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Abstract

Modern Artificial Intelligence workloads are placing a growing amount of strain on digital
hardware, increasing costs and energy demands. The field of neuromorphic computing seeks
to help alleviate this problem through physical platforms that could be used as accelerators
for machine learning tasks. Network lasers are a promising but unexplored platform for this
application — they support a high number of interacting lasing modes through multiple scattering
between defined waveguiding paths, and their complexity, non-linearity, sensitivity, and compact
size address several challenges facing the field of photonic neuromorphic computing. To enable
their use as a computing platform, we need to move them from the current dye-doped electrospun
polymer platform to a lithography-defined semiconductor process, which allows for fully designable
lasers, and high resiliency to degradation under pumping.

To implement this vision, I first explore the etching of III-V semiconductor layers to create
photonic nanodevices. Parameter optimisation allows us to produce high quality structures from
InP, our main material of interest, as well as other epitaxial platforms like InGaAs quantum
wells. Next, I study the lasing from etched microdisk devices, presenting multiple ways in
which lasing properties can be used to inform fabrication choices. With fabrication and lasing
performance validated, I present experimental measurements from etched semiconductor network
lasers, investigating the physics behind the lasing modes and their coupling. Finally, I show
the application of network lasers to neuromorphic computing, first through edge detection,
which matches the mode competition dynamics of the laser, and then for image classification,
also combining the two schemes to form a photonic convolutional neural network. We obtain
high classification accuracies on tasks including MNIST, Fashion MNIST, and BreaKHis 400X,
especially in the few-shot regime, and explore the likely physical basis of the neuromorphic

performance.
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Chapter 1

Introduction

Computing has taken the world by storm. Most people own a number of ‘smart’ devices:
computers, laptops, phones, game consoles, and increasingly home appliances. As these grow
smaller, more portable, and more powerful, one may ask what challenges remain in the field of
computation, and what is the next step after the wildly successful age of the silicon transistor.
In this thesis I will explore one potential approach to the next chapter of computing — utilising
physical systems with dynamics that match the computation we want them to perform. But first,
let us explore the problems presently facing classical computing, and how these are changing

with the proliferation of artificial intelligence.

1.1 Challenges in modern computing and machine learning

Moore’s Law is an observation and prediction originally made by Gordon Moore in 19651
and revised in 1975, noting that the number of transistors in an integrated circuit was
doubling roughly every two years, and it would likely continue to do so for some time. Many
have proclaimed the death of Moore’s Law since, 3 as transistor sizes start to approach physical
limits: maximum dopant density, electric breakdown of the thinning insulator layers, electron
tunnelling, ! as well as thermal dissipation issues.[’l The reports of its death are fortunately
somewhat exaggerated, as breakthroughs in semiconductor fabrication and transistor gate shape
have allowed further minification, with other techniques proposed to keep increasing transistor
density.[!l Data from Ref. [7] adapted in Fig. 1.1 a shows that the number of transistors in
microprocessors has indeed kept increasing at a steady, logarithmic pace.

Looking beyond the initial formulation of transistor number, we can see scaling issues arising a
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bit more clearly though. Fig. 1.1 a also shows the clock frequency of microprocessors, and a figure
of merit for single-thread performance. Both of these have plateaued in the early 2000s. Similarly,
the energy required for a switching operation in transistors continues to decrease, but the pace of
this has slowed since the turn of the century, as shown in Fig. 1.1 b. The complexity and scale
of our computational systems is increasing, but the progress in their individual components does

appear to be slowing.

a Microprocessor trends b ' '
10" F — T 1E-03 \\ . o Landauer 1988
. ransistors o ®, ) . veee KT(300)
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o | ™ (SpeciNTx1000) it @ 1E-09 \,‘ o ITRS
o 10" 4 g TE1T %%, | Rapid Vreductlo
'g e & l“ o ] R l Slower Vreductlon
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- g R SRIAE > @A
. 2 1617 N
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* 1E-19 1988 extrapolation ———~_
Xex® e ‘ ............... heedeeenracend
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FIGURE 1.1: Facets of Moore’s Law. a The number of transistors in microprocessors has continued
to grow exponentially as predicted, but the clock frequencies and single-thread performance have
largely plateaued. Data adapted from Ref. [7] — CC BY 4.0. b The switching energy of transistors
has been decreasing exponentially, but this trend has slowed down in the past decades. Adapted
from Ref. [8] — © 2017 IEEE.

