. In both of these
methods, the device structure is modified iteratively by optimizing an objective
function that is calculated from an electromagnetic simulator. The general design

procedure of the topological photonic inverse design is detailed in Figure 1.1.

Forward Pass

Mode Overlap
_ S He—out(g) Bres 4yl
2 - Simulator > 0= T uoldr
— i —>  Preprocessor —» —y — (FDFD, FDTD, —»| Objective Function
S !)h:_ EME...) 1
— P = —i/Hzfouthrmu) dy —
0 1 €50, £
[ﬁesign Variables Permittivity Representation Fields: H,, E , Ey Transmission

<

Backward Pass

Figure 1.1: Photonic inverse design scheme. The displayed fields correspond to the
TE polarization in 2D simulations, where only nonzero fields are z-component of
magnetic field (H,) and x-y components of electric field (E,, E,).

First, a geometry is initialized with pixel values between 0 and 1 that correspond
to the design variables. When converted to the permittivity representation, 1 cor-
responds to the permittivity of the core material while 0 represents the cladding
material. During the optimization, these design variables are allowed to vary be-
tween the permittivity values of core and cladding materials. In order to meet the
fabrication compatibility requirements, a preprocessing step is applied before the
simulation. The design variables between 0 and 1 are first applied a smoothing fil-
ter and then a threshold. In this way, the small structures are eliminated and the
geometry is converged to a binary state. The device is then simulated and the corre-
sponding electric field distribution is obtained. This electric field distribution is then
used to compute mode overlap and transmission metrics. The objective function to
be optimized is formed by mode overlap and transmission. Mode overlap quantifies
the similarity between the spatial profile of the electric field in the output waveguide

and the desired mode profile. The formulation of the mode overlap metric is given
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in Eq. 1.1 where (j) corresponds to the index of the output waveguide.

Ty = fHZ*OHt(j)(y)Eref(y) dy ’
2 f‘HZfout(].)(y)de

Transmission metric measures the ratio of power in the output waveguide com-

(1.1)

pared to the input power by relying on the Poynting vector calculation shown in

Eq. 1.2

1
Py == | RUEy-oty () Hz-oniy (@)} d (1.2

The mode overlap is expected to converge to 1 which indicates all of the power
is confined in the desired output mode. By also comparing the transmission metric
with the desired target value, the objective function is calculated. Then, the gradient
of this objective with respect to the design variables is obtained and then used to

gradually modify the photonic device through gradient-based optimization methods.

1.3 Organization

The organization of this thesis is as follows: In the first part, we demonstrate a multi-
scale hierarchical topology optimization approach to address the computational time
of photonic inverse design, showcasing rapid convergence through a refined design
process [Dasdemir et al., 2020]. In the second part, we introduce a multi-faceted
factorization caching method that enhances the computational efficiency of elec-
tromagnetic simulations by leveraging the symbolic and numerical structure of the
system matrix [Dasdemir et al., 2023]. In the third part, we present a dual-stage
model trained with physics-based losses, achieving highly accurate and rapid simula-
tion outcomes, significantly faster than the traditional 3D FDTD method [Dasdemir
et al., 2024].
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Chapter 2

MULTI-SCALE HIERARCHICAL INVERSE DESIGN

2.1 Fabrication Compatibility Concerns in Inverse Design

Inverse design has revolutionized the creation of photonic devices, enabling the real-
ization of non-intuitive designs that were previously unattainable using traditional
methods [Lalau-Keraly et al., 2013, Piggott et al., 2015, Molesky et al., 2018, Hughes
et al., 2018al. Traditional design approaches in optics often involve manual, itera-
tive processes, which can be time-consuming and limited in their capacity to explore
design spaces with many degrees of freedom. In contrast, photonic inverse design
harnesses algorithmic approaches and machine learning techniques to optimize op-
tical devices according to specific desired functionalities.

The details of inverse design scheme are given in Section 1.2. It was mentioned
that the design variables are allowed to have values between core and cladding per-
mittivity. For instance, the geometry in Figure 1.1 has pixel values between €g; and
€sio,- However, final designs that will be fabricated are required to have binary
structures with only SiOs or Si permittivity for any pixel. Moreover, the geometry
cannot include small features that violate the minimum feature size constraint of
state-of-the-art fabrication methods. In order to meet these fabrication compati-
bility requirements, some image processing operations such as smoothing filter and
projection are applied which eliminates the small structures and binarizes the ge-
ometry. An example of the projection operation with a sigmoid function is given in
Eq. 2.1. Here, & is the map of the filtered design variables & after the projection
operation. In addition, g represents the strength of the projection by adjusting the

slope of the sigmoid and 7 determines the threshold value.

tanh(5n) + tanh(S8(& — 7))
tanh(5n) + tanh(8(1 — n))

a= (2.1)
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After the processing operations to meet the fabrication compatibility require-
ments, an electromagnetic simulation of the structure is run to compute the cor-
responding electric and magnetic fields. Then, performance metrics such as mode
overlap and transmission are calculated to find the objective value by comparing the
computed performance metrics with the targets. Here, transmission corresponds to
the ratio of the output and input power while mode overlap measures the amount
of power confined in the desired optical mode. In the final step, an optimization
algorithm uses the gradient of the objective function w.r.t the design variables to

modify the geometry.

2.2 Multi-scale Hierarchical Design Method

Among the optimization methods used in inverse design, iterative quasi-Newton min-
imization with the adjoint method has become popular, as the adjoint method yields
the objective function gradient with respect to all design variables by using only two
propagation simulations [Hughes et al., 2018a, Lalau-Keraly et al., 2013, Michaels
and Yablonovitch, 2018, Piggott et al., 2015]. Despite reduced convergence time
in comparison to heuristic techniques or finite difference-based gradient calculation,
the computational speeds are still limited by the sparse linear system solutions in
FDFD simulations. As these solutions range from O(n'?®) to O(n?) in complex-
ity [Schenk and Gértner, 2004], reducing the system size n by using coarser grids
greatly improves simulation speeds.

Conversely, simulation accuracies suffer with significantly coarse simulation grids,
potentially preventing convergence at high efficiencies. Moreover, binary and smooth
material boundaries necessary for practical fabrication are challenging to represent
on such coarse grids and typically require separate parametrizations [Vercruysse
et al., 2019] or averaging techniques [Michaels and Yablonovitch, 2018]. However,
while a binary geometry and a fine grid are necessary for the final device, initial opti-
mization iterations can be performed with coarser grids and continuous permittivity
distributions. This idea has been investigated for shape optimization, but only with

semi-manually chosen design variables [Michaels et al., 2020]. Here we demonstrate a



Chapter 2: Multi-Scale Hierarchical Inverse Design 7

generalized and fully-autonomous hierarchical design approach for multi-scale topol-
ogy optimization by rapidly performing initial iterations to approach an approximate
solution, and gradually oversample this topology to obtain the final device. We de-
sign a mode multiplexer using our approach and show record-fast convergence under

50 seconds with a transmission efficiency of over 98.1%.

(@) (b) (c) (d)

-| ' ¢ é

Figure 2.1: Multi-scale hierarchical topology optimization concept throughout it-
erations with (a) 90nm, (b) 45nm, (c) 22.5nm grids, and (d) final device with a
smooth boundary contour.

