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ABSTRACT

Deep Photonic Networks with Arbitrary and Broadband Functionality
Ali Najjar Amiri
Master of Science in Electrical and Electronics Engineering
June 12, 2023

The increasing application space in optical communications, computing, and sensing
drives the demand for high-performance integrated photonic components. Design-
ing on-chip systems with complex and application-specific functionality goes beyond
the limits of physical intuition alone. Consequently, machine learning-based design
methods have gained popularity in recent times. However, the computational re-
quirements for accurate device simulations are expensive, posing a critical challenge.
As a result, these methods often have limitations in terms of scalability and the de-
grees of freedom they offer for optical design in application-specific and arbitrary
photonic integrated circuits. To address these challenges, in this thesis, a highly
scalable physics-informed framework for designing on-chip optical systems with ar-
bitrary functionality is proposed. The framework is based on a deep photonic net-
work comprising custom-designed Mach-Zehnder interferometers. By utilizing this
framework, ultra-broadband power splitters and a spectral duplexer are successfully
designed within a remarkably short span of fewer than two minutes. Furthermore,
state-of-the-art experimental performance for all devices is demonstrated, achieving
insertion loss of less than 0.66 dB and a 1-dB bandwidth exceeding 120 nm. The
presented framework serves as an essential tool, offering a feasible approach towards
systematically designing large-scale photonic systems. It enables the customization
of power, phase, and dispersion profiles, thus catering to the diverse requirements
of multi-band optical applications. Such applications include high-throughput com-

munications, quantum information processing, and medical /biological sensing.
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OZETCE

Rastgele ve Genis Banth i§levselli§e Sahip Derin Fotonik Aglar
Ali Najjar Amiri
Elektrik ve Elektronik Miihendisligi, Yiiksek Lisans
12 Haziran 2023

Optik iletigim, hesaplama ve algilama alanlarinda artan uygulama cesitliligi, yiiksek
performansli entegre fotonige dayali bilegenlere olan talebi artirmaktadir. Karmagik
ve uygulamaya 0zel iglevsellige sahip ¢ip-iizeri sistemlerin tasarimi fiziksel sezgilerin
otesine gegmektedir. Sonug olarak, makine 6grenmesi tabanli tasarim yontemleri son
zamanlarda popiilerlik kazanmigtir. Fakat, hassas aygit simiilasyonlarinin hesaplama
gereksinimlerinin maliyetli olmasi ¢ok 6nemli bir zorluk olugturmaktadir. Bunun
sonucu olarak, ozellikle uygulamaya 6zel ve rastgele islevsellige sahip fotonik en-
tegre devrelerin tasariminda, bu yontemler genellikle olgeklenebilirlik ve serbest-
lik acisindan siirh kalmaktadir. Bu tezde, bu zorluklara ¢oziim olarak, rastgele
islevsellige sahip optik sistemlerin tasarimi i¢in yiiksek olgeklenebilirlige sahip, fizik
destekli bir ¢ergeve onerilmektedir. Bu gerceve, 6zel tasarlanmig Mach-Zehnder in-
terferometrelerden olugan bir derin fotonik aga dayanmaktadir. Bu gercevenin kul-
lanilmasiyla, ultra genig banth gii¢ boliiciiler ve spektral filtreler, iki dakikadan bile
daha kisa bir siirede bagariyla tasarlanmigtir. Ayrica, ek kayiplarin 0.66 dB’den az
ve 1 dB bant genisliginin 120 nm’den fazla oldugu bu zamana kadar tasarlanmig en
gelismig aygitlar deneysel olarak gosterilmistir. Sunulan gerceve, biiyiik 6lgekli fo-
tonik sistemlerin sistematik olarak tasarlanmasinda uygulanabilir bir yaklagim sunan
onemli bir aractir. Giig, faz ve dagilim profillerinin 6zellestirilmesine olanak tanir ve
bu da ¢oklu bant optik uygulamalarin gesitli gereksinimlerini kargilamay1 saglar. Bu
tiir uygulamalar arasinda yiiksek hizli iletigim, kuantum bilgi islem ve tibbi/biyolojik

algilama bulunmaktadir.
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Deep photonic network architecture. (a) The network architecture
is composed of the input stage, horizontally-cascaded and vertically-
repeated custom interferometric layers, and the output couplers. Each
interferometric layer consists of a combination of Mach-Zehnder in-
terferometers and individually-optimized waveguide structures. (b)
Block diagram of a Mach-Zehnder interferometer with two pairs of
waveguide tapers of custom geometries and two directional couplers.
01, through 65 indicate the phases accumulated through each custom
waveguide taper. . . .. ..o
Diagram and optical response of the directional coupler. (a) Diagram
of the directional coupler indicating important geometrical parame-
ters including 10 pm-long straight coupling section with 200 nm gap,
10 pm-long S-bends, 4 pm center-to-center waveguide separation be-
tween the top and the bottom arm at the start and end of the di-
rectional coupler, and 450 nm waveguide width through the entire
directional coupler. (b) Optical responses at the cross- and through-
port of the directional coupler used in our deep photonic networks.
Results were obtained from 3D-FDTD simulations performed with
a maximum spatial discretization of 17 nm in all three dimensions.
Amplitude and phase information between 1.2 pm and 1.7 pm were
implemented as automatic differentiation-compatible interpolations. .
Phase profile of a sample optimized waveguide taper. The optimized
custom designed tapers enable unique spectral phase profiles different

from those in straight waveguides with the same footprint. . . . . . .
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2.4 Deep photonic network 3D schematic. (a) Schematic of the directional
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coupler with two S-bends and a 10 pm-long coupling section, and its
3D-FDTD simulated transmission response. (b) Schematic of an ex-
ample custom waveguide taper constructed from a set of optimizable
width parameters, from which the accumulated phase is calculated
as a function of wavelength using the effective index. (e) Overall
structure of an example deep photonic network with cascaded inter-
ferometric layers of directional couplers and individually optimized

waveguide tapers. . . . . . ..o

Optimization of an example 1-input 4-output photonic network. The
1 x 4 network structure is created with the desired number of lay-
ers, randomly-intialized custom waveguide tapers (red rectangles),
and a target transmission response for input-output pairs. The mean
squared error is computed from the difference between the calculated
and target transfer functions, by summing over the specified wave-
length range. The network parameters are trained iteratively through
a backpropagation algorithm using the gradient of this error with re-
spect to the design parameters denoted by x in the custom waveguide
tapers. Other network components including the directional couplers
and input/output layers are not trainable. . . . ... ... ... ...
Evolution of a custom waveguide taper throughout optimization. Evo-
lution of a custom waveguide taper throughout optimization of the
deep photonic network, where its geometry is shown at random initial-
ization, at iteration 20, and at the end of optimization. Fixed widths
(Wdefaurt) and trainable widths (wy,ws, ..., we) are marked with red
and blue circles along the taper, respectively. At each iteration, an
additional straight waveguide of length L,qq is inserted at the end of

the custom taper in order to achieve matching L., lengths for all
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Optimization result of the 50/50 power splitter. (a) The mean squared
error (MSE) versus iteration throughout optimization of a 50/50 power
splitter with 3 layers of MZIs (72 trainable parameters, 240 pm de-
vice length). The device converges in three hundred iterations, within
30.2 seconds. (b) Transmission at the designated output port of the
50/50 power splitter as a function of wavelength. The evolution of this
transmission through the iterative training process enables the device
to achieve near-perfect transfer function by the end of optimization.
(¢) Transmission spectra for each output during optimizations show
gradual convergence to the target transfer functions indicated by the
circles. The power splitter is optimized with 32 evenly-spaced wave-
lengths between 1400-1600 nm. . . . . . . . . .. ... .. ... ...
3D-FDTD final simulation result of the 50/50 power splitter. Magni-
tude of the electric field at three different wavelengths obtained from
3D-FDTD simulations confirming broadband and flat-top operation
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Optimization result of the 75/25 power splitter. (a) The mean squared
error (MSE) versus iteration throughout optimization of a 75/25 power
splitter with 3 layers of MZIs (72 trainable parameters, 240 pm de-
vice length). The device converges in three hundred iterations, within
34.8 seconds. (b) Transmission at the designated output port of the
75/25 power splitter as a function of wavelength. The evolution of this
transmission through the iterative training process enables the device
to achieve near-perfect transfer function by the end of optimization.
(c) Transmission spectra for each output during optimizations show
gradual convergence to the target transfer functions indicated by the
circles. The power splitter is optimized with 32 evenly-spaced wave-
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Chapter 1: Introduction 1

Chapter 1

INTRODUCTION

This chapter covers developments and concepts of photonic integrated circuit
(PIC), PICs design methods, Programmable PICs based on MZI networks, this

thesis summary, and the organization of the thesis.