These growing limitations become increasingly apparent as we demand more and more from
our compute systems. The recent raise of Large Language Models (LLMs) and video-processing
models is putting increased strain on data centre architecture, with the number of parameters in
LLMs in particular growing on average 410x times every two years,[g] and the amount of compute
used in training the models doubling every 3.4 months, outpacing Moore’s Law’s growth. Model
performance generally scales with the parameter number,1% and so the compute demand is likely
to continue growing. With more hardware required to match said demand, the energy needs of
Artificial Intelligence (Al) are also growing. The exact impact is difficult to predict, but data
centre electricity use is predicted to double by 2030, accounting for 7% to 15% of electricity
use in the United States by 2030, with specific areas impacted more as data centres tend to be
built close to each other.'? To understand this problem and the proposed solutions better, let
us look at some fundamental principles of classical computing.

Most computers used nowadays are based on the von Neumann architecture, ' illustrated

in Fig. 1.2 a. An abstracted ‘computer’ consists of a Central Processing Unit (CPU) and a


https://github.com/karlrupp/microprocessor-trend-data/blob/master/LICENSE.txt
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memory unit (storing both data and instructions). The CPU has a connection to the memory
unit, over which instructions and data are transmitted to be processed by the CPU’s Control
Unit (which orchestrates the operations to be performed), and the Logic Unit (which implements
basic arithmetic calculations). The memory is usually split into Random Access Memory (RAM)
and caches, which are closer to the CPU and fast, but limited in size, and disk storage, which
can be much greater in size, but slower to get to and operate.

The need to shuttle instructions and data between the CPU and the memory unit is a major
constraint of this architecture.'”) The energy cost of data transmission is actually much greater
per bit than switching a transistor gate, and does not scale in line with our advancements in

16] This is most apparent for computing problems that require many

transistor engineering.[
distinct mathematical operations to be performed on varying data — the computer cannot keep
all the values in a CPU cache and has to perform many round-trips to the RAM

An example of such a computing problem is a neural network, illustrated in Fig. 1.2 b. Neural
networks are constructed out of digital ‘neurons’ (orange in the diagram), sometimes referred
to as ‘perceptrons’ These are meant to emulate the way neurons in a brain are triggered to
send signals on. They sum the inputs provided using a matching number of weights, apply
an optional biasing value, and then pass the sum through a non-linear ‘activation’ function,
which can for example set negative values to zero.['”) This style of network is referred to as a
multilayer perceptron (MLP). It is usually trained with backpropagation, where the output layer
is compared to the desired answer, and the difference between these is fed back through the
network, changing the weights such that the output is closer to being right. This is repeated
with many training examples, until the network is good enough to provide correct answers for
data it has not seen before.

Machine vision, where tasks such as feature detection, classification, and segmentation
are performed on image data, represents a significant portion of modern machine learning

07.18] Convolutional Neural Networks (CNNs) are an architecture widely used in machine

demand.
vision applications.1%29 They begin with feature detection layers, where multiple convolutional
kernel filters are separately raster-scanned across an image, performing multiplications between
parts of the image and the kernel. This operation is illustrated in Fig. 1.2 ¢. The results of
these multiplications are assembled into ‘feature maps’ of the input image, with different kernels
detecting features such as edges, corners, and curves. The feature maps are then fed into more

typical neural network layers, forming the CNN.

The convolutional feature detection greatly enhances machine vision performance compared
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a The von Neumann architecture b Basic neural network C Convolution
Input Output Weights
Computer
. = ()
Central Processing g 5
Unit (CPU) ‘—j ! =
3 g
Control Logic f= =
Unit Unit ©
Memory Hidden
(data and instructions) layers + Activation

FIGURE 1.2: Classical computing and machine learning fundamentals. a Most modern computers are
based on the von Neumann architecture. This diagram illustrates its main components. b A multilayer
perceptron (MLP) — the fundamental neural network design. It consists of multiple interconnected
layers, with data flowing left to right on the diagram. ¢ Convolution for feature detection. Small
windows of the image are multiplied by a selected kernel, with the result highlighting positive (red)
and negative (blue) edges.

to traditional MLP neural networks!!”2% as it allows the neurons to be more spatially aware

and ‘see’ the neighbourhood of a specific pixel, but is fairly computationally intense. 2!