Our optimization process starts with a continuous structure on a coarse grid.
This structure is then iteratively refined, oversampled by factors of 2 throughout
multiple stages of optimization, and gradually binarized as illustrated in Figure 2.1.
In each iteration, FDFD simulations are used to calculate the objective function
and its gradient. Then, a 2D Gaussian low-pass filter and a sigmoid-like projection
function [Hughes et al., 2018b] are utilized for gradual binarization of the resulting
permittivity distribution. The Gaussian filter radius is specified according to the
minimum feature size desired; and the binarization strength is controlled with the
slope of the projection function, which is gradually incremented throughout the op-
timization. The combination of the smoothing filter and the binarization projection
allows for rapid convergence while ensuring fabrication compatibility with smooth

device boundaries and sufficiently large features.

2.3 Mode Multiplexer Design with Multi-scale Optimization

Using our multi-scale optimization method, we designed a 1 x 2 spatial mode mul-
tiplexer at A = 1.55 um, a common building block in silicon photonics and a popular

choice for inverse design algorithms. Here we restrict the device to a 2-dimensional
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3um x 3 pm geometry, and only use TM-polarized inputs and outputs (Figure 2.2a).
We set the 1/e? radius for the Gaussian filter at ~ 200 nm for compatibility with
80nm allowed minimum features in modern e-beam lithography. The final device
shown in Figure 2.2b has a minimum feature size of 129.5nm and smooth material
boundaries as expected. The resulting electric field intensities are plotted in Fig-
ure 2.2c and Figure 2.2d for the two input modes, where each polarization is mapped
to the desired output mode.

For this multiplexer design, the convergence of our multi-scale hierarchical op-
timization method is detailed in Figure 2.2e where the simulation was performed
using 16 cores on an Intel Xeon CPU. The first phase of optimization (shaded blue)
is performed on a A/5 &~ 90nm grid and with a continuous permittivity distribu-
tion to quickly find an approximate initial guess for the next optimization stages.
This initial phase completes extremely quickly due to the relatively small number
of FDFD cells. The drop in efficiency at iteration 37 results from an increase in
the projection slope which is repeated every time transmission efficiency exceeds
98%. The amount of change in this slope is determined by how continuous the cur-
rent device is when this 98% efficiency is reached. The optimization algorithm then
oversamples the device topology to a A/10 ~ 45nm grid (shaded orange) after the
permittivity distribution exceeds a pre-determined ” discreteness” threshold, I' = 0.5,
calculated as a statistical parameter from the permittivity values. The drops in ef-
ficiency continue as binarization strength increases, but are easily recovered within
a few iterations. The iterative oversampling continues until desired convergence is
reached at a sufficiently fine grid (A\/20), or when a smooth boundary contour can
be drawn with negligible changes in efficiency when simulated on the same fine grid.
Here, the multiplexer achieves 98.1% (-0.083 dB) efficiency and a final discreteness
of I' = 0.997 within 104 iterations in a total of 49.7 seconds, without needing fur-
ther optimization at a A/20 grid. For comparison, a fully binary and single-scale
optimization (dashed gray) with 45 nm grid only converges to a much worse solution
at 85% efficiency while taking over 50% longer than our multi-scale method. These
results demonstrate the potential for multi-scale hierarchical topology optimization

in rapid design of efficient devices for widespread use in nanophotonics.
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Mux/Demux Operation

(e) 1.0 scale change '
0.8 atr=0.5 .
N

0.6
0.4

Topology
Discreteness

0.2

0.0 "
1.0

0.8

0.6

0.4 / ~
/90 nm FDFD grid | 45 nm FDFD grid
/- 0.257 s per iteration : 0.612 s per iteration
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Figure 2.2: (a) Desired device functionality. (b) Device design after optimization.
(c) and (d) —FE.— showing mux/demux operation. (e) Convergence of objective
function and topology discreteness T'.
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Chapter 3

COMPUTATIONAL SCALING IN INVERSE PHOTONIC
DESIGN THROUGH FACTORIZATION CACHING

3.1 Factorization Caching Method

In the inverse design procedure given in Section 1.2 and Figure 1.1, the gradient
computation has been shown as a necessary step to gradually modify the design
variables towards a device that will perform the desired functionality. A finite dif-
ference method for computing the gradient involves perturbing each design variable
and running a simulation to observe its impact on the objective function. Since this
approach necessitates thousands of simulations per optimization iteration, scaling
linearly with the number of design variables, the total design time is significantly
constrained by the lengthy computation time required for gradients. To this end,
the adjoint method has been demonstrated as a powerful approach to compute
the gradient of the objective function with respect to design variables by running
only two simulations [Hughes et al., 2018a, Lalau-Keraly et al., 2013, Michaels and
Yablonovitch, 2018, Piggott et al., 2015].

Although only two simulations are required for each iteration of optimization,
these "forward” and ”adjoint” simulations in photonic design are known to be com-
putationally intensive, making up the vast majority of the total optimization time
[Hammond and Camacho, 2019]. To address this issue, prior studies accelerated
simulations by reducing the system matrix size in FDFD via Schur complement
decomposition [Zhao et al., 2019]. Even though this method works well when the
optimizable design region constitutes a relatively small portion of the simulation
domain; it is less effective for devices with larger footprints. Moreover, the initial
system solution overhead can be computationally prohibitive, limiting this method’s

applicability to only a subset of photonic design problems. On the other hand, deep
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learning-enabled approaches replacing Maxwell’s solvers have also been proposed
[Ma et al., 2021, Chen et al., 2022, Liu et al., 2018, Liu et al., 2021]. However,
despite their computational efficiency, these methods can suffer from the lack of
physical accuracy due to the loss of generalization when designing devices signif-
icantly different from those used in their training datasets [Wiecha et al., 2021].
Moreover, the use of such deep learning models poses inherent challenges in pho-
tonic design due to multiple distinct geometries potentially yielding the same optical
response, a challenge known as the degeneracy problem [Liu et al., 2021]. Hence, ad-
dressing these computational requirements for accurate device simulations remains
a critical challenge, as larger device footprints and more iterations for convergence
collectively increase total optimization runtimes significantly, hindering the design of
large-scale and multi-purpose photonic devices for next-generation photonic systems.
Therefore, significant progress in computational capabilities is necessary to enable
and streamline physically accurate and data-independent procedures for the design
of large-scale integrated optical devices with previously-elusive, and multi-purpose
functionalities.

Here we demonstrate a set of factorization caching approaches that drastically
improve the computational efficiency of FDFD simulations in photonic inverse de-
sign. Specifically, we utilize the patterns in discretized Maxwell’s equations, cache
factorizations of the resulting system matrices, and re-use them throughout the de-
sign process. With this method, we demonstrate a substantial speedup in FDFD
simulations, enabling faster and more efficient optimizations for large-scale and
multi-purpose photonic device design. As proof-of-concept devices, we design a
wavelength duplexer and a mode multiplexer using our caching methods and demon-
strate enhancements of up to 9.2-fold in simulation speeds over conventional FDFD
techniques. Our approach demonstrates how computational enhancements can be
leveraged to accelerate physical simulations and enable exciting future possibilities
for large-scale on-chip photonic design.