1.1 Photonic Integrated Circuit and Design Methods

Photonic integrated circuits (PICs) [Chrostowski and Hochberg, 2015, Bogaerts and
Chrostowski, 2018] have significantly evolved over the last decade and are now es-
sential technological components with critical importance in optical communications
[Zhuang et al., 2015], sensing [Hu et al., 2017, Poulton et al., 2019], and computing
[Zhang and Yao, 2020, Pérez et al., 2017, Carolan et al., 2015]. With the grow-
ing diversity and complexity of photonic applications, designing custom PICs with
state-of-the-art performance metrics has become one of the most critical drivers of
advancement in photonic systems.

In traditional design of photonic components, the designer relies on prior knowl-
edge of relevant system architectures, fundamental electromagnetic principles, and
physical intuition to determine key parameters such as waveguide widths, lengths,
or gaps [Molesky et al., 2018, Piggott et al., 2015, Lu and Vuéckovié¢, 2013]. These
parameters are then typically tuned either manually or by optimization algorithms,
according to the results of repeated electromagnetic simulations, to achieve the re-
quired optical functionality. This approach yields a limited library of known devices
and severely restricts the potential capabilities of the resulting photonic systems.
More general approaches have emerged under the broad category of inverse/machine-

optimized design [Piggott et al., 2015, Lu and Vuckovié¢, 2013, Qu et al., 2020, Taher-
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sima et al., 2019, Molesky et al., 2018, Zhang et al., 2022], allowing for greater design
flexibility than manual tuning of waveguide parameters. Generally, these approaches
perform more comprehensive searches over the complete domain of fabrication-
compatible devices through heuristic [Zhang et al., 2013, Sanchis et al., 2009] or
gradient-based [Tahersima et al., 2019, Jiang et al., 2021, So et al., 2020, Hegde,
2020, Jensen and Sigmund, 2011] computational optimization tools. Using these
methods, devices such as couplers [Piggott et al., 2020], polarization splitters [Shen
et al., 2015, Lu and Vuckovié¢, 2013], and spectral filters [Piggott et al., 2015, Zhang
et al., 2022] have been proposed and demonstrated. However, in these “free-form”
design approaches, the degrees of design freedom are effectively controlled by the
specified device footprint, which has key implications on the final device performance
and the associated computational cost. While larger device footprints inherently pro-
vide the necessary design flexibility for complex and arbitrary optical functionality,
they also rapidly scale the computational complexity of the iterative optimization
process due to the physically-accurate electromagnetic simulations required [Pig-
gott et al., 2015, Lu and Vuckovié¢, 2013, Jia et al., 2018, Zhang et al., 2022].
These requirements preclude the design of arbitrarily complex, ultra-broadband,
or wavelength-specific photonic devices for the increasing number and variety of

on-chip use cases and their custom application requirements.

1.2 Programmable PICs based on MZI networks

The ideal approach to photonic design must allow for arbitrarily-specified pho-
tonic functionality while maintaining low computational cost. In recent years,
programmable PICs made from Mach-Zehnder interferometers (MZIs) have been
proposed as a potential solution to this problem [Bogaerts et al., 2020, Xu et al.,
2022, Pérez-Lépez et al., 2020, Zhuang et al., 2015, Capmany and Pérez, 2020].
These systems enable tuning of optical responses through thermal or electro-optic
phase shifters in order to achieve wavelength-specific linear mappings between the
input/output pairs [Capmany and Pérez, 2020, Shen et al., 2017, Harris et al.,
2018, Miller, 2013]. Several example applications including optical signal routing
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[Marpaung et al., 2019, Zhuang et al., 2015, Pérez-Lépez et al., 2020], image/signal
classification [Shen et al., 2017, Ashtiani et al., 2022, Shastri et al., 2021, Feldmann
et al., 2021, Lin et al., 2018], and quantum computing [Carolan et al., 2015, Harris
et al., 2016] have already been demonstrated with numerous advantages such as
post-fabrication reconfigurability, superior power efficiency, and lower latency over
their electronic counterparts. However, the potential utility of photonic interfer-
ometer networks extends well beyond these demonstrated capabilities, with critical
implications towards the design of photonic devices and systems with arbitrarily

complex transfer functions.

1.3 Summary of This Thesis

In this thesis, we introduce and experimentally demonstrate a highly-scalable frame-
work for the design of photonic systems with arbitrarily-specified functionality, based
on a deep photonic network architecture of custom-designed MZIs. Our architec-
ture consists of a mesh of individually designed interferometers and is modeled by an
equivalent computational network equipped with ultra-fast and physically-accurate
simulation capabilities. In this network, each MZI is constructed from unique waveg-
uide tapers, allowing for specific wavelength-dependent phase profiles to be achieved
according to the target photonic functionality specified. The exact geometry of
the individual interferometers is optimized by leveraging physics-informed machine
learning capabilities in our design framework through a combination of rapid lookup
of waveguide parameters and successive evaluation of photonic transfer matrices. Us-
ing this framework, we design ultra-broadband 50/50 and 75/25 power splitters and
a spectral combiner /splitter, each in less than two minutes, with inherent fabrication
compatibility on the 220-nm-thick silicon-on-insulator platform, and experimentally
demonstrate state-of-the-art performance for all three devices. Our presented frame-
work provides a path towards the systematic design of large-scale photonic systems

with arbitrarily-specified, wavelength-dependent, or ultra-broadband responses.
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1.4 Organization

The thesis is structured as follows:

Chapter 2 delves into the deep photonic network architecture and its building
blocks. It provides a comprehensive understanding of the underlying concepts and
components involved in the network design.

Chapter 3 focuses on the simulation and optimization procedure employed for
the network. It explores the methodologies and techniques used to optimize the
network’s parameters and ensure its effectiveness.

Chapter 4 centers around the design and characterization of three proof-of-
concept devices. It presents detailed insights into the design process, experimental
results, and performance evaluation of these devices.

Chapter 5 delves into the analysis of the deep photonic network’s capabilities
and its robustness in fabrication. It examines the network’s performance in different
scenarios and explores its resilience to fabrication variations.

Chapter 6 focuses on computational performance and metrics. It investigates the
efficiency and effectiveness of the computational techniques employed in the network
design and optimization process.

Chapter 7 serves as a conclusion and discussion section, where key findings,
implications, and future directions are elaborated upon. It provides a reflective
overview of the research conducted and offers insights into potential avenues for
further exploration.

The Appendix provides a detailed description of the methods used in the preced-
ing chapters. It serves as a supplementary section that elucidates the specific tech-
niques, algorithms, software tools, and experimental procedures employed through-

out the research.



Chapter 2: Deep Photonic Network Architecture 5)

Chapter 2

DEEP PHOTONIC NETWORK ARCHITECTURE

2.1 Network Architecture

The schematic diagram in Figure 2.1(a) illustrates the architecture of our deep
photonic network, which comprises an input layer, multiple layers of Mach-Zehnder
interferometers (MZIs), and an output layer. This MZI-based architecture is capable
of implementing any linear N x N input-output mapping, enabling the achievement
of arbitrary optical functionality [Reck et al., 1994, Miller, 2013, Miller, 2015]. The
input optical signal is introduced to the network either externally through a series of
couplers, as depicted, or via waveguides connected to preceding on-chip devices. The
input optical signal undergoes unidirectional processing through successive layers of
customized MZI interferometers. Each MZI possesses its unique 2 X 2 mapping
function denoted as T;;. This modular network is characterized using the transfer
matrix representation of its constituent building blocks, configured in a modular
manner. Specifically, each MZI is composed of two pairs of waveguide tapers with
custom geometries and two directional couplers, as illustrated in Figure 1(b). The
transfer matrix for each Mach-Zehnder interferometer (MZI) in the network can be

expressed as the product of the transfer matrices of its constituent blocks, such as:

T(\)=e3¢W t) —jg\) | e 0

—jq(A)  t(N) 0 o—i922(N)
ooy | T —da) | e 0 o
—jqg(A) (N 0 e—it12(N) :

where t(A), ¢(\), and ¢(\) represent the wavelength-dependent through-port and
cross-port amplitude coefficients, as well as the phase response of the directional
couplers, respectively. On the other hand, 017 (\) through 655(\) represent the phase

accumulations that occur in the corresponding waveguide tapers. These wavelength-
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Figure 2.1: Deep photonic network architecture. (a) The network architecture is
composed of the input stage, horizontally-cascaded and vertically-repeated custom
interferometric layers, and the output couplers. Each interferometric layer consists of
a combination of Mach-Zehnder interferometers and individually-optimized waveg-
uide structures. (b) Block diagram of a Mach-Zehnder interferometer with two pairs
of waveguide tapers of custom geometries and two directional couplers. 617 through

055 indicate the phases accumulated through each custom waveguide taper.
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dependent parameters are crucial in enabling the attainment of arbitrary optical

functionality in our networks.