In general, each layer of a neural network is comparable to a high-dimensional vector-matrix
multiplication, with many weights and values which have to be moved between the logic unit in
the CPU and the RAM. This type of computation is therefore inherently mismatched to the
underlying von Neumann architecture, and the moving of data accounts for much of the total
energy used to run an Al model.?2 Graphics processing units (GPUs) alleviate this somewhat
by doing many multiplication operations in parallel, which minimises the time spent transferring
data, but current hardware is still limited — Fig. 1.3 shows that the number of parameters
in neural networks is growing much faster than the amount of available RAM in GPU-style
accelerators. This means that the model weights have to be transferred back and forth from
the even slower drive storage, massively escalating the time and energy taken, especially when
training large models.["]

The growing demands of modern Al are exposing a fundamental mismatch between the
architectures we use for computing and for neural networks. Computers are linear and digital
(using binary numbers to represent data), but neural networks are analogue and non-linear, and
their sheer size clashes with the memory-processing separation of von Neumann computers. Our

brains, which neural networks are inspired by, match these requirements better, learn quickly, [24]
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FIGURE 1.3: The number of parameters used by LLMs has been increasing exponentially, but the
amount of RAM available in Al acceleration hardware has not been keeping up. If a model cannot
be kept fully in RAM, its weights need to be moved back and forth between the processing unit and
memory drives, decreasing efficiency. Adapted from Ref. [9,23].

and are extremely efficient, using only ~20 W,2% compared to hundreds of Watts used by modern
GPUs. There is therefore much interest in extending the similarities to the brain’s operation

from the software to the compute hardware.

1.2 Neuromorphic computing

The field of making computational hardware more similar to the brain (‘neuromorphic’) is a
broad one. Fig. 1.4 illustrates the two main divisions of it.

‘Isomorphic’ systems implement the operations characteristic of digital neural networks as
discussed in Section 1.1, for example matrix multiplication.[?l They resemble the brain in their
departure from the von Neumann architecture, bringing memory and computation into the
same location, and letting them interact more closely. They also aim to allow parallelism and
acceleration through techniques like wavelength multiplexing and the inherently fast timescales of
many physical phenomena — for example, combinatorial problems are hard to solve digitally, but
can be mapped to physical Ising machines, which quickly settle into an equilibrium corresponding
to the solution.?” Various physical computing architectures take inspirations from aspects of

how neurons communicate,?8 for example working with spike signals,[2%:3% letting the data

modify the neuron to form long- and short-term ‘memory’,?!) or synchronising the oscillations
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FIGURE 1.4: Examples of the two main classes of neuromorphic architectures. a Isomorphic systems
aim to be a direct accelerator for machine learning operations like matrix multiplication. Here, a
cross-bar array of memristors is shown. Their resistances act as weights, dividing the input voltage
across the vertical output bars. b Broken-isomorphic systems act as complex data processors, not
trying to implement a specific digital architecture. A trainable layer after the system translates its
output into the desired format. This is usually digital, but can in theory be an isomorphic physical
system.

of multiple ‘neurons’ together.[?2 Specific properties of the physical neurons can also enable

brain-like training algorithms, % though the neurons imprecision can hinder more traditional

approaches like backpropagation.m]

Examples of isomorphic neuromorphic systems include cross-bar arrays of memristors (whose

resistance can be changed by the application of specific currents),[33’35} free-space optics utilising

absorption,?6-38) phase shift,3% 49 or metalenses*!) to provide weights, and on-chip photonics

employing either Mach-Zehnder interferometers243] or phase-change materials for absorption. 44

‘Broken-isomorphic’ systems do not try to directly resemble a neural network, but rather rely
on complex, non-linear interactions within physical objects to encode data into high-dimensional
spaces that may be useful for computation.[?®! This usually necessitates a simple trainable
decoder at the end to produce useful ‘answers’ out of the system’s output, which is often akin to
a fully linear, single-layer version of the MLP pictured in Fig. 1.2 b. Most of the ‘computation’
happens in the physical system (making a complex problem linearly separable), with the number
of parameters in the digital layer much smaller than for a fully classical approach,?l addressing
the memory and scaling issues of matrix-multiplication-based methods. I discuss the details of

how this decoding layer is implemented in Section 5.2.