We first begin with a brief overview of adjoint optimization and specifically its
use in nanophotonics. The goal of inverse photonic design is to create an ideal

device geometry by optimizing an objective function F'(E) using the electric field E
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computed from Maxwell’s equation
(—w?eoe,(r) + o'V x V) E(r) = —iwJ(r) (3.1)

where €,(r) is the relative permittivity distribution representing the design variables
0;, and J(r) represents the input excitation to the electromagnetic simulation, such
as a dipole, waveguide mode, Gaussian beam, or a plane wave. FDFD simulations

solve a discretized version of Eq. 3.1 as a linear system of equations in the form of
AE = —iwd (3.2)

where A is the system matrix including terms with permittivity distribution and
spatial derivatives. Once the linear system in Eq. 3.2 is solved and the design per-
formance is calculated by the objective function F'(E), the gradient of this objective
with respect to the design variables 6; is computed using the adjoint system [Hughes

et al., 2018a, Lalau-Keraly et al., 2013, Michaels and Yablonovitch, 2018]

OF Y\
@91 = —2R6{Eadj a—ez

E} (3.3)

and E,q; is obtained by solving the linear set of equations given by
T

ATEadj _ (g_g) (3.4)
The solution of Eq. 3.2 and Eq. 3.4 is performed through a sparse linear system
solver. Specifically, we use a direct solution method called LU factorization[Schenk
et al., 2000] to decompose A into the product of lower and upper triangular matrices
such that A = LU. After this factorization, the linear system is solved with a
back-substitution where equations in the rows of LU representation are solved in

consecutive steps. The solutions can be formulated as
E=—iwU'L™J (3.5)

and

Bus = (L7) 7 (U7) (g—g) (36)
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Considering the structure of the individual terms in Eq. 3.1, we note that A is
a sparse matrix, and its LU factorization introduces fill-ins (new nonzero entries) in
the L and U factors. Symbolic factorization is the process in which the locations
of these fill-ins and their analytical expressions are determined, according to the
sparsity pattern of A. Following symbolic factorization, the numerical values of
these entries are calculated via a subsequent numerical factorization [Davis et al.,
2016]. Once these factorizations have been completed, the final solution to the sparse

linear system is obtained through back substitution as shown in Eq. 3.5.

A=—w?cpe, () + o 'V x Vx

Figure 3.1: Sparsity pattern of the system matrix A is independent of the spatial
distribution of materials, and remains the same throughout the entire design proce-
dure.

Our factorization caching approach is motivated by the structure of and the
updates on the system matrix A, and its corresponding L and U factors. First of
all, during a single iteration of optimization, numerical factors of A7, namely U7 and
LT are required to solve the adjoint system in Eq. 3.4. Fortunately, once L and U are
numerically calculated, LT and U7 are already known, making the solution of Eq. 3.6
trivial through back substitution. As such, no separate numerical factorizations are
necessary for the adjoint system solution in the same iteration. This is extremely

advantageous since solving a system through back substitution can be over 10 times
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faster than re-factoring A7 from scratch [Zhao et al., 2022]. Secondly, as depicted
in Fig. 3.1, the sparsity pattern of A is dictated by the spatial derivative terms
in Eq. 3.1. Consequently, as the device geometry is iteratively modified during
optimization, while A is updated numerically, its sparsity pattern remains the same.
Therefore, even though consecutive system solutions need to be performed using
numerically different A matrices, they all share the same symbolic factorization
which needs to be computed only once at the beginning. This symbolic factorization
can then be reused throughout the rest of the optimization process. Moreover, as
wavelength dependence in permittivity €,(r) and in w only alter A numerically,
this stored symbolic factorization can be reused for FDFD simulations at different
wavelengths, which is especially beneficial for designing multi-wavelength photonic
devices. Finally, we note that these advantages scale well to devices processing
multiple inputs such as spatial mode multiplexers. Systems with different right-hand
sides (i.e. different J inputs) can be solved using the existing L and U factors, as the
device geometry and the system matrix A remain unchanged across different inputs
during a single iteration. The combination of these three separate factorization
caching approaches can enable significant computational scaling for designing large-

scale and multi-purpose integrated photonic devices.

3.2 Design of Broadband Wavelength Duplexer

Our factorization caching approach is first applied in the design of a broadband sili-
con photonic wavelength duplexer by using the effective index method [Buus, 1982]
and ideal 90-degree sidewall angles with a standard 220-nm-thick silicon-on-insulator
platform. The duplexer is designed with a 7pnmx7um footprint, to separate the in-
put light into short-pass (1.50-1.55 pm) and long-pass (1.55-1.60 pm) output ports.
The objective function F'(E) is defined as the difference between the calculated and
desired transmissions at 10 target wavelengths and minimized with an L-BFGS-B
optimizer [Zhu et al., 1997]. Fig. 3.2(a) shows the final device design, for which
a smoothing filter with a 200 nm radius and a sigmoid-like projection was used to

binarize the device geometry to g and egi0, permittivities [Dasdemir et al., 2020].
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Output transmissions are plotted in Fig. 3.2(b), demonstrating an insertion loss
as low as 0.26dB (94.1% transmission); and the resulting electric field profiles are

shown in Fig. 3.2(c-e).
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Figure 3.2: (a) Wavelength duplexer geometry. (b) Transmission targets (colored
circles) and the transmission at output ports. (c-e) Electric field intensity distribu-
tion of device at 1520 nm, 1550 nm and 1580 nm.

Intensity (a.u.)

In order to demonstrate the utility and the computational advantage of our fac-
torization caching approach, the same device design is repeated three times, with
progressive applications of numerical and symbolic factorization caching. All simula-
tions were performed on a PC with a 2.4 GHz Intel Xeon Gold processor with 8 cores,
using Intel oneMKL PARDISO package [int, | with a Python interface [Marchant,
2017, Minden, 2022]. In Fig. 3.3(a), we plot the objective function with respect
to the total simulation time spent through 164 iterations, for a target objective of
8 x 103, Shown in blue is the standard approach as reference where Eq. 3.2 and

Eq. 3.4 are solved from scratch every iteration by repeating symbolic and numeri-
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cal factorizations. The green curve demonstrates our improved approach where we
compute and cache the numerical factorizations of the forward simulations at dif-
ferent wavelengths, and reuse them in the adjoint simulations. Hence, the solution
of the adjoint system in Eq. 3.4 is reduced to only a back substitution operation.
Finally, the red curve shows optimization performance when both the numerical and
symbolic factorizations are cached. Specifically, the additional caching of the sym-
bolic factorization enables its reuse for all subsequent iterations in the optimization
process. As a result of these cached factors, while the standard method reaches our
reference objective in 833s of simulation time, the factorization-cached approach

achieves the same objective in 179 s, presenting an improvement of 4.7 times.
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Figure 3.3: (a) Objective function evolution of a wavelength duplexer as a func-
tion of total simulation time with different factorization caching approaches. (b)
Numbers of symbolic factorization (SF'), numerical factorization (NF'), and back sub-
stitution (BS) operations in each iteration for the standard state-of-the-art method
and our factorization caching method. Bar plots visualize the total simulation and
the corresponding SF, NF, and BS runtimes per iteration.
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The computational advantage is detailed in Fig. 3.3(b) with a comparison of
the number of factorization and back substitution operations for non-cached and
cached optimizations. In the optimization process of this device, each iteration
involves 20 simulations, with 10 target wavelengths requiring 1 forward and 1 adjoint
simulation each. Without caching, this entails performing 20 symbolic factorizations,
20 numerical factorizations, and 20 back substitutions as these factorizations are
re-computed in every iteration. In contrast, when factorizations are cached, the
symbolic factorization is only computed once during the first iteration. On the
other hand, the numerical factorizations are computed anew for each wavelength in
the forward simulation but then are cached and reused in the adjoint simulations
of the same iteration. Therefore, our caching approach requires only 10 numerical
factorizations and 20 back substitutions for all iterations after the first one. As a
result, while the standard approach takes 5.09s of computational time at each one
of 164 iterations, our factorization caching approach only takes 1.28s for the first
iteration, and 1.12s for all following iterations. This enhancement illustrates the
significant computational capabilities enabled by factorization caching in the design

of multi-wavelength photonic devices.