2.2 Building Blocks and 3D Schematic

2.2.1 Directional Coupler

Throughout the network, identical directional couplers are employed, designed to
function as approximately 50% couplers at a wavelength of 1550 nm. To ensure
the physical accuracy of the transfer matrix model, the complete optical transmis-
sion, including losses through S-bends and directional couplers, is incorporated into
the transfer matrix 7'(A). This is achieved by utilizing the optical response of the
directional coupler, which is obtained from 3D-FDTD simulations, as depicted in
Figure 2.2. In contrast to the custom waveguide tapers present in the interferom-
eters, the directional couplers used in our networks are constructed to be identical
and do not contain any trainable parameters. The modular nature of our design
framework allows for the substitution of this specific directional coupler with alter-
native components. For instance, it is possible to replace the existing directional
coupler with one having a different coupling length, bends with varying geometries,
or an entirely different coupler with a transfer function tailored to a specific task.
This flexibility enables customization and adaptation of the network to meet specific

design requirements.

2.2.2  Waveguide Tapers

In contrast to the identical directional couplers, all waveguide tapers in the network
are individually designed and tailored. The design process involves optimizing a
set of width and length parameters, using an iterative optimization algorithm. The
phase accumulated through each custom waveguide taper is calculated as a differen-
tiable function of the custom widths (w;), taper length (Ly), and input wavelength
(A). This calculation incorporates the waveguide effective index neg(w,\) and is

described as follows:
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Lo om
O(N) :/O Y net (W (2), A) dz (2.2)

This unique implementation allows the network to achieve wavelength-dependent
phase profiles that differ from those of a straight waveguide. Figure 2.3 illustrates
this capability, demonstrating the network’s ability to provide significantly higher
degrees of freedom while maintaining the same device footprint. Consequently, this
design approach enables greater flexibility in achieving desired phase characteristics

for various wavelengths, enhancing the functionality and versatility of the network.

2.2.3 3D Schematic of Deep Photonic Network

A schematic of the directional coupler illustrating its structure and the simulated
through-port transmission, an arbitrary waveguide taper along with its transmis-
sion characteristics, and the design platform for constructing the entire photonic
integrated circuit are depicted in Figure 2.4. This framework is capable of accom-
modating an arbitrary number of interferometric layers, enabling the creation of
complex and customizable integrated circuits. The schematic showcases the overall

structure and connectivity of the system, emphasizing its scalability and versatility.
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Figure 2.2: Diagram and optical response of the directional coupler. (a) Diagram
of the directional coupler indicating important geometrical parameters including
10 pm-long straight coupling section with 200 nm gap, 10 pm-long S-bends, 4 pm
center-to-center waveguide separation between the top and the bottom arm at the
start and end of the directional coupler, and 450 nm waveguide width through the
entire directional coupler. (b) Optical responses at the cross- and through-port of
the directional coupler used in our deep photonic networks. Results were obtained
from 3D-FDTD simulations performed with a maximum spatial discretization of 17
nm in all three dimensions. Amplitude and phase information between 1.2 pm and

1.7 pm were implemented as automatic differentiation-compatible interpolations.
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Figure 2.4: Deep photonic network 3D schematic. (a) Schematic of the directional
coupler with two S-bends and a 10 pm-long coupling section, and its 3D-FDTD
simulated transmission response. (b) Schematic of an example custom waveguide
taper constructed from a set of optimizable width parameters, from which the ac-
cumulated phase is calculated as a function of wavelength using the effective index.
(e) Overall structure of an example deep photonic network with cascaded interfero-

metric layers of directional couplers and individually optimized waveguide tapers.
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Chapter 3

SIMULATION AND OPTIMIZATION OF THE OPTICAL
RESPONSE THROUGH THE NETWORK

3.1 Optimization Procedure

The propagation of the complex optical amplitude through the network is achieved
by utilizing a computational graph that mimics the physical architecture of the
network. Within this computational graph, the optical transformation performed
by the mesh of interferometers between N input channels and N output channels
is represented. The overall architecture calculates the wavelength-dependent linear
scattering matrix, denoted as S(A), of the deep photonic network network according

to

sy = [ TN (3.1)

(i,4) e I
where I' indicates the specific ordering of 2 x 2 transfer matrices in the network.
This computation involves integrating the waveguide effective index using the cus-
tom widths and lengths of each waveguide taper. Furthermore, the through-port and
cross-port coefficients, as well as the phase response of the directional coupler, are
extracted from 3D-FDTD (Finite-Difference Time-Domain) simulation results. To
optimize the custom photonic networks for user-defined optical functionality, these
operations are implemented using a differentiable programming construct [Bradbury
et al., 2018]. This allows for efficient parameter lookups and automatic calculation of
relevant derivatives. The calculation of (), representing the phase accumulation,
involves numerically integrating the effective index along the length of the custom
tapers using data obtained from the Silicon Photonics Toolkit [Vit et al., 2022], an
open-source software package that provides access to important propagation-related

parameters in silicon waveguides as functions of wavelength and waveguide width.
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Similarly, the directional coupler coefficients are obtained through differentiable in-
terpolation of its 3D-FDTD simulation results. By performing these computations,
the complete transfer function of the network is obtained with a high level of physical
accuracy, incorporating the wavelength-dependent mappings for each input-output
pair.

This ability to rapidly calculate the optical response of a network as a differen-
tiable function of its design parameters is crucial from an optimization perspective.
Using the computational capabilities described earlier, we establish an optimiza-
tion procedure to iteratively modify the waveguide tapers and create application-
specific photonic networks with user-defined transfer functions. This procedure is
exemplified in Figure 3.1 for a 1-input 4-output network. To begin, we initialize a
network with the desired number of interferometric layers and input-output ports.
We define the target optical transfer function for the input-output pairs, denoted
as (Tiarget(A)), and semi-random width and length parameters are assigned to the
custom waveguide tapers within the network. The optical response of the network
is evaluated at various wavelengths using the aforementioned procedure. This re-
sponse is then compared with the target transfer function. The difference between
the calculated and target transfer functions is quantified as the mean squared error,
J(x) = %Z T eatcutated (A, @) — Tharges(A)]?, where @Q is the number of wavelengths
and x represents the design parameters, including the widths and lengths of the
custom tapers. To optimize the network, the gradient of J(z) with respect to the
design parameters, V,.J, is computed using a back-propagation procedure. The ob-
jective is to minimize this error by iteratively adjusting the widths and lengths of
the waveguide tapers. Figure 3.2 illustrates this iterative modification process for a

sample taper using a gradient-based optimization algorithm [Kingma and Ba, 2014].

3.2 Initialization and Optimization of Custom Waveguide Tapers

To ensure fabrication compatibility, several regularization schemes are implemented
in addition to the error minimization. These schemes restrict extreme changes in

waveguide widths during the optimization procedure.
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Figure 3.1: Optimization of an example 1-input 4-output photonic network. The
1 x 4 network structure is created with the desired number of layers, randomly-
intialized custom waveguide tapers (red rectangles), and a target transmission re-
sponse for input-output pairs. The mean squared error is computed from the dif-
ference between the calculated and target transfer functions, by summing over the
specified wavelength range. The network parameters are trained iteratively through
a backpropagation algorithm using the gradient of this error with respect to the
design parameters denoted by x in the custom waveguide tapers. Other network
components including the directional couplers and input/output layers are not train-

able.
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Figure 3.2: Evolution of a custom waveguide taper throughout optimization. Evo-
lution of a custom waveguide taper throughout optimization of the deep photonic
network, where its geometry is shown at random initialization, at iteration 20, and at
the end of optimization. Fixed widths (wqefaurt) and trainable widths (wy, wo, . .., we)
are marked with red and blue circles along the taper, respectively. At each iteration,
an additional straight waveguide of length L,4q is inserted at the end of the custom

taper in order to achieve matching L., lengths for all tapers.
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By incorporating these regularization techniques, the resulting photonic networks
maintain compatibility with fabrication processes, enhancing the practicality of the
design approach. In order to design practical photonic devices, it is important to
consider the physical constraints and limitations of the fabrication process. While
the optimization procedure aims to optimize the geometry of custom waveguide ta-
pers and the resulting #(\) according to the specified objective function, it is crucial
to ensure that the final widths and lengths of the waveguide tapers are suitable for
an actual photonic device and the specific network architecture. To address this, our
physics-informed network models are constructed with specific initialization consid-
erations, physical boundaries, and regularization schemes imposed on the trainable

parameters, as detailed below.