The two main sub-divisions of broken-isomorphic systems are reservoir computing and extreme

learning machines. In reservoir computing the physical system has a degree of memory, such

J— 2:[ J—



CHAPTER 1. INTRODUCTION

that past inputs impact current computation, which is most appropriate for temporal tasks like
time-series data prediction and transformation,*S! and speech recognition.[*”) This memory is
occasionally achieved through feeding a memory-less system’s output back in with a time-delayed
feedback loop.[*3%91 Completely memory-less systems are used in extreme learning machines,
where each data transformation is independent from the previous ones, which is suitable for
static data tasks20) like image classification.”” The weak requirements on the properties of
the non-isomorphic physical system (as long as it performs a complex, preferably non-linear,

transformation of the data) have led to a large variety of published approaches, examples including

51] [52] 146)

sound waves, non-linear optics, electronics,® lasers,? spintronics,*”! and magnets.

The different physical systems that can be used to implement neuromorphic computing can
perform exceptionally well when paired with a task that matches the underlying physics. For
example, nanomechanical systems can be tuned to audible frequencies for sound-sensing tasks. "]
The system’s physics can also limit the suitable applications though. Magnetic systems have
excellent memory, but can be slower, and struggle with high-dimensional input. Photonic systems
excel at speed and throughput, with high-dimensional inputs achievable through spatial and
wavelength multiplexing. On the other hand, they struggle with non-linearity and implementing
negative feedback/weights, and do not have memory. Spatial scaling is also generally not
favourable, with waveguides taking much more space than electronic transistors, matching light’s
longer wavelengths.

In general, a physical system for neuromorphic computing should be sensitive to inputs, map
them to complex dynamics, and provide an easily-measurable output. Our research group at
Imperial College London thought that we may have a physical system that could be a strong

neuromorphic platform, while addressing some of the issues of typical photonic approaches. 1

will explore its details in the next section.

1.3 Network lasers as a platform for neuromorphic computing

Amplification and confinement can lead to lasing (light amplification by stimulated emission
of radiation), and I will explore the details of this process in Section 3.1. But the archetypical
laser pointer system of two parallel mirrors is not the only way to confine light — for example, in
Section 3.2 I discuss how semiconductor micro-cavities can be used instead. Random lasers are
a curious class of laser where the confinement is obtained through multiple scattering,[7* 5% as

illustrated in Fig. 1.5 a. This scattering is coherent (which can be seen from speckle patterns
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forming when shining a laser pointer at a scattering material), and so some paths within the
scattering medium can fulfil phase matching conditions and produce modes, which confine light.
With gain (provided either by the scatterers or the medium they are embedded in), these confined
modes can lase.

[56]

Random lasing has been demonstrated in a variety of media, including powders,*®! collections

[57]

of microspheres,°’l polymer-suspended liquid crystals,[58] electrochemically-etched semiconduc-

61] and self-assembling colloidal

tors,[?? e-beam patterned polymer[ﬁo] or semiconductor layers,[
particles.[02] The loose requirement on cavity shape, low cost, broad angular emission, complex
spectra, and high sensitivity of the lasing modes make random lasers a fitting platform for

light-emitting coatings, object identification, and remote sensing.

The fabrication of most random laser systems is difficult to tune precisely, and simulating
multiple scattering from a large number of scatterers is computationally heavy enough to not
be practical. In 2019 in Ref. [63] our Imperial College London research group has proposed as
system that addresses these issues — random network lasers, as outlined in Fig. 1.5. The system
consists of many intersecting dye-doped polymer waveguides fabricated with electrospinning

(Fig. 1.5 b). Light scatters between the waveguides at their joining points (‘nodes’), providing

b Electrospinning process
d  Polymer network laser spectrum
. Syringe 2
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FIGURE 1.5: Random network lasers. a The general principle of random laser operation. Scattering
provides some confinement, so that light can be amplified by the gain medium of the laser. b Elec-
trospinning involves using a high voltage to accelerate material towards the substrate. Electrostatic
forces amplify instabilities in flight, resulting in random deposition of continuous fibres, 4 forming
the network laser. ¢ Light emission from network lasers created through electrospinning. Randomly
oriented waveguides join together at nodes, where light can scatter between them. Below threshold
the laser emits uniformly from its waveguides, and above threshold the lasing output is mostly from
the nodes. Adapted from Ref. [63] (CC BY 4.0). d Sensitivity of the network laser to a projected
pattern. By changing which regions of the laser receive gain, one can promote specific modes to lase
while suppressing the others. Adapted from Ref. [65] (CC BY 4.0).
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the multiple scattering necessary for random lasing, but with both the positions of the scattering
points and the paths between them well-defined. This lends itself well to analytical studies, with
the network represented as a graph on which Maxwell equations can be solved. %]