3.3 Design of Broadband Mode Multiplexer

The computational scaling achieved by factorization caching is even more significant
in photonic devices that process multiple optical inputs. To demonstrate this, we
design a 1 x 3 broadband silicon photonic mode multiplexer with a 10 pmx10 pm
footprint as shown in Fig. 3.4(a), using the same 220-nm-thick silicon-on-insulator
platform. In this device, a multi-mode optical input (TEq, TE;, and TE,) is demulti-
plexed into fundamental modes at three outputs, for a broad wavelength range from
1500 nm to 1600 nm. The transmission for all three inputs is plotted in Fig. 3.4(b),
demonstrating an insertion loss of at most 0.35dB (92.2% transmission). The cor-
responding electric fields are plotted in Fig. 3.4(c-e), after an objective of 2.5 x 1073
is reached in 333 iterations.

We perform a similar analysis on this broadband mode multiplexer by repeating



Chapter 3: Computational Scaling in Inverse Photonic Design Through Factorization

Caching 18
b)
1.00 FO (o] (o) (o) (o) o
Targets
[
Re)
(2]
R
£ 096
[
o
|_
0.92
1.50 1.55 1.60
Wavelength (um)
c) d) ¢) 1
TE, input TE, input TE;input
S
8
=
‘»
[
2
=
A=1550 nm A=1550 nm A=1550 nm
Transmission=0.975 Transmission=0.962 Transmission=0.956 0

Figure 3.4: (a) Mode multiplexer geometry. (b) Transmission targets and the re-
sulting output transmission for TEq mode. (c-e) Electric field intensity distribution
of mode multiplexer for each input mode.

the design process with and without factorization caching and plot the resulting
objective function in Fig. 3.5(a). Here, while the standard method (blue) reaches
our reference objective in 6076s of simulation time, the same objective is achieved
in only 712s when both the symbolic and numerical factorizations are cached (red).
This result represents a computational speedup of over 8.5 times over the standard
approach, achieving even better scaling than the spectral duplexer we demonstrated
above.

The enhanced computational scaling in this device stems from the further ad-
vantages enabled by our cached factorizations for the solutions of linear systems
with multiple inputs. These advantages are illustrated by the number of specific op-
erations shown in Fig. 3.5(b) for standard and factorization-cached methods. The

standard approach requires 2 x 6 x 3 = 36 system solutions by re-solving Eq. 3.2
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Figure 3.5: (a) Objective function evolution of a mode multiplexer as a function of
total simulation time with different factorization caching approaches. (b) Numbers
of symbolic factorization (SF), numerical factorization (NF), and back substitution
(BS) operations in each iteration for the standard state-of-the-art method and fac-
torization caching method.

and Eq. 3.4 at each wavelength and input mode, for every iteration. This involves
performing 36 symbolic factorizations, 36 numerical factorizations, and 36 back sub-
stitutions, totaling 18.12s per iteration. In contrast, caching these factorizations
allows for the stored symbolic factorization to be reused throughout, and also for
the stored numerical factorizations to be reused across multiple different inputs at
each wavelength. As a result, after the first iteration, only 6 numerical factorizations
and 36 back substitutions are required per iteration. Compared to the no-caching
approach, our method eliminates over 83% of numerical factorizations and all subse-
quent symbolic factorizations, resulting in computational times of 2.40 s for the first

iteration, and only 2.08s for each subsequent iteration. This clear computational
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advantage highlights how cached factorizations significantly enhance the design of
multi-input and multi-wavelength optical devices.

We note that for both of the results demonstrated in Fig. 3.3(b) and Fig. 3.5(b),
the runtime of symbolic and numerical factorizations may vary based on specific
factorization algorithms or the hardware resources used. However, while the com-
putational time inherently depends on these factors, the number of factorizations
performed for device optimization remains a fundamental quantity independent of
implementation or hardware details. Hence, our demonstrations with significantly
fewer symbolic and numerical factorizations, coupled with the accelerated optimiza-
tion time, underscores the efficiency of our caching method independent of hardware

resources and algorithm implementation.

3.4 Computational Analysis of Factorization Caching

We also analyze how these demonstrated computational advantages scale with the
device footprint, as the footprint is a crucial parameter influencing the design degrees
of freedom and functional capabilities of a photonic device. To do so, we run simu-
lations on devices with footprints ranging from 4 pm x 4 pm to 85 pm x 85 pm, with
an additional 1 m on all four sides for the simulation boundary. Using a 25 nm spa-
tial discretization, these footprints result in system matrices of size from 2402 x 2402
to 3480% x 3480%. In Fig. 3.6(a) and Fig. 3.6(b) we plot the runtime of three sub-
procedures for a single simulation and the ratio of these runtimes to a single simu-
lation time. From these results, we conclude that while symbolic factorization takes
approximately twice as long as numerical factorization with smaller devices (due to
smaller system matrices), numerical factorization requires progressively longer times
for larger devices. This result reveals that caching the symbolic factorization alone
can eliminate over half of the required simulation time, using typical device foot-
prints in inverse photonic design (<100 pm?) [Piggott et al., 2015, Molesky et al.,
2018, Hughes et al., 2018a, Lalau-Keraly et al., 2013]. Furthermore, by caching both
factorizations, it is possible to reduce the necessary computational time to the point

where back substitution is the only remaining operation, which corresponds to only
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4-8% of the simulation time.
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Figure 3.6: (a) Runtimes of symbolic factorization (SF), numerical factorization
(NF), and back substitution (BS) as a function of footprint. (b) The ratio of run-
times to the total simulation time (SF+NF+4BS). (¢) Speed-up factor for demon-
strated devices, calculated as the ratio of standard method and factorization-cached
method simulation runtimes. (d) The portion of total optimization time used for
running FDFD simulations for no-caching and factorization-cached approaches, for
the design of the wavelength duplexer.

The total enhancement in simulation speedup is plotted in Fig. 3.6(c), showing
that factorization cached wavelength duplexer simulations are over 4.7 times faster
than the standard no-caching approach for devices smaller than 10 pm x 10pm,
and are about 3.1 times faster for much larger devices (up to 85pm x 85um).
Even though the symbolic factorization is completely eliminated after the first it-
eration, the computational enhancement decreases slightly with increasing device
size, as the necessary numerical factorizations start to occupy the majority of total
iteration times with larger system matrices. A similar trend is observed for the
broadband mode multiplexer where the speed-up factor of 9.2 for the typical device
footprint reduces to 7.3 for the largest device we tested (85 pm x 85 pm). Although
the achieved speedup for these much larger footprints is lower than standard ones,