3.2.1 Initialization and Constraints for Trainable Widths and Lengths

In our demonstrations on the 220 nm SOI platform, we adopt a default waveguide
width (wgefaurt) of 450 nm for the entire network, encompassing input/output waveg-
uides, directional couplers, and bends. This choice is made to maintain fabrication
compatibility of the designed devices and minimize the excitation of higher-order
modes during light propagation through the tapers. Consequently, the resulting
widths in the custom tapers are designed to be relatively close to the default width,
ensuring compatibility with the fabrication process and promoting optimal mode
behavior.

To ensure appropriate initialization of the custom waveguide widths, we fol-
low a procedure that maintains their proximity to wqefau, Which we implement by
Winitial = Wdefault + Pw - AW + Wegser at the beginning of optimization. Here, p,, is a
uniform random variable between -1 and 1, Aw is a user-chosen maximum deviation
amplitude, and wygset is a constant initial offset. The option to specify an initial
offset can be valuable when optimizing the parameters, particularly in cases where
the updates tend to exhibit monotonic tendencies during the optimization process.
This consideration is particularly relevant for certain types of artificial neural net-

works [Sutskever et al., 2013, Alom et al., 2019, Hanin and Rolnick, 2018], where
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the choice of initial offset can help mitigate the potential convergence towards a spe-
cific pattern or direction. By allowing the designer to adjust the initial offset, they
have greater control over the optimization trajectory and can effectively address the
challenges posed by monotonic tendencies. During the optimization process and the
computation of the transfer functions, it is important to maintain appropriate mode
confinement within the waveguide core and prevent the development of strongly
guided higher-order modes. To achieve this, we apply a constraint on the trainable
widths, limiting them to the range of wy;n < w < wpay. By setting these bounds,
we ensure that the waveguide widths remain within the desired range for effective
mode confinement. Specifically, for the networks we demonstrated, the parameters
were typically defined as follows: 5 nm < Aw < 20 nm, 30 nm < wWygser < H0 N,
Win = 400 nm, and wyax = 520 nm. These ranges were chosen to strike a balance
between optimizing the performance of the photonic devices and maintaining the
desired mode properties.

A similar approach is followed for initializing the custom taper lengths, with a
few minor differences. Initially, the lengths are initialized as Liyitial = Lmax —Pr - AL,
where py is a random variable ranging between 0 and 1, and AL is a user-defined
maximum deviation amplitude. Similarly, throughout the optimization process, the
trainable lengths are constrained to fall within the range of L, < L < Ljax.
Moreover, if the resulting taper length is shorter than L., a straight waveguide is
added at the end of the taper in each iteration of the optimization procedure. The
length of this additional waveguide is set to Laqq = Lmax — L, ensuring the alignment
of successive layers of MZIs in the direction of propagation. For the networks that
were demonstrated, the parameter values were selected as follows: L., = 10 pm,
Lyin = 6 pm, and the directional couplers had a length of 30 pm. These choices
resulted in an overall length of 80 pm for each MZI in our networks.

In addition to the initialization and imposed boundaries, The choice of the num-
ber of trainable widths per waveguide taper is a crucial design consideration. In our
approach, the ends of the custom tapers have fixed widths of wqefaut, and the train-
able widths are placed with equal spacing between them. The number of trainable

widths, along with the L., and L., parameters, directly impacts the resulting
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taper angle. If the taper has insufficient length, it can lead to potential propagation
losses and the excitation of higher-order modes [Milton and Burns, 1977, Fu et al.,
2014, Zou et al., 2014]. In our designs, we have opted to include 5 uniformly-spaced
trainable widths within each waveguide taper, ensuring a minimum spacing of 1 pm
between them. Based on our analysis using 3D-FDTD results, we have found that
a minimum taper length of L, = 1 nm x (£ 4 1) is sufficient for achieving low-loss
operation of tapers within the range of wy;, = 400 nm and wy,., = 520 nm, where &
represents the number of trainable widths in a single taper. However, the designer
has the flexibility to choose a different number of trainable widths and adjust the

Lyin parameter accordingly.

3.2.2  Regularizers

In addition to the previously discussed initialization and constraints, we employ two
major regularization schemes to control the trainable widths during the iterative
optimization process. The first regularization focuses on minimizing the differences
between consecutive widths within a single waveguide taper. This helps avoid sudden
changes in width that could lead to propagation losses. The second regularization
aims to limit the difference between each trainable width and a reference width
Wref, Which is typically chosen to be the same as the default width (wqefaut). This
regularization ensures that the optimized variables remain close to the reference
width. Both regularization schemes are calculated as L2-norms of the corresponding
error vectors

3

Pl = Z Y (wz — wi+1)2 (32)

all tapers %

and

£
Pr= > ) (wi— whe)’ (3.3)

all tapers 1=1

where w; represents the individual trainable widths in each custom taper within
a specific photonic network. To incorporate the regularization schemes, an over-

all regularization term P is computed as P = a1 P, + as P, where oy and ay are
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coefficients used to independently control the contribution strength of the two reg-
ularizers. This accumulated contribution of the regularizers is then added as an
artificially-introduced loss at the end of the network. The overall objective function

is subsequently calculated as
1
J(.Z') = 6 Z | Tcalculated(/\ax)e_P - Tlcarget()\) |2 (34)
A

where () is the number of wavelengths and x are design parameters including widths
and lengths of the custom tapers. As default, the coefficients a; and s are set
to 3 x 107 and 1 x 10™%, respectively. Depending on the photonic capabilities re-
quired, the designers may freely experiment with various contribution strengths and
examine resulting taper profiles. Designers have the flexibility to explore different
contribution strengths and analyze the resulting taper profiles based on the desired
photonic capabilities. It is worth noting that stronger regularizations lead to waveg-
uides with more gradually changing widths but also limit the photonic network’s
ability to replicate arbitrary transfer functions due to reduced degrees of freedom.
With the computational efficiency of our network implementation, designers can eas-
ily experiment with different regularization contributions and compare the resulting

taper structures.
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Chapter 4

DESIGN AND CHARACTERIZATION OF ARBITRARY
PHOTONIC DEVICES

4.1 Arbitrary Optical Functionality with Custom Deep Photonic Net-

works

Our proposed deep photonic network offers a significant advantage in designing pho-
tonic devices with versatile spectral specifications. This capability allows for a uni-
versal design procedure that accommodates devices with ultra-broadband responses
as well as devices with specific spectral features. To demonstrate this functionality,
we present three distinct devices as proof of concept. These include two broadband
power splitters with splitting ratios of 50/50 and 75/25, operating within the wave-
length range of 1400-1600 nm. Additionally, we showcase a 1 x 2 spectral duplexer,
operating between 1450 nm and 1630 nm. These examples highlight the flexibility
and effectiveness of our approach in designing photonic devices with various spectral
characteristics.

To ensure optimal performance, the selection of hyperparameters in our deep
photonic network framework depends on the desired functionality complexity. Key
hyperparameters include the number of interferometric layers and the number of
custom widths in each waveguide taper. Chapter 5 provides detailed information
on choosing these hyperparameters. In the case of the power splitters, we designed
networks with three layers each, while the duplexer utilized a network with six layers.
For each custom waveguide taper in our devices, we employed five trainable widths
and a trainable length, resulting in a total of 24 parameters for each Mach-Zehnder
Interferometer (MZI) in our photonic networks. These hyperparameter selections
ensure efficient and effective design of the devices within our framework.

The evolution of the resulting mean squared errors throughout the optimization
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processes are plotted in the following sections, where convergence is achieved in
several hundred iterations and, at most, a few minutes on a single Tesla V100 GPU.
Details regarding the optimization time of the photonic networks and their scalability

can be found in Chapter 6.

4.1.1 50/50 Power Splitter

Figure 4.1(a) shows the evolution of the mean squared error during the optimization
process for the design. It demonstrates how the output state gradually approaches
the desired functionality as the optical responses converge towards the target, as
seen by the transmission at one of the output ports (50%) as a function of wave-
length in Figure 4.1(b). The transmission spectra at both output ports of the 50/50
power splitter are plotted in Figure 4.1(c), showcasing the randomly-initialized state
at the beginning of optimization, an intermediate state after partial training, and
the final optimized state. The optimized devices exhibit a near-perfect match with
the desired target functionality. To further validate these responses, the propaga-
tion of the optical input in the final optimized device is visualized in Figure 4.2,
using the electric field intensity obtained from 3D-FDTD simulations. The achieved
broadband operation of the 50/50 power splitter, spanning 200 nm, is in agreement

with our expectation.