The system does indeed lase, with Fig. 1.5 ¢ showing the transition between spontaneous
emission in random directions below the lasing threshold, to the majority of light being emitted
into waveguide modes through stimulated emission above threshold. The lasing spectrum is
shown in grey Fig. 1.5 d, consisting of a forest of narrow peaks. Notably, when a pattern is
projected onto the laser, its spectrum changes significantly even for small changes in the spatial

651 The two plots show how the projected pattern can be tuned to obtain nearly

gain distribution.
single mode lasing. This change is due to a number of processes — the modes are differently
localised, with some pump patterns matching their shape better, the shape of the modes changes
as the refractive index of the material shifts in illuminated locations, and the modes compete
with each other for gain.[¢ T will explore the process of mode competition and its implications
in detail in Section 4.2.3.

Random networks lasers are an enticing platform for broken-isomorphic reservoir computing,
solving many challenges of conventional photonic systems. They are strongly non-linear, both
in the sense that the output increases rapidly around the lasing threshold, and that the many
modes are coupled to each other in complex ways. The coupling through mode competition can
be suppressive, implementing negative weights. The networks provide a convenient output in the
form of the lasing spectrum, which is very sensitive to the projected pattern. They can also have
a fairly small footprint of tens of micrometers across, compared to the often millimetre-scale of
many optical processors. There was thus interest in testing network lasers as a neuromorphic
data processor as illustrated in Fig. 1.6, with the projected image as an input shaping the spatial
gain landscape, and the emitted light as the output.

The dye-doped polymer platform unfortunately did not match the neuromorphic ambitions.
Photobleaching of the dye causes the performance to degrade over time, quick enough that longer
exposure times required to process large machine learning datasets were not practical. The
electrospinning process is somewhat tunable, but not reproducible — one cannot make the same
network design again, or directly design the network topology.

Direct bandgap semiconductors can provide gain for our lasers, while allowing lithographically
defined, reproducible shapes to be etched out. This allows much more design and topology
flexibility. Solid-state platforms are also much more resilient to degradation than dye, matching

the requirements for the neuromorphic application. They also bring us closer to scalability,
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FIGURE 1.6: Network laser as a physical data processor. a A Digital Micromirror Device (DMD)
spatially structures pump light into an arbitrary input image, which is illuminated onto an InP
network. b The pump light provides optical gain in illuminated regions of the InP network, triggering
lasing from many different modes at different wavelengths determined by the scattering paths. Spatial
mode profiles of three modes are indicated via differently coloured nodes. c¢ Lasing spectra emitted by
the network are recorded via spatially-resolved spectrometer, forming the output of the system. Some
spectral regions are highlighted with coloured boxes — these will be relevant for feature detection in
Section 5.1. Adapted from Ref. [67].

with semiconductor fabrication processes able to create hundreds of on-chip network devices in
parallel. The goal of my work within this thesis is thus to establish a fabrication process for
designed semiconductor network lasers, study their physics, and investigate their suitability as a

neuromorphic computing platform.

1.4 Thesis outline

Fig. 1.7 shows some key images from each chapter in this thesis. Below, I will provide a brief
summary of said chapters.

Chapter 2 describes the process of fabricating II1I-V semiconductor devices and my attempts
to optimise it. I introduce Direct Wafer Bonding (DWB) (our integration process of choice), as
well as the fundamentals of plasma etching. I demonstrate etching results for InP from a number
of chemistries, and show a Design of Experiment (DoE) study of how different parameters affect
etching outcomes. Finally, I show that the etching process is transferable to other platforms,
demonstrating devices made out of InP with embedded InGaAs quantum wells (QWs).