Fig. 3.6(c) demonstrates that our approach still leads to a significant reduction in
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simulation time regardless of footprint in the scope of the inverse design applica-
tions. Lastly, in Fig. 3.6(d), we present a comparison of the simulation time to the
total iteration time, which also includes operations such as smoothing and binariza-
tion of the device geometry, gradient computations, and the optimization algorithm
itself. Here, when no caching is employed, over 62% of the total iteration time is
spent on the simulations. This ratio reaches as high as 82% with larger devices.
With our factorization caching approach , only 24% of the iteration time is used for
these simulations in 4pum x 4 pm devices, reaching up to 61% in 85um x 85pum
devices. As expected, our achieved speedup factors experience a slight decrease
with increasing footprint since simulation time already comprises the vast majority
of computational requirements for these much larger devices. These results demon-
strate that with factorization caching, linear system solutions can now be completed
quicker than the other operations necessary for nanophotonic device design (includ-
ing image smoothing, gradient calculations, and optimization). Other enhancements
through GPU-accelerated image operations or advancements in rapid optimization

algorithms can further accelerate inverse design frameworks.
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Chapter 4

DEEP LEARNING ENABLED DUAL-STAGE
NANOPHOTONIC DEVICE SIMULATIONS FOR
INVERSE DESIGN

4.1 Simulation bottleneck in inverse design

The details of the inverse design approach and usage of electromagnetic simulations
have been discussed in previous chapters. Among these electromagnetic simulation
algorithms utilized in photonic inverse design, Finite-Difference Frequency-Domain
(FDFD) and Finite-Difference Time-Domain (FDTD) methods are widely employed.
While 2D versions of these methods offer faster computations, they often sacrifice
physical accuracy. Consequently, 3D simulations are essential for designing devices
that exhibit agreement with experimental measurements. However, the computa-
tional requirements necessary for these 3D simulations result insignificant limita-
tions, extending design procedures to multiple days or weeks, particularly for opti-
mizations requiring a large number of iterations or large device footprints [Liu et al.,
2018]. In response to these challenges, deep learning approaches have emerged as
promising alternatives to traditional electromagnetic simulations. However, many
existing models either struggle to capture underlying physical phenomena or are con-
fined to 2D representations, resulting in a compromise of physical accuracy. There-
fore, fast and physically accurate deep learning models remain a critical need for
optimizing complex and non-intuitive photonic devices. To address these challenges,
we propose a multi-stage physics-informed computational architecture trained us-
ing physical losses in addition to pixel-based losses obtained from electromagnetic
fields. Our model accurately simulates photonic devices across various sizes, achiev-
ing physical accuracy comparable to that of 3D-FDTD simulations with a fraction

of the computational requirements necessary. Specifically, our model achieves a re-
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markable speed-up of over 3400-fold, demonstrating its efficacy in expediting the
design process for complex photonic devices. These advancements pave the way
towards rapid and precise optimization of complex photonic devices, unlocking new

frontiers in the field of nanophotonics.

4.2 Multi-wavelength Dataset

In order to train our model, we created a dataset consisting of geometries and their
corresponding 3D FDTD simulation results as targets. As our trained model will be
used in inverse design simulations, the geometries in the dataset are tailored to this
application. Specifically, we formulated inverse design objectives of 1 x 2 devices (1
input waveguide, 2 output waveguides) for different cases, then ran these optimiza-
tions using 2D FDFD and saved the geometries generated during the iterations. As
a result, our dataset includes devices that are not entirely arbitrary but rather repre-
sentative of those encountered in device optimizations. The dataset includes various
design region sizes, ranging from 4pm X 4pm to 8pm X 8 pm, ensuring that the
model is trained to generalize across various design region dimensions. This aspect
is crucial, as device optimizations may necessitate the use of larger design regions,
particularly when convergence becomes challenging. The design cases also include
different power splitting targets, and varying smoothing filter radii and binarization
threshold levels. As the deep learning model will take the geometry as input in the
form of a tensor, it is important for the training performance that all input tensors
have the same shape. Therefore, we added padding to the geometries with smaller
design region size than the 8 pm x 8 nm, ensuring that the overall simulation region
of devices are uniform through the dataset with 11 pm x 11pm. We also note that
the devices include 1m PML region on each side and the additional padding is
included between the input-output waveguides and PML.

In addition to the geometries taken from inverse design cases, we also generated
geometries with random pixels. This ensures that the model not only memorizes
the simulations of tailored geometries in the dataset but also learns the underlying

physical relationship between a geometry and its simulation result. In total, we
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generated 4000 geometry samples from inverse design cases and 1000 samples with

random pixels. Some examples from our dataset are given in Fig. 4.1

11um 11um

SiO Si

Figure 4.1: Sample geometries from training set

After the geometries are created, we run their 3D FDTD simulations to construct
the target fields. The simulation region is discretized into 50 nm squares. The
simulation results are extracted for 11 wavelengths with 10 nm spacing in the range

of 1500nm to 1600 nm. We also note that we included 2D slices taken from the
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middle of the vertical dimension of 3D FDTD simulations in the dataset. We tested
the mode overlap and transmission on both the 3D results and their slices, observing
that the results corresponded closely. Therefore, we used the slices as our target,
since predicting a 2D region is easier than predicting a 3D region.

Finally, we generated 4000 geometries from inverse design cases and 1000 random
geometries, storing them with their 3D FDTD results for 11 wavelengths. Before
training, we selected the simulation results at 4 random wavelengths for each geom-
etry and created a dataset of 20000 samples. We then split this dataset into 18000
samples for the training set, 1024 samples for the validation set, and the remainder

for testing.

4.3 Physics Informed Model

The schematic diagram of our multi-stage simulation architecture and a breakdown
of the constituent operations are illustrated in Fig. 4.2. Our model integrates two U-
net blocks, interconnected with a 2D Finite-Difference Frequency-Domain (FDFD)
simulator. Initially, an input geometry is fed into a U-net with residual blocks, akin
to the architecture in [Wang et al., 2018]. The u-net architecture incorporates 7x7
convolutional layers at both the beginning and the end. The downsampling layers
utilize 3x3 convolutions with a stride of 2, facilitating the reduction of spatial di-
mensions while preserving essential features. Similarly, upsampling layers employ
transposed convolutions to upsample the feature maps to their original resolution.
Residual blocks within the u-net also consist of 3x3 convolutions, designed to main-
tain the data shape and the number of channels while enabling the extraction of
intricate features present in the device geometry. After this first u-net, the modified
geometry undergoes a discretized, frequency domain Maxwell’s solver calculate the
magnetic and electric field components H,, F,, and E,, using a fundamental TE
input mode.

The primary objective of the initial stage is to selectively manipulate the device
geometry, such that the result of this 2D-FDFD simulation matches as closely as
possible with the 3D-FDTD fields that are accepted as ground truth. The inter-
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Figure 4.2: Schematic representation of the proposed configuration for the dual-
stage model, comprising two U-net models and a 2D FDFD simulator.

mediate field tensor consisting of the real and imaginary parts of these three field
profiles is then processed through another smaller u-net for subsequent refinement.
Since the I, and E, fields are derived from the calculated H, in 2D-FDFD simula-
tions using the permittivity distribution, this next refinement stage mainly modifies
the fields in order to yield more physically accurate spatial derivatives, and in turn
yield a better match with the 3D-FDTD ground truth. This dual-stage network
architecture with a 2D-FDFD intermediary forces physical constraints in the model,

thereby enhancing its robustness and reducing dependence on training data alone.
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4.4 Physics Informed Training

Both the dataset and multi-stage model are carefully constructed to perform accu-
rate simulations on inverse design tasks. Consequently, it is crucial that the training
process is tailored to this purpose. Therefore, the objective for this model includes
both mode overlap (Eq. 1.1) and transmission (Eq. 1.2) metrics at the outputs of
the nanophotonic device.