4.1.2  75/25 Power Splitter

Similar to the 50/50 power splitter, for the 75/25 power splitter, Figure 4.3(a)
presents the evolution of the mean squared error during the optimization process.
It shows how the output state gradually approaches the desired functionality as
the optical responses converge towards the target. The transmission at one of the
output ports (25%) as a function of wavelength is plotted in Figure 4.3(b), demon-
strating the convergence of the optical response to the desired values. Figure Figure
4.3(c) displays the transmission spectra at both output ports of the 75/25 power
splitter, showcasing the randomly-initialized state at the beginning of optimization,

an intermediate state after partial training, and the final optimized state.



Chapter 4: Design and Characterization of Arbitrary Photonic Devices 21

4 N\ 'd N\
a) c)
10"
10—2 Total Optimization § 100 Iteration: 0
Time: 30.2 seconds = 75
-3 o
% 10 %
= 10 5 g 7
5 MSE: 7 x 10 5 25 -
10 g p
10" 0 —
0 75 150 225 300 § 100 Iteration: 50
Iteration =
S
b)
1600 — 7/ 100 5
g
~~~ —~ Eﬁ
51550 * > 3 180
~— g —~
= 9 N Iteration: 300
+ 7 ~
21500 > s 5 77
[} 9]
° 2 250 - -
e
%1450 s g — Port 1
< = g 25 1 Port 2
g 0 (T1] Targets
1400 0 s /;0—300 0 1400 1450 1500 1550 1600
Iteration Wavelength (nm)
\ J \U J

Figure 4.1: Optimization result of the 50/50 power splitter. (a) The mean squared
error (MSE) versus iteration throughout optimization of a 50/50 power splitter with
3 layers of MZIs (72 trainable parameters, 240 pm device length). The device con-
verges in three hundred iterations, within 30.2 seconds. (b) Transmission at the
designated output port of the 50/50 power splitter as a function of wavelength.
The evolution of this transmission through the iterative training process enables
the device to achieve near-perfect transfer function by the end of optimization. (c)
Transmission spectra for each output during optimizations show gradual conver-
gence to the target transfer functions indicated by the circles. The power splitter is

optimized with 32 evenly-spaced wavelengths between 1400-1600 nm.
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Figure 4.2: 3D-FDTD final simulation result of the 50/50 power splitter. Magnitude
of the electric field at three different wavelengths obtained from 3D-FDTD simula-

tions confirming broadband and flat-top operation for the 50/50 power splitter.

The optimized devices exhibit a near-perfect match with the desired target func-
tionality. To further validate these responses, Figure 4.4 visualizes the propagation
of the optical input in the final optimized device using the electric field intensity
obtained from 3D-FDTD simulations. Indeed, the achievement of broadband oper-

ation spanning 200 nm by the 75/25 power splitter is in line with our expectation.

4.1.8  Spectral Duplexer

The construction of the power splitters involves 3 interferometric layers, while the
duplexer consists of 6 interferometric layers. Throughout the optimization pro-
cess, the mean squared error gradually decreases, indicating the convergence of the
output state towards the desired functionality, plotted in Figure 4.5(a). The trans-
mission at the spectrally duplexed output ports, plotted in Figure 4.5(b), demon-
strates how the optical response aligns with the desired values across different wave-
lengths. Figure 4.5(c) provides a comprehensive view of the transmission spectra
at both output ports of the spectral duplexer. It illustrates the evolution from the
randomly-initialized state at the beginning of optimization to an intermediate state

after partial training, and finally, to the optimized state.
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Figure 4.3: Optimization result of the 75/25 power splitter. (a) The mean squared

error (MSE) versus iteration throughout optimization of a 75/25 power splitter with

3 layers of MZIs (72 trainable parameters, 240 pm device length). The device con-

verges in three hundred iterations, within 34.8 seconds. (b) Transmission at the

designated output port of the 75/25 power splitter as a function of wavelength.

The evolution of this transmission through the iterative training process enables

the device to achieve near-perfect transfer function by the end of optimization. (c)

Transmission spectra for each output during optimizations show gradual conver-

gence to the target transfer functions indicated by the circles. The power splitter is

optimized with 32 evenly-spaced wavelengths between 1400-1600 nm.
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Figure 4.4: 3D-FDTD final simulation result of the 75/25 power splitter. Magnitude
of the electric field at three different wavelengths obtained from 3D-FDTD simula-

tions confirming broadband and flat-top operation for the 75/25 power splitter.

The optimized devices exhibit a remarkable match with the intended target func-
tionality, validating the effectiveness of the design process. To further validate the
performance of the optimized devices, Figure 4.6 presents a visualization of the op-
tical input propagation in the final optimized device. The visualization is achieved
using the electric field intensity obtained from 3D-FDTD simulations, providing
additional confirmation of the successful design and performance of the optimized
spectral duplexer. As anticipated, the duplexer effectively functions as a spectral
splitter within its specified spectral design range, providing separate long-pass and
short-pass outputs. This outcome aligns with our expectations and demonstrates
the successful design and functionality of the optimized duplexer device. The results
of the three devices serve as strong confirmation of the successful design and perfor-
mance of the optimized devices. They demonstrate the effectiveness of our approach
in designing photonic devices with wavelength-dependent, or ultra-broadband re-

sponses, further validating the capabilities of our framework.
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Figure 4.5: Optimization result of the spectral duplexer. (a) The mean squared error
(MSE) versus iteration throughout optimization of a spectral duplexer with 6 layers
of MZIs (144 trainable parameters, 480 pm device length). The device converges
in six hundred iterations, within 74.8 seconds. (b) Transmission at the designated
output port of the spectral duplexer as a function of wavelength. The evolution
of this transmission through the iterative training process enables the device to
achieve near-perfect transfer function by the end of optimization. (c¢) Transmission
spectra for each output during optimizations show gradual convergence to the target
transfer functions indicated by the circles. The spectral duplexer is optimized with

21 wavelengths between 1450-1630 nm with a target cutoff at 1550 nm.
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Figure 4.6: 3D-FDTD final simulation result of the spectral duplexer. Magnitude of
the electric field at three different wavelengths obtained from 3D-FDTD simulations

confirming broadband and flat-top operation for the spectral duplexer.

4.2 Experimental Demonstration and Analysis of Deep Photonic Net-

works

The performance evaluation of the power splitters and spectral duplexer was con-
ducted using a continuous-wave tunable laser source (Santec TSL-710), an optical
power meter (Santec MPM-210), on-chip grating couplers, and a polarization con-
troller. Three plots are provided in Appendix to show the fabricated chip and mea-
surement setups. Through the subsequent sections, all three devices showcased ex-
ceptional performance in experimental tests, closely aligning with the desired trans-
mission responses as defined during the training phase. These findings serve as
a practical confirmation of the broad applicability and effectiveness of our design
methodology.

Next, in order to assess the robustness of our deep photonic networks against vari-
ations in the fabrication process, we conducted an analysis. Figures 4.7(b), 4.8(b),
and 4.9(b) illustrate the resulting transmission responses obtained from transfer ma-
trix calculations when considering potential over-etch and under-etch scenarios with
waveguide widths and gaps deviating by up to 20 nm. To determine the responses

of devices, simulations were performed on network structures incorporating updated
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waveguide tapers and directional couplers to account for the specified etch offsets.
Our observations reveal minimal deviation in the transmission response from the
ideal case when employing 10 nm over- and under-etch. However, with a 20 nm de-
viation, more significant changes in the simulated transmission responses occur as a
consequence of alterations in the wavelength-dependent phase profiles of the waveg-
uide tapers and the shifted responses of the directional couplers, as expected. This
is further illustrated in Figure 4.7(c), 4.8(c), and 4.9(c), where the mean squared
error of the resulting transmission with varying over- and under-etch amounts is
plotted. It is evident that the calculated error increases with larger over-/under-
etch amounts, indicating a deterioration in device performance. Nevertheless, it is
worth noting that all three devices can still function as intended, albeit with slightly

diminished performance metrics, even with simulated 20 nm etch offsets.

4.2.1 50/50 power splitter

The experimental characterization results of the 50/50 power splitter are presented
in Figure 4.7(a). The 50/50 splitter demonstrates excellent performance with a max-
imum deviation from the target transmission of only 6.42% for both output ports.
Furthermore, the excess loss is measured to be less than 0.5 dB. This remarkable
achievement validates the effectiveness of our network-based power splitter, which
maintains a deviation of at most 0.6 dB across a measured bandwidth of 120 nm.
Consequently, the 1-dB bandwidth exceeds this range, showcasing the wide operat-

ing bandwidth of our device.

4.2.2 75/25 power splitter

The experimental characterization results of the 75/25 power splitter are presented
in Figure 4.8(a). In the case of the 75/25 splitter, the deviations from the target
transmission are found to be within 5.49% (equivalent to 0.86 dB) for output port
number one, and within 8.88% (equivalent to 0.55 dB) for output port number
two. Additionally, the excess loss measured for both output ports is less than 0.61

dB. These results confirm that the 75/25 splitter demonstrates a wide operational
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Figure 4.7: Experimental measurements and fabrication tolerance analysis of the