Chapter 3 introduces the fundamentals of semiconductor lasing and applies them to fabrication
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FIGURE 1.7: Thesis outline. a Etched ITI-V semiconductor network. Waveguides of InP (in this case
with embedded InGaAs quantum wells (QWSs)) join at nodes, forming a lattice. ITII-V etching will be
discussed in Chapter 2. b Lasing spectrum from an InP disk device. Semiconductor lasers and the
use of lasing as a fabrication diagnostic is covered in Chapter 3. ¢ Lasing modes outcoupling from
three nodes of a semiconductor laser. The physics of InP network lasers are explored experimentally
and theoretically in Chapter 4. d A handwritten 4 is projected onto a network laser. The resulting
spectrum can be used to predict what the projected number was. The application of network lasers
to machine learning is tested in Chapter 5.

validation. I show lasing results from microdisk nanolasers that support Whispering Gallery
Modes (WGMs), which prove to be a stable platform that can be analysed statistically to gain
insight about chip quality and whether fabrication steps improve device performance.

Chapter 4 explores the physics of semiconductor network lasers. I look at their spectra, the
shapes of the lasing modes, and how the waveguide dimensions impact the transport of light and
losses within the network. With the help of simulations, I explain mode competition and how it
leads to highly non-linear behaviours.

Chapter 5 showcases the lasing network as a platform for neuromorphic computing. I start
by showing feature detection, a task that closely matches the mechanics of mode competition
within the laser. I show that this application gives us insights into the underlying physics of
the laser, and demonstrate negative responses to input, uncommon in optical systems. We then
move onto classification tasks, where logistic regression is used to ‘train’ a simple classifier on
the laser’s output. Two architectures are demonstrated: a single layer approach, and a two layer
photonic convolutional neural network, which uses feature detection to boost performance. The
system performs well on tasks like digit and clothing recognition, and breast cancer diagnosis,
especially when only limited training data is available. At the end, I explore the likely physical

basis for our strong performance, including our system’s similarity to ganglion cells in the retina.



Chapter 2

ITI-V fabrication and optimisation

Parts of this chapter concerning InP plasma etching were adapted and expanded from the following
publication, for which I performed the majority of fabrication and measurements, produced the figures,
and wrote the manuscript:

J. Dranczewski, A. Fischer, P. Tiwari, M. Scherrer, D. Saxena, H. Schmid, R. Sapienza, K. Moselund,
“Plasma etching for fabrication of complex nanophotonic lasers from bonded InP semiconductor layers”

Micro and Nano Engineering, vol. 19, p. 100196, Jun. 2023. [CC BY 4.0]

Abstract

The first step of bringing network lasers to the semiconductor platform is to establish a
nanofabrication workflow. Direct Wafer Bonding (DWB) is introduced first, which allows us to
integrate I1I-V semiconductors on silicon wafers. Lithography and plasma etching are then used
to shape the semiconductor devices. The physics and challenges of plasma etching ITI-V materials
in a research cleanroom are covered, and then a number of etch chemistries for InP are explored.
Cly-based etching is standard for InP but challenging at low temperatures. CH,-based etching
works better at 80 °C, but can leave polymer deposits. After showing results from a cyclic CH,
recipe, which cleans the polymer deposits effectively, but leaves horizontal marks on the device
side-wall, a continuous CH, etch is studied. A Design of Ezperiment (DoE) study allows us to
discern the impact of etch parameters on device outcomes, and this insight is applied to optimise
the continuous recipe for etching taller InP structures with InGaAs quantum well (QW) layers

embedded.
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CHAPTER 2. III-V FABRICATION AND OPTIMISATION

2.1 III-V semiconductors and devices

Silicon is the semiconductor most often used in electronics, but it has an indirect band gap
This means that it cannot easily emit or detect photons through electrons jumping between
energy levels, and other materials have to be used for applications in active photonics. The main
class of materials of interest for us is I1I-V semiconductors — a class of semiconductors combining
atoms from groups III and V of the periodic table, which have direct bandgaps and can thus

emit light at a broad range of wavelengths.[8]

Nanolaser systems from ITI-V semiconductor materials can show efficient lasing[*73 and
are promising as part of on-chip nanophotonic systems. Potential applications of these systems
include controllable on-chip light sources, sensing,!” and physical layers for machine learning

[52]

processes. For these applications, we would be interested in marrying the worlds of electronics

and photonics by integrating III-Vs on a Si platform. This is unfortunately difficult due to lattice
and thermal mismatch between the materials, preventing direct growth of ITI-V layers on Si.[7 7]

Progress is being made though, and many approaches to overcoming this challenge have now

been developed.