We derive the mode overlap and transmission metrics from the output ports
of the predicted field and target field and formulate the training loss to minimize
the mean absolute error. In addition to the physical losses, the L1-norm of the
difference between the predicted and 3D-FDTD simulated fields is also separately
included in this objective. While the L1 loss facilitates pixel-by-pixel matching
between predictions and targets, the inclusion of mode overlap and transmission
losses directs the model’s attention toward the output port regions, which hold
significant importance in inverse design applications. The formulation of the training
objective including these three separate loss parts is given in Eq. 4.1. We introduced
a coefficient to combine the mode overlap and transmission losses so that we can

adjust the model’s focus on output waveguide locations.

M M
1
L= Oéz Ty — Til + 042 |Paiiy = Poyy] + N Z [ Tpred — Lrarget| (4.1)
j=1 j=1

pixels
4.4.1  Training Performance Comparison with Standard Model

We compared our model’s training and validation performance with a standard
model where the geometry processing is not used and 2D FDFD fields of the original
geometry are directly given as input to the training model. The schematics of the
model is given in Figure 4.3.

Both models are trained for 124 iterations through which the evolution of three
components of training loss are shown in Fig. 4.4. The trainings were run with a
batch size of 8 and an ADAM optimizer with a learning rate of 0.0002 and 3; = 0.5,
B2 = 0.999. We also show the final values of all losses in Table 4.1. At the end of
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Padding=3, Conv (kernel=7x7, padding=0, stride=1)

Figure 4.3: Schematic representation of the standard model with only one U-net
directly processing the 2D FDFD simulator results of the original geometry.

the training, the L1 loss for our dual-stage model reaches a final value of 0.0063,
indicating a low average absolute difference between the predicted and target fields.
In contrast, the standard model reaches 0.0137, demonstrating a worse performance
than our dual-stage model. Additionally, for the dual-stage model, the transmission
loss and mode overlap loss converge to final values of 0.0053 and 0.0065, respectively
which corresponds to a decrease of more than 20-fold compared to their initial values.
This significant reduction underscores the model’s convergence towards producing
outcomes that align closely with the physics of device simulations. In comparison,
the standard model’s final transmission loss and mode overlap loss are 0.0069 and
0.0081, respectively, indicating that the dual-stage model performs better.

We also monitor the training performance of our model and standard model with
the Structural Similarity Index (SSIM). Although SSIM is popularly used in image
processing problems, it is useful also in our context as it can measure the structural
similarity between two images by considering the patterns [Hore and Ziou, 2010].
This approach is particularly beneficial because a simple pixel-by-pixel comparison
using L1 loss may not capture the similarity between two high-resolution images.

Hence, as SSIM converges to 1, the model’s predicted fields not only match the
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Figure 4.4: Training loss components for the dual-stage and standard model with

only U-net on 2D FDFD fields.

target fields both physically and pixel by pixel but also exhibit structural similarity,

indicating relative alignment of the resulting electromagnetic field patterns. This
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Table 4.1: Training MAE and SSIM values obtained from standard (U-net on 2D
FDFD) model and proposed dual-stage model.

Field Mode Overlap Transmission Field

Model

MAE MAE MAE SSIM
Standard Model  0.0137 0.0081 0.0069 0.9181
Dual-stage Model 0.0063 0.0065 0.0053 0.9801

suggests that the model accurately reproduces the electromagnetic field distributions
while also preserving the finer structural details present in the target simulations.
We showed the training SSIM for our dual-stage model and standard model in
Fig. 4.5. While our model reaches a very close value to 1 with 0.9801, the standard
model has a maximum SSIM of 0.9181. This indicates that our model learned
the structural patterns of electromagnetic fields in the training set better than the

standard model.

Training SSIM
—— Dual-stage Model
0.95 1 Standard Model
0.90 1
0.85 1
0.80 1
0.75 1
{

0 20 40 60 80 100 120
Iterations

Figure 4.5: Structural similarity index measure throughout the training procedure
for dual-stage and standard models.
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4.4.2  Validation Performance Comparison with Standard Model

We measured the validation performance of our dual-stage model and standard
model during the training on a validation set of 1028 samples which include unseen
samples from different geometries as well as target fields from different wavelengths.
The L1 loss for both models is plotted in Fig. 4.6 as well as the final loss values
given in Table 4.2. While the standard model reaches a final value of 0.0177, our
dual-stage model reaches 0.0078, showing superior performance. The performance
gap is even more emphasized in transmission and mode overlap losses. Although
the dual-stage model converged to a lower value for these losses, the difference was
not that high. In contrast, the validation transmission loss reached 0.0061 for our
dual-stage model while the standard model’s transmission loss converged to 0.0092.
For the mode overlap loss, the standard model showed a final value of 0.0245. In
comparison, our model’s mode overlap loss for validation converged to 0.1201 which

is almost half of the standard model’s result.

Table 4.2: Validation MAE and SSIM values obtained from standard (U-net on 2D
FDFD) model and proposed dual-stage model.

Field Mode Overlap Transmission Field

Model

MAE MAE MAE SSIM
Standard Model  0.0177 0.0245 0.0092 0.8866
Dual-stage Model 0.0078 0.0120 0.0061 0.9676

We also monitor the SSIM of the validation set for both models. We observe that
our model shows a better SSIM performance in validation by reaching a maximum
value of 0.9676 in contrast to the maximum SSIM of the standard model, which is
0.8866.

The superior performance of our dual-stage model in L1 loss and SSIM met-
rics indicates that using a geometry processing model enhances the accuracy and
structural integrity of the predicted electromagnetic fields. Moreover, the dual-stage

model exhibits lower physical losses in both the training and validation phases, mak-
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Figure 4.6: Evolution of the validation loss components for the dual-stage and stan-
dard model.

ing it particularly well-suited for the context of inverse design simulations.



Chapter 4: Deep Learning Enabled Dual-Stage Nanophotonic Device Simulations for
Inverse Design 34

Validation SSIM

0.95 - —— Dual-stage Model
' Standard Model

0.90 1

0.85 1

0.80 1

0.751

0 20 40 60 80 100 120

Iterations

Figure 4.7: Structural similarity index measure of the validation set for dual-stage
and standard models.

4.5 Comparisons with 2D FDFD

We run separate 2D FDFD simulations of validation samples using the effective
index method at their respective wavelength and compare the results to our dual-
stage model and standard model [Knox and Toulios, 1970]. The effective index
method simplifies the 3D simulations by using the vertical refractive index of the
respective mode as the refractive index of the silicon, effectively reducing it to a 2D
problem. In this way, the computational complexity is significantly reduced while
maintaining a reasonable degree of accuracy, especially for devices that don’t have
complex shapes. The performance of this representative effective index-based FDFD
method and our model together with the standard method is compared against the
target 3D FDTD simulations in Fig. 4.8. Here, we plot the L1 norm as a function
of the design region area. We find that the effective index-based FDFD exhibits
an average L1 loss of 0.0393 throughout all device sizes tested, significantly inferior
to our model’s performance. Furthermore, the performance of effective index-based
FDFD deteriorates with larger device sizes. In contrast, our model achieves an L1
loss of 0.0238 while the standard model has an average L1 loss of 0.0255. These
results show that the standard method outperforms the effective index-based 2D

FDFD approach and our dual-stage model surpasses both in matching pixel-based
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similarities to the target 3D FDTD fields. A similar trend is observed for the SSIM
results, with our model achieving an average SSIM of 0.7540 and the standard
method’s SSIM converging to 0.6894. Both of these approaches are again superior to
effective index-based 2D FDFD as it reaches a mean SSIM of 0.5424. It is also worth
emphasizing that our model consistently achieves more successful performance than
2D FDFD and standard model across various device sizes from 4x4 to 8x8 pm?,
highlighting its robustness and generalization capability. We note that the visibly
better performance in 8 pm x 8 pm design region area arises from the fact that the
validation set is not balanced, with the 8 pm x 8 pm has the smallest number of data.
This imbalance may contribute to the improved performance observed in this specific
design area. We also note that the measurements presented here are derived from
the runs on the same validation set as shown in Figure 4.6 and Table 4.2. However,
the values of L1 loss and SSIM are different because these metrics in Figure 4.6 were
calculated using batches during training, whereas we did not use batching in this
section. This discrepancy accounts for the variation in the reported values.