50/50 power splitter. (a) Measured transmission result together with transfer matrix
and 3D-FDTD simulation at the output ports of the power splitter. The device
demonstrates agreement with simulation results over wide bandwidths with flat-
top and low-loss transmission responses. (b) Transfer-matrix analysis of robustness
against fabrication-induced variations for 10 nm and 20 nm over-etch and under-
etch cases. All components including directional couplers, S-bends, and waveguide
tapers, are uniformly modified in simulation with the indicated etch offsets. (c)
Resulting mean squared error in the device subject to over-etch and under-etch
variations. With 20 nm modification of the waveguide widths, the resulting error
typically increases by 1-2 orders of magnitude, corresponding to the changes in the

simulated transfer function of the respective device.
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bandwidth of at least 120 nm, which represents the maximum measurement range

achievable in our experiments.

4.2.83  Spectral Duplexer

The experimental characterization results of the spectral duplexer are presented in
Figure 4.9(a). Within the pass-bands, the measured maximum loss for the short-
pass output is 11.45% (equivalent to 0.52 dB), while for the long-pass output it is
15.30% (equivalent to 0.72 dB). The excess insertion loss, occurring at 1590 nm, is
measured to be approximately 0.66 dB. The measured cutoff wavelength is around
1555.2 nm, slightly deviating from the specified target cutoff wavelength of 1550 nm.
The extinction ratio between the two outputs is better than 15 dB across most of
the characterized wavelength range, with a slight decrease to 13.6 dB at the edge of

the measured spectrum (1600 nm).
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Figure 4.8: Experimental measurements and fabrication tolerance analysis of the
75/25 power splitter. (a) Measured transmission result together with transfer matrix
and 3D-FDTD simulation at the output ports of the power splitter. The device
demonstrates agreement with simulation results over wide bandwidths with flat-
top and low-loss transmission responses. (b) Transfer-matrix analysis of robustness
against fabrication-induced variations for 10 nm and 20 nm over-etch and under-
etch cases. All components including directional couplers, S-bends, and waveguide
tapers, are uniformly modified in simulation with the indicated etch offsets. (c)
Resulting mean squared error in the device subject to over-etch and under-etch
variations. With 20 nm modification of the waveguide widths, the resulting error
typically increases by 1-2 orders of magnitude, corresponding to the changes in the

simulated transfer function of the respective device.
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Figure 4.9: Experimental measurements and fabrication tolerance analysis of the
spectral duplexer. (a) Measured transmission result together with transfer matrix
and 3D-FDTD simulation at the output ports of the spectral duplexer. The device
demonstrates agreement with simulation results over wide bandwidths with flat-
top and low-loss transmission responses. (b) Transfer-matrix analysis of robustness
against fabrication-induced variations for 10 nm and 20 nm over-etch and under-
etch cases. All components including directional couplers, S-bends, and waveguide
tapers, are uniformly modified in simulation with the indicated etch offsets. (c)
Resulting mean squared error in the device subject to over-etch and under-etch
variations. With 20 nm modification of the waveguide widths, the resulting error
typically increases by 1-2 orders of magnitude, corresponding to the changes in the

simulated transfer function of the respective device.
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Chapter 5

DEEP PHOTONIC NETWORK CAPABILITY AND
FABRICATION ROBUSTNESS

5.1 Number of Interferometric Layers

The scalability of our deep photonic networks, combined with the computational
efficiency of our simulation and optimization framework, enables the design of highly
capable networks with a large number of degrees of freedom for creating complex
optical devices. In our architecture, the choice of the number of interferometric layers
plays a crucial role in determining the network’s degrees of freedom. Increasing the
number of layers initially enhances the trainability and capability of the network.
However, it also introduces additional propagation loss due to the waveguide bends
added with each layer. This tradeoff between device capability and excess loss can
be evaluated by analyzing devices with varying numbers of layers trained to achieve
the same desired functionality.

Moreover, it should be noted that longer networks with more interferometric
layers, while providing increased degrees of freedom and complex optical capabilities,
are also more susceptible to fabrication variations. The accumulated errors in the
phase profiles propagate through the additional layers, leading to a negative impact
on device performance. This analysis serves as a valuable guideline for determining
the optimal number of layers in the design of specific structures using our custom
networks. In our approach, we take into consideration both the final error and the
fabrication tolerance of the resulting photonic networks. When devices with different
numbers of layers exhibit similar performances in terms of calculated errors, we
prioritize selecting the device with a smaller number of layers. This choice ensures a
higher level of robustness against fabrication variations while maintaining a compact

device footprint.
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5.1.1 50/50 power splitter

In Figure 5.1, we present the final mean squared error in the simulated transmis-
sion responses for different 50/50 power splitters designed with varying numbers of
layers, ranging from M = 2 to M = 60. As expected, the simulated error initially
decreases and reaches a minimum with networks consisting of 3 and 4 layers. How-
ever, as the number of layers increases beyond this point, the accumulation of excess
loss in the additional layers outweighs the benefits of enhanced network capability.
Consequently, a larger calculated error and an inferior transmission response are

observed.
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Figure 5.1: Influence of network size on the final 50/50 power splitter performance.
Performance of the 50/50 power splitter deep photonic network as a function of
the number of interferometric layers, which directly controls the number of train-
able parameters. The plotted mean squared error includes propagation loss in the
directional couplers and the S-bends extracted from their 3D-FDTD simulations.
For each network size, ten different randomly-initialized devices are optimized and

depicted with red circles.
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To further investigate the impact of fabrication variations, we analyze the fab-
rication tolerance of 50/50 splitters constructed with different numbers of layers in
Figure 5.2. In this analysis, we plot the mean squared error as a function of the
etch offset. The results clearly indicate that longer networks with a higher number
of layers are more susceptible to changes induced during fabrication. This height-
ened sensitivity arises from the cumulative effect of phase and coupling errors within
consecutive MZIs. For example, although the minimum error calculated is similar
for 3-layer and 4-layer splitters, the 4-layer network exhibits significantly poorer

performance when subjected to etch offsets reaching 20 nm.
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Figure 5.2: Robustness against fabrication variations for 50/50 power splitter. Ro-
bustness of device performance against fabrication-induced variations with number
of layers from M = 2 through M = 10. While increasing the number of interfer-
ometric layers initially provides better-performing devices under ideal fabrication
conditions (Aw = 0), longer devices perform worse under significant fabrication

variations due to accumulating phase errors.
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5.1.2  75/25 power splitter

In Figure 5.3, we extend our investigations to the 75/25 power splitter by comparing
the final performance and robustness of 10 different devices designed with varying
numbers of layers, ranging from M = 2 to M = 60. The resulting number of
trainable parameters falls within the range of 48 to 1440. In Figure 5.3, we plot
the calculated errors for the 75/25 power splitter and observe an initial decrease in
error as the number of layers increases, indicating improved network capability. The
minimum errors are typically achieved with networks consisting of around M = 3
to 5 layers for the 75/25 splitter. It is important to note that deeper networks, with

more layers, offer greater degrees of freedom and enhanced capabilities.
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Figure 5.3: Influence of network size on the final 75/25 power splitter performance.
Mean squared error for 75/25 power splitter deep photonic network as a function of
the number of interferometric layers. The plotted error includes propagation loss in
the directional couplers and the S-bends extracted from their 3D-FDTD simulations.
For each network size, ten different randomly-initialized devices are optimized and

depicted with red circles.



Chapter 5: Deep Photonic Network Capability and Fabrication Robustness 36

However, they are also more susceptible to fabrication imperfections, including
phase errors and losses in directional couplers and S-bends. Figure 5.4 presents
the profile of errors as a function of the etch offset Aw for different over-etch and
under-etch scenarios. Generally, shorter networks exhibit better performance (flat-
ter error profile) under strong etch offsets reaching 20 nm. While the minimum error
is achieved with a 4-layer network for the 75/25 splitter, this network shows signifi-
cantly inferior fabrication tolerance under 20 nm etch offsets compared to the 3-layer
network. This emphasizes the trade-off between network capability and robustness

against fabrication variations.
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Figure 5.4: Robustness against fabrication variations for 75/25 power splitter. A
greater number of interferometric layers initially reduces the calculated errors. How-
ever, longer devices suffer from stronger deviations from target functionality under

fabrication variations.
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5.1.83  Spectral Duplexer

In Figure 5.5, we extend our investigations to the spectral duplexer by comparing