Bottom-up integration approaches involve the assembly of material on the nanoscale to
produce larger devices.["® Examples of these techniques include aspect ratio trapping, 7”78
nanowire growth,™ and Template-Assisted Selective Epitazy (TASE).[SO} These methods have
advantages: for example, directed metalorganic chemical vapour deposition (MOCVD) growth,
where material is constructed layer-by-layer,®!l results in single-crystalline structures with
extremely smooth and vertical side-walls.[®%:52] This is important for lasing devices as smoother
side-walls decrease scattering losses, vertical walls allow for efficient evanescent coupling, and the
single-crystal structure has no defects where carriers would be lost. However, these techniques
are time-consuming and challenging for complex shapes like the networks, and the design

reproducibility can be poor.

We focus instead on a top-down approach, in which the devices are defined using lithography
on a uniform area of active material, and the material is removed from regions where it is not
needed.[™ This allows for simultaneous fabrication of multiple complex, computer-defined designs
such as coupled laser arrays, hyperuniform networks, and random lasers. A high degree of control
and reproducibility is another benefit — the devices will reliably follow the lithographically-defined
shape. The top-down approach comes with its own challenges too: etching ITI-V material can be

complex, narrow trenches demand vertical side-walls and decrease etch rates, and waveguides
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need high quality sidewalls to limit losses as light propagates over large distances.

Due to the complex shapes of our devices, and our desire to fabricate chips that sweep a large
variety of device parameters, we have chosen to focus on top-down fabrication for this project.
In this chapter, I will explain the particular process we followed, as well as the steps taken to

overcome the aforementioned fabrication challenges.

2.2 Direct Wafer Bonding for III-V integration

Our ITI-V integration method of choice is Direct Wafer Bonding (DWB), enabling top-down
fabrication of patterned devices. In DWB an epitaxially-grown layer of III-V active material
is bonded to a Si wafer, avoiding the lattice mismatch defects that would arise if a III-V layer
was to be directly grown on Si. The process is illustrated in Fig. 2.1. The active III-V layer
is epitaxially grown on a lattice-matched III-V substrate with an etch stop layer in between.
This is then turned upside down and bonded to a prepared Si wafer through a buffer layer of
SiO, (which is deposited on both wafers) and annealing.!%3 %% The burried ozide (BOX) SiO,
layer also optically isolates the III-V from the Si, leading to good confinement in the active layer.
The sacrificial I1I-V wafer is then removed by wet etching, leaving the active layer attached to
the Si wafer. Lithography is used to create a mask corresponding to the desired devices, and
the patterns can be transferred into the active medium using plasma etching. As the final step,
the etched devices can be processed chemically and encapsulated to help minimise the effects of

surface roughness and further oxidation. (56!
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FIGURE 2.1: Tllustration of the direct wafer bonding process described in the main text. A Scanning
FElectron Microscope (SEM) cross-section of a waveguide produced using these steps is shown on the
right.

Here we have used InP active layers, but since the active layer is grown through MOCVD,
more complex make-up is also possible, such as using a layer of InP with embedded InGaAs QW
layers. While the main focus of this thesis will be the InP devices, I will also showcase some

etching and lasing results from QW lasers to demonstrate the versatility of this process.
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For patterning the mask that determines where material should remain after etching we have
used optical and electron beam (e-beam) lithography. For etch test samples I initially used an
optical lithography process, which uses fixed reflective masks that only let light through in the
regions where we want to expose and cross-link the resist. This cross-linked pattern can then
be transferred into an SiO4 ‘hard mask’ The pattern used here was a series of small, repeating
‘cells’ that each contained long lines and other test patterns — see Fig. 2.2 a. These could then

be cleaved (broken apart cleanly along a crystal plane) into separate test chips.

Later etch test chips, as well as the samples used for lasing tests, were patterned with e-beam
lithography, where electric fields are used to shape a beam of electrons to match the designed
shapes. This gives the higher resolution needed for some of the devices of interest, and allows for
arbitrary and parametrically-varying computer-aided designs with quick iteration. An example

of a digital mask design is shown in Fig. 2.2 b.

Other device

Test structures

Disks and hexagons I:l Networks

FIGURE 2.2: Lithography for mask creation. a Optical lithography with a fixed mask can be used to
create repetitive designs. Here a test chip is shown, with a mask consisting of long horizontal lines
that can be cleaved across post-etch to obtain a waveguide-like cross-section. b Computer-aided
mask design for e-beam lithography allows for more flexibility, with parametric sweeps of disk lasers
and lasing networks shown here.