In addition to the tests at different device sizes, we also conducted an analysis
of geometrical device complexity, and how that affects the simulator performance
within our dataset. To quantify geometrical complexity, we computed the entropy
of the Fast Fourier Transform (FFT) of each permittivity distribution. The details
of complexity metric calculation are given in A.1. Subsequently, we plotted the
SSIM results of our model, standard model, and the effective index-based FDFD
method in Figure 4.9, providing insights into the performance of all approaches
across varying levels of feature complexity. Specifically, we observed in Figure 4.9a
that while effective index-based 2D FDFD achieves SSIM results lower than 0.7
across all levels of complexity, 46.9% of samples for the standard model reach an
SSIM of higher than 0.7. In contrast, our model demonstrates superior performance
(Figure 4.9b) with an SSIM of minimum 0.7 for 78.4% of devices in the dataset. This
significant difference underscores the effectiveness of the presented dual-stage model
in accurately predicting electromagnetic field distributions across a wide range of

geometric complexities, outperforming traditional simulation methods.
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Figure 4.8: (a) L1 Loss, (b) SSIM of the validation samples for our dual-stage model,
standard model with only u-net and 2D FDFD.
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4.6 Application to the design of arbitrary power splitters

To show the performance of the dual-stage model with physically informed losses on
the photonic device optimization tasks, we replace it with the simulator block shown
in Fig. 1.1 and perform the inverse design of arbitrary power splitters at a broadband
range between 1500 nm-1600 nm wavelengths. These devices divide the light into two
ports, each with specified power ratios relative to the input port. We formulated
the objective of the splitter optimizations to match the specified splitting target in
1500 nm, 1520 nm. 1550 nm, 1580 nm, 1600 nm wavelengths. We also run the same
optimization using the standard model in Figure 4.3 and compare the results with
our model. After optimizing the devices using our model as a simulator, we run a
3D FDTD simulation on the designed geometry to assess the physical accuracy of
model simulations.

Our first design is a 10:90 power splitter on a design region area of 4 ym x 4 pm
with 50 nm discretization where the geometry of the final designed device is shown
in Figure 4.10. In order to match the full simulation region used in the training set
of the model (11 pm x 11 pm), we extend the waveguides in the horizontal direction
and add SiO, as padding.

The H, component of 3D FDTD fields and predictions of our dual-stage model
at 1550 nm for this 10:90 splitter are given in Figure 4.11. The same plots for E,
and E, are shown in A.2. We observe that both the real and imaginary components
of the predicted field H, closely resemble the corresponding 3D FDTD results. The
bottom plots, which display the absolute difference between the predicted and ac-
tual fields, reveal a periodic structure. This indicates that our dual-stage model
accurately predicts the physical pattern of the electromagnetic fields. The observed
error primarily arises from differences in intensity for corresponding pixels.

The transmission results of optimization and 3D FDTD simulations for the
broadband wavelength range are given in Figure 4.12. Mean values of transmission
results in this figure are given in Table 4.3. The overall loss, which is attributed to
the sum of transmissions in both ports, for optimizations employing the standard

model is 21.2% while our model outperforms this result by a value of 6.7%. This
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Figure 4.10: Permittivity distribution of the 10:90 splitter designed with optimiza-
tion employing proposed dual-stage model.

Table 4.3: Inverse design and 3D FD'TD results with 4 pm x 4 pm device dimensions

Device Size Splitting  Transmission  Transmission

Model

(pm?) Target  (Optimization) (3D FDTD)
Standard Model 4dx4 0.10-0.90 0.009-0.779 0.012-0.679
Dual-Stage Model 4x4 0.10-0.90 0.051-0.882 0.069-0.828

result shows that using our model resulted in an easier convergence in the inverse
design of devices. Moreover, while the difference between standard model employed
optimizations and 3D FDTD transmissions is 9.7%, the dual-stage model reduces
this difference to 3.6%. These results indicate that using a geometry processing u-
net as the first stage of the dual-stage model translates to higher physical accuracy
in the simulation of inverse design devices.

After demonstrating our model’s success on the design of arbitrary splitters with
4pm x 4pm design region, we extend our application tests to a dimension never
before encountered in training, 8 ym x 5pm. Table 4.4 and Figure 4.13 reveal that

the standard u-net approach yielded sub-optimal results, failing to match the results
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Figure 4.11: Real and imaginary parts of z-component of the predicted and 3D
FDTD field for the 10:90 power splitter design. The bottom row shows the absolute
difference between predicted and ground truth values.
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Figure 4.13: Comparison of the transmission measurements for the 8pym x 5pum
30:70 power splitter.

of 3D FDTD simulations by a large transmission difference of 16.5%. In contrast, our
model performs better with a smaller error of 6.5%. This indicates that our model
has acquired a deep understanding of the underlying physics of electromagnetic
simulations, as it showed high accuracy in both data and dimensions not included

in the training set.

4.7 Model Runtime Analysis

Finally, we present the inference time comparison of our model with 3D FDTD in
Table(4.5). The tests were conducted on our standardized 11pm x 11pum region with
a b0 nm discretization. For our model’s runtime breakdown, three components are

listed: the first u-net, 2D FDFD, and the second u-net. When running the model on
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Table 4.4: Inverse design and 3D FDTD results with 8 pm x 5 pm device dimensions

Device Size Splitting  Transmission  Transmission

Model

(pm?) Target  (Optimization) (3D FDTD)
Standard Model 8XH 0.30-0.70  0.260-0.656 0.239-0.512
Dual-Stage Model 8x5 0.30-0.70  0.283-0.669 0.264-0.623

the CPU, we observe that 2D FDFD takes 0.193 s, while the rest of the model takes
0.506 s. However, transitioning to a GPU (Tesla V100) for the first and second u-net
stages leads to a significant decrease in runtime, reducing the entire simulation to
0.214 s. Notably, in this GPU version, 2D FDFD simulations are the bottleneck,
accounting for 90% of the model’s total runtime. To address this bottleneck, we
employed a factorization caching approach [Dasdemir et al., 2023|, which results in
a significant reduction of the 2D FDFD runtime by 39% for this specific device size.
With this enhancement, the 2D FDFD runtime decreases to 0.122 s, while the overall
model runtime drops to 0.144 s. Consequently, a device simulation using our model
runs 3408 times faster than traditional 3D FDTD without sacrificing the physical
accuracy of the resulting fields. It is also important to emphasize that employing
factorization caching not only improves inference performance but also reduces back-
ward propagation time by storing numerical factorizations. These factorizations are
then utilized in adjoint simulations that are necessary for computing the gradient
of FDFD simulations. In inverse design applications where multiple forward and
backward propagations are required, this approach significantly enhances runtime
performance. By leveraging our model together with factorization caching, the com-
putational burden associated with running additional 3D FDTD simulations in the
gradient phase of inverse design applications is entirely mitigated. This enhance-
ment streamlines the iterative optimization process, making it more efficient and
enabling orders of magnitude faster convergence to optimal designs. These findings
streamline the application of computational models to physically accurate device

simulations and underscore the significant speed-up our model offers compared to
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Table 4.5: Comparing model, 2D FDFD, and 3D FDTD methods in terms of the
operation time with and without Factorization Caching (FC).