the final performance and robustness of 10 different devices designed with varying
numbers of layers, ranging from M = 2 to M = 60. The resulting number of
trainable parameters falls within the range of 48 to 1440. In Figure 5.5, we plot the
calculated errors for the spectral duplexer and observe an initial decrease in error
as the number of layers increases. This decrease is due to the increased network
capability provided by deeper networks with more layers. The minimum errors are
typically achieved with networks consisting of around M = 9 to 14 layers for the
duplexer. As the spectral duplexer performs a more complex spectral functionality,
it requires a deeper and more capable network with greater degrees of freedom to

achieve optimal performance.
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Figure 5.5: Influence of network size on the final spectral duplexer performance.
Mean squared error for spectral duplexer deep photonic network as functions of the
number of interferometric layers. The plotted error includes propagation loss in the
directional couplers and the S-bends extracted from their 3D-FDTD simulations.
For each network size, ten different randomly-initialized devices are optimized and

depicted with red circles.
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However, similar to the power splitters, deeper networks are more susceptible to
fabrication imperfections, such as phase errors and losses in directional couplers and
S-bends. This is evident from the general profile of errors plotted as a function of the
etch offset Aw in Figure 5.6, where shorter networks generally demonstrate better
(flatter) performance under strong etch offsets reaching 20 nm. For the spectral
duplexer, the minimum error is reached with a 10-layer network. However, the
fabrication tolerance of this 10-layer network is significantly inferior compared to
the 6-layer and T7-layer networks. It is worth noting that the spectral duplexer
exhibits better fabrication tolerance in these simulations compared to both power
splitters. This difference can be attributed to the final error of the duplexer, which
is already 1-2 orders of magnitude greater (2 x 10™*) than the final errors for the

power splitters (between 7 x 107% and 2 x 107°).
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Figure 5.6: Robustness against fabrication variations for the spectral duplexer. A
greater number of interferometric layers initially reduces the calculated errors. How-
ever, longer devices suffer from stronger deviations from target functionality under

fabrication variations.
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5.2 Number of Trainable Parameters

The trainable parameters in our photonic networks consist of widths and lengths
for each custom taper, as depicted in Figure 3.2. Specifically, each Mach-Zehnder
Interferometer (MZI) in the network is constructed from four waveguide tapers with
trainable widths, four trainable lengths (one for each taper), and two fixed (non-
trainable) directional couplers. The network depth directly determines the number
of trainable lengths in the design. However, the number of trainable widths per
custom taper is a parameter specified by the designer. In our presented devices, we
utilized five trainable widths for each taper, resulting in a total of 4 x (5+ 1) = 24
trainable parameters per MZI. The constituent widths and the taper length for each
taper are used to calculate the accumulated phase, as discussed before. We generally
limit the number of trainable widths to § < (Lpy, — 1 pm)/1 pm, as discussed
in Chapter 3. This limitation ensures slowly-varying waveguide geometries in the
propagation direction, minimizing unwanted loss. In our devices with a maximum
taper length of 10 pm, this guideline suggests a recommended number of trainable
widths of up to 9. However, within this constraint, the number of trainable widths
remains a design choice specified by the user. For the devices demonstrated in
our work, we selected £ = 5 trainable widths per taper. We found that beyond five
trainable widths, there was a negligible additional benefit, as the required optimized
phase profiles could already be achieved in the custom tapers. Moreover, choosing a
higher number of trainable widths (£ > 5) may lead to slightly longer optimization

times without improving device performance.
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Chapter 6

COMPUTATIONAL PERFORMANCE AND TIME
REQUIREMENTS FOR NETWORK OPTIMIZATION

One of the key benefits of our deep photonic network design framework is its
capability to replace computationally demanding 3D-FDTD simulations with phys-
ically accurate and computationally efficient scattering matrix calculations. This
is particularly advantageous in design tasks that involve iterative modifications of
device parameters and repeated simulations of device responses. By leveraging state-
of-the-art machine learning software and hardware infrastructure, our design frame-
work achieves both computational efficiency and scalability, effectively addressing
the computational requirements associated with these simulations. This enables
faster and more streamlined design iterations, enhancing the overall efficiency of the
design process.

In Figures 6.1, we demonstrate this computational performance for the design
of several power splitters with various numbers and configurations of output ports,
using a single Tesla V100 GPU. Specifically, we consider 2-port, 4-port, and 8-port
broadband power splitters in evenly distributed and randomly distributed output
power configurations, optimized at 32 evenly-spaced wavelengths between 1400-1600
nm. In Figure 6.1(a), we plot the total time required for the convergence of each
device as a function of the network depth. A relative convergence criterion of

| J(w)current — J(x)previous | < 1073 (61)

IIlaX(J(I)CUHent, J(x>previous)

was used for all devices where J(x) was defined in Eq.(3.4). As expected, the
total optimization time scales with the number of interferometric layers (M) and
the number of network outputs (V). As a function of these two parameters and

the number of trainable widths per custom waveguide taper, the total number of
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Figure 6.1: Computational performance of the design framework for deep photonic
networks as arbitrary power splitters. (a) Total optimization time for networks with
different number of interferometric layers. (b) Average time per optimization itera-
tion. Networks up to 10-layers deep with the number of output ports N = 2, 4, and
8 are optimized for broadband power splitting using 32 wavelengths between 1400
nm and 1600 nm. Separate photonic networks are designed with evenly distributed
output powers, and randomly distributed output powers. Light is injected at the
input number L%j for all devices. All optimizations were performed using an open-
source, end-to-end deep learning software library [Bradbury et al., 2018, Tra, 2020],
adaptive moment estimation optimizer [Kingma and Ba, 2014], and a single Tesla
V100 GPU. Optimizations were completed in several hundred iterations for each

device, using a convergence criterion of 1073 relative change in the overall objective

J(x).
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trainable network parameters is given by

A€ +1)M, N =2

1+ DTS+ IFIF), N =3

(6.2)

The computational efficiency of our design framework is evident in the optimization
procedures for deep photonic networks. Even for networks with a depth of 10 layers,
corresponding to a device length of 800 pm, and complex functionalities such as
random and broadband output power splitting with 8 separate output ports, the
entire optimization process is completed in less than 12 minutes. This achievement
represents a significant improvement in scalability and computational speed com-
pared to optimization procedures based on 3D-FDTD simulations, as reported in
previous studies [Piggott et al., 2015, Lu and Vuckovié¢, 2013, Jia et al., 2018, Zhang
and Liboiron-Ladouceur, 2021, Zhang et al., 2022]. Our framework offers multiple
orders of magnitude advancements in terms of efficiency and computational per-
formance. Our design framework offers remarkable efficiency for smaller photonic
networks with simpler functionalities. For networks of up to four layers, the op-
timization process is completed in less than approximately 1 minute. This rapid
turnaround time empowers photonic designers to iterate through different versions
of their networks and explore device performance with various hyperparameters.
The ability to quickly simulate and evaluate the performance of photonic devices
using physically accurate simulations within minutes is a crucial advantage, enabling
designers to efficiently explore design variations and make informed decisions.

The scalability of our design framework is further demonstrated by the per-
iteration time for each network optimization, as shown in Figure 6.1(b). In this
context, an iteration refers to the computational operation of updating the network
parameters once, after calculating the objective function J(z) and its gradient V,.J
using all 32 wavelengths in a parallelized manner. The average time required for each
iteration ranges from a few milliseconds to a few tens of milliseconds, depending on
the network depth (and therefore the number of trainable parameters). In addition
to the modularity of our photonic network construction, the efficient performance of

our design framework is facilitated by the use of open-source deep learning software
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libraries such as JAX [Bradbury et al., 2018]and Trax [Tra, 2020]. These libraries
enable automatic differentiation-compatible computations to be executed on various
hardware accelerators (CPU, GPU, or TPU) in a parallelized manner through just-
in-time (JIT) compilation [Aycock, 2003] and execution of required function calls.
It is important to note that after creating a photonic network model, there is a
certain preparation time required for JIT compilation to complete before iterative
optimization can commence. For the specific optimizations shown in Figure 6.1(a),
the preparation time ranged between 8 and 650 seconds for 1-layer to 10-layer deep
networks. This preparation time is accounted for in the total optimization durations
plotted in Figure 6.1(a) but excluded from the per-iteration time plotted in Figure
6.1(b).
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Chapter 7

CONCLUSION AND DISCUSSION

Our design framework offers a computationally efficient and physically accurate
approach to designing deep photonic network architectures for on-chip optical sys-
tems. Although we have specifically demonstrated its application in silicon-based
devices, the methodology can be extended to various material platforms and spec-
tral applications. Despite having been designed by an arbitrarily capable photonic
optimization framework, all three of our proof-of-concept devices experimentally
demonstrate state-of-the-art performance. Even in comparison to structures with
specific power splitter geometries [Kim et al., 2022, Lin and Shi, 2019, Chang et al.,
2018, Chen et al., 2017, Wang et al., 2016, Lu et al., 2015], our network-type power
splitters exhibit better experimental performance metrics with 1-dB bandwidths
reaching as wide as the entire measured spectrum of 120 nm and over 200 nm in
simulation. Similarly, our duplexer demonstrates better experimental performance
than devices with similar functionality [Zhang et al., 2022, Xu et al., 2019, Mag-
den et al., 2018, Piggott et al., 2015], with less than 0.66 dB insertion loss, flat-top
transmissions at both outputs, and a cutoff wavelength shift of only 5 nm. Even
though our networks at their current state do not implement reconfigurable pho-
tonic capabilities, they also do not require the use of electronic driving circuitry
for detuning or calibration purposes. Consequently, our devices are not prone to
long-term stability issues and excessive power draw requirements of systems with
thermal, MEMS-based, or electro-optic phase shifters [Xu et al., 2022, Quack et al.,
2023]. The absence of electronic driving circuitry simplifies the device architecture
and eliminates the need for complex control mechanisms. This leads to improved
device reliability and reduced power consumption, making our networks more prac-
tical and efficient for on-chip applications. By leveraging the inherent properties of

the photonic network design, such as waveguide geometries and coupling coefficients,



Chapter 7: Conclusion and Discussion 45

our devices achieve their desired functionality without the need for additional elec-
tronic components. This advantage contributes to the scalability and robustness of
our photonic systems.

In summary, our design framework offers a highly scalable approach for imple-
menting arbitrary transfer functions on-chip. By formulating photonic design as a
constrained optimization problem, we leverage the power of physics-informed ma-
chine learning and accurate waveguide parameters to enable efficient and accurate
simulations of photonic devices. The integration of 3D-FDTD simulations within our
framework allows us to capture the intricate behavior of light propagation and in-
teractions with various components. This ensures the accuracy and reliability of our
simulations, which in turn inform the optimization process. Through this method-
ology, we achieve rapid design iterations and scalability, enabling the creation of
complex and high-performance photonic devices. By considering fabrication com-
patibility as an inherent constraint, our approach ensures that the designed devices
can be feasibly realized using available fabrication techniques. Our modular net-
work design approach offers a significant number of degrees of freedom, allowing for
the implementation of complex photonic functionalities. This modularity enables
the design of large-scale integrated photonic systems by combining multiple custom
layers of MZIs. The ability to incorporate specific phase and dispersion profiles into
the target functionality of the photonic networks further enhances their versatility
and customization. Additionally, our computational design framework accurately
captures and maintains complete phase information throughout the individual net-
work components. This opens up possibilities for designing photonic networks with
integrated on-chip amplifiers and lasers [Zhou et al., 2023, Li et al., 2018], mod-
ulators and detectors [Liu et al., 2015], and other components. By leveraging the
rapid individual device simulations enabled by our framework, future designs can ex-
plore various integrated functionalities and robustness against fabrication-induced
variations [Pérez and Capmany, 2019]. These capabilities hold great promise for
advancing optical communication applications, neuromorphic photonic information
processors, and medical /biological sensing. The ability to design photonic compo-

nents with arbitrary transfer functions and tailored functionalities paves the way for
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innovative advancements in these fields.
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Appendix A

METHODS

A.1 Numerical Simulations

The effective indices of silicon strip waveguides in our design were obtained using the
Silicon Photonics Toolkit [Vit et al., 2022], an open-source software package specif-
ically developed for the design of integrated photonic structures. This toolkit sup-
ports automatic differentiation, making it compatible with our optimization frame-
work. The toolkit provides fast and efficient calculations of waveguide parameters
on the 220 nm SOI platform, which is crucial for the rapid and scalable evalua-
tion of our optical transfer functions. For other components in our deep photonic
networks, such as directional couplers and waveguide bends, their optical responses
were obtained through 3D-FDTD simulations. The simulations were performed
with a maximum spatial discretization of 17 nm in all three dimensions to accu-
rately capture the behavior of these components. The resulting optical responses,
which include both amplitude and phase information, were linearly interpolated at
1000 wavelengths ranging from 1.2 pm to 1.7 pm. The interpolated responses were
implemented as lookup functions that are compatible with automatic differentiation.
These functions were utilized during the performance evaluation of the constructed
photonic networks, enabling efficient and accurate calculations of the network’s op-

tical properties.

A.2 Numerical Optimization Framework

Our deep photonic network optimization framework leverages an open-source, end-
to-end deep learning library called Trax [Tra, 2020]. This library provides access to
state-of-the-art machine learning software constructs and supports various hardware

accelerators, including GPUs and TPUs. By utilizing Trax, we can take advantage
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of advanced machine learning techniques and efficient computation on modern hard-
ware. In our framework, each interferometric structure within the photonic network
is modeled as a component of a physics-informed artificial neural network. We
evaluate the amplitude and phase profiles of the transfer functions between input
and output pairs using the automatic differentiation-compatible lookup functions
described earlier. This modular architecture allows for flexible connections between
interferometric layers, including serial, parallel, or residual connections, enabling
the construction of complex network topologies. The trainable parameters of our
networks are optimized iteratively using the adaptive moment estimation (Adam)
algorithm [Kingma and Ba, 2014]. During the optimization process, the learning
rate is progressively reduced from 3 x 1072 to 10~ to facilitate smooth and efficient
convergence. For the design of power splitters and the spectral duplexer, we used
batch sizes of 32 and 21, respectively, during the optimization process. All opti-
mization tasks were performed using a single Tesla V100 GPU, which demonstrates

the computational efficiency and scalability of our framework.

A.3 Device Fabrication

After the optimization process, the final designs of the photonic devices were con-
verted into mask layouts using capabilities provided by our design framework. We
utilized an open-source layout construction software library [Gabrielli, 2020] for this
purpose. The mask layouts included the necessary components and structures, and
additional grating couplers were added at the inputs and outputs of the network
to enable efficient light coupling. Once the mask layouts were finalized, the de-
vices were fabricated using standard 193 nm CMOS photolithography techniques.
The fabrication process was carried out on the silicon-on-insulator (SOI) platform
with a 220-nm-thick silicon device layer. The fabrication was performed through
IMEC’s multi-project-wafer (MPW) foundry service, which provides access to a
shared wafer for the fabrication of multiple designs from different users. This allows

for cost-effective and efficient fabrication of the photonic devices.
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A.4 DMeasurement Setup and Optical Images of Fabricated Chips

As mentioned before, the performance evaluation of devices was conducted using
a continuous-wave tunable laser source (Santec TSL-710), an optical power meter
(Santec MPM-210), on-chip grating couplers, and a polarization controller. The
experimental setup involved the generation of light by the laser, which then prop-
agated through an optical fiber. The light passes through a polarization controller
to control the polarization state. The tip of the optical fiber was used to couple the
light with the chip through the grating coupler. At the other end of the device, a
similar optical fiber was coupled to the end grating coupler and connected to the
power meter to measure the transferred power. Figure A.1 provides an overview of
the setup and illustrates the two optical fibers coupled to the chip through grating
couplers. Additionally, Figure A.2 presents optical images of the fabricated chips.
Figure A.2(a) shows several devices on a chip with their input-output connected
grating couplers. These devices consist of three layers of MZIs, resulting in a device
length of 240 ym. Figure A.2(b) zooms in on a section of a device, revealing the
partially observable waveguide tapers and directional couplers. An MZI within a
device is shown, with a length of 80 pm, resulting from two pairs of 30 pm long
directional couplers and two pairs of 10 pm long waveguide tapers. To further illus-
trate the fiber coupling, Figure A.3(a) presents a top view of a coupled fiber to the
grating coupler, while Figure A.3(b) offers a side view of the coupled fiber. These
images provide a visual representation of the experimental setup and the coupling

between the optical fibers and the chip.
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Figure A.1: An overview of the measurement setup
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b)

Figure A.2: Optical images of the fabricated chips
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b)

Figure A.3: Top and side view of a coupled fiber to the grating coupler