Method Time(s) (without FC) Time(s) (with FC)
Model CPU 0.506 0.435
Model GPU 0.214 0.144
FDFD 0.193 0.122
3D FDTD 490.895 490.895

traditional simulation methods, particularly in the case of iterative processes in

inverse design approaches.
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Chapter 5

CONCLUSION

In the first part of this thesis, we demonstrated a multi-scale hierarchical topol-
ogy optimization approach to address the long computational time of photonic in-
verse design. While the adjoint method enabled the computation of the gradient of
the objective function with only two simulations, the computational speed of pho-
tonic optimizations remains constrained by the solution of sparse linear systems in
FDFD simulations. To address this, our study introduces a multi-scale hierarchical
topology optimization approach that begins with a coarse grid and continuous per-
mittivity distribution, progressively refining and binarizing the design to achieve a
high-efficiency final device. This method allows for rapid convergence, demonstrated
by the design of a mode multiplexer achieving over 98.1% efficiency in under 50 sec-
onds. Our findings underscore the potential of multi-scale hierarchical optimization
in the rapid and efficient design of nanophotonic devices, paving the way for broader
applications in the field.

In the second part of this thesis, we have demonstrated a multi-faceted factor-
ization caching approach for the computational enhancement of inverse photonic
design by leveraging the symbolic and numerical structure of the system matrix.
With our approach, by caching and reusing the factorizations, we eliminate all sym-
bolic factorizations in forward and adjoint simulations after the first iteration. We
also reduce the numerical factorizations in the forward simulations proportionally
to the different input modes used and eliminate all numerical factorizations in ad-
joint simulations by utilizing the stored factorizations in forward simulations. Our
results highlight the effectiveness of factorization caching in reducing the compu-
tational cost associated with device simulation and optimization processes. As we
introduce no changes or approximations in the underlying system of equations, our

method remains generalizable to a large class of photonic design problems with the
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system solutions remaining exact, physically accurate, and data-independent. Cur-
rently, since we specifically focused on enhancing the computational efficiency of
sparse direct solvers, our factorization caching method is particularly suitable for
2D FDFD-based optimizations, as simulations like 3D FDTD typically rely on it-
erative solvers due to their large memory requirements [Su et al., 2020]. However,
the demonstrated caching approach fundamentally remains applicable to FDTD-
based or other simulations, provided that direct approaches are employed in solving
the associated linear system of equations. Moreover, our method is also applicable
to any photonic platform with different choices of materials, layer thicknesses, or
even sidewall angles in the case of 3D simulations, as these properties are all repre-
sented with the construction of the underlying linear system of equations. Coupled
with state-of-the-art optimization algorithms, this approach can enable the design of
large-scale, and multi-purpose nanophotonic devices in a variety of integrated pho-
tonics platforms. Finally, our factorization caching method can even extend beyond
photonics, as it can be applied to many other computational applications requiring
repetitive solutions of structurally similar system matrices.

Finally, in the last part, we have presented a dual-stage model trained with
physics-based losses, resulting in highly accurate simulation outcomes within simu-
lation short timeframes that are orders of magnitude faster than traditional methods.
By integrating deep learning techniques with a 2D FDFD simulator and incorporat-
ing mode overlap and transmission losses into the training scheme, we achieved
remarkable accuracy in simulations at unprecedented speeds—up to 3408 times
faster than conventional 3D FDTD. The model’s effectiveness in producing physi-
cally accurate simulation results that are as close as possible to the ground truth
was extensively validated through comprehensive testing, demonstrating superior
performance in various geometry complexities and robust generalization capabilities
to a wide range of device sizes. These advancements represent significant progress
in the field of inverse photonic design, enabling the optimization design of photonic
devices that were previously elusive and/or impractical due to prohibitively high

simulation costs.
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Appendix A

A.1 Complexity Metric

We showed our model’s successful performance over various geometry complexities

in 4.5. The procedure for calculating the complexity metric is given in A.1.

Geometry Imaginary Component of FFT Magnitude Spectrum

.

. = FFT
%ﬁ ‘
& - - !

—» —>» PSD, —p» —)Complexity1=7.21

—» —» PSD,—3»| Entropy (—3» Complexity,=12.45

Figure A.1: Diagram for the computation of the complexity metric.

Here we considered only the design region without including the waveguides as
they are common for all devices. We compared the intermediate and results of two
images with a less complex one (top) and a more complex one (bottom). The FET
of the design region image is computed to convert the image into frequency domain
from spatial domain and represent it in terms of its frequency components. The

equation for FFT is given in A.1 where f(z,y) represents the input design region

image.
M—-1N—-1
Flu,o) =33 flay)e (i) (A1)
=0 y=

As this FFT result F(u,v) have complex values, we compute its magnitude to
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find the magnitude spectrum of the design region.

Magnitude(u, v) = |F(u, v)| (A.2)

We then normalize the magnitude spectrum to form a probability distribution

which we call normalized power spectral density.

Magnitude(u, v)
S ) Magnitude(u, o

PSDnormalized(“a /U) = <A3)

Finally, as shown in A.1, we calculate the entropy of the normalized PSD values

and compute the complexity metric.

M-1N-1

Entropy (Complexity) = — Z Z PSDormalized (U, V) 10gs (PSDormalized (U, V)
u=0 v=0

(A.4)

We observe that the imaginary component of FF'T for the bottom design region
shows a dispersed behavior which indicates the existence of higher frequency compo-
nents. Moreover, the magnitude spectrum of the top design region has only a bright
spot in the middle. In contrast, the bottom magnitude spectrum has nonzero pixel
values around the bright point in the center. As a result of this, the uncertainty of
the bottom design region is computed as higher. This high entropy indicates that
the bottom design region has a more complex pattern compared to the upper one

with a simpler and more uniform shape.

A.2 Predicted and 3D FDTD Fields

The visuals of the predicted field and 3D FDTD field as well as their difference are
plotted in the following figures.



Appendixz A:

95

Re(E,): Predicted Field

Wi '“'””’ﬂ‘" LR

Re(Ey): 3D FDTD Field

0.75

0.50

0.25

0.00

-0.25

—-0.50

-0.75

Im(E,): Predicted Field

i

-ulllmm.. Y

Im(Ey): 3D FDTD Field

‘i”’mﬂ”‘“mmm'

1.00
0.75
0.50
0.25
0.00
—-0.25
-0.50
-0.75
-1.00

Figure A.2: Real and imaginary parts of y-component of the predicted and 3D
FDTD field for the 10:90 power splitter design. The bottom row shows the absolute
difference between predicted and ground truth values.
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Figure A.3: Real and imaginary parts of x-component of the predicted and 3D
FDTD field for the 10:90 power splitter design. The bottom row shows the absolute
difference between predicted and ground truth values.