Wafers or chips were coated with a 3nm SiO, adhesion layer for the e-beam resist using
Atomic Layer Deposition (ALD), and hydrogen silsesquiozane (HSQ) was deposited on top with
spin-coating. The mask thickness used depended on the exact test and varied from 30 nm to
150 nm. This was then exposed with a Vistec EBPG 52004 e-beam lithography machine, and
developed. A short Reactive Ion Etching (RIE) etch removes the adhesion layer, and then the

cross-linked HSQ can act as a hard mask directly.

Once a mask is patterned on a chip, the active material that is not covered by the mask needs
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to be removed. We have opted for plasma etching for this, as it allows for vertical walls and a
high degree of control over the etching process. This is in contrast to ‘wet’ chemical etching
for example, where chemical reaction with a liquid are used to remove material, resulting in
etched side walls that are often more organic in shape (either sloped or under-etched below the
mask).[87] The principles of plasma etching are discussed in detail in Section 2.3.

Finally, after the chip is etched, we need to ascertain what the results of the etching look
like. The tools used for this are illustrated in Fig. 2.3 a. The long lines patterned with optical
lithography can be inspected with a profilometer (in our case a Bruker DektakXT), which is a
fine-point needle that detects changes in height on the order of nanometres. This gives an initial
idea of the etch depth. For a more thorough observation, the chip can be cleaved, loaded into a
Scanning Electron Microscope (SEM) vertically, and the cross-section can be observed directly,
as seen in Fig. 2.3 b. This gives a detailed idea of the etch depth, wall angles, surface quality,

and mask degradation.

a

Profilometer
needle

Cleaved edge
S

of bulk InP M o~
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FIGURE 2.3: Tools used to diagnose the etching process. a With lines of varying width and separation
masked out and etched on a chip, we can cleave it in half to observe the cross-section of the etch with
a Scanning Electron Microscope (SEM). For a quicker inspection right after etching, a profilometer
can be used — a needle (drawn not to scale) is dragged across the lines, and we can ascertain the
etch depth based on its deflection. b SEM profile of an etched and cleaved InP chip.

2.3 Principles of plasma etching

In the general process of plasma etching, a variety of gases are mixed and excited into a
plasma state and accelerated towards the surface of the sample. The removal of material happens
through a combination of chemical and physical interactions of the etching plasma with the
material’s surface.®® Chemical reactions of the active etching species with the surface results

in formation of new molecules, some of which will be volatile and desorb back into the plasma
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phase. Passive ion bombardment does not chemically react with the material, but it delivers
energy to the surface, increasing the rate of chemical reactions and the evaporation of volatile
compounds,889 as well as physically knocking material off. The inclusion of passive species
travelling perpendicular to the sample also ensures that the etching is anisotropic, especially if
the chemical etching produces non-volatile species — these will prevent further chemical etching
of the device side-walls, but will be physically knocked away outside of the mask, allowing for
etching downwards, but not sideways (this is referred to as sidewall passivatz'on[go]).

The machine used for plasma etching within this thesis was the Oxford Instruments Plasmalab
100, an Inductively Coupled Plasma (ICP) Reactive Ion Etching (RIE) tool, which is illustrated
in Fig. 2.4. The plasma in an ICP RIE system is generated by a coil with alternating current
running through it — this induces changing electromagnetic fields, which in turn induce currents
in the chamber gasses, exciting them to a plasma.[®!) The plasma is then accelerated towards
the sample by a separate Radio Frequency (RF) generator connected to the wafer holder. This
allows for semi-independent control of the energy of the plasma (through the coil power, referred
to as ICP power) and the speed at which it hits the sample (through the wafer holder generator’s

RF power), providing a means for balancing chemical and physical etching.

ICP coil

i

— P
Ny FIGURE 2.4: The chamber of an ICP RIE device, illustrated.

The plasma is generated by the coil in the space above the
InP _-_ sample, and then accelerated downwards by the RF electrode.

RF electrode

Another important parameter an ICP machine allows us to vary is the chemical composition
of the plasma, and various potential chemistries for etching III-V semiconductors exist. To
understand how these operate, let us begin by looking at the products that the plasma gases
produce when interacting with the surface. Table 2.5 summarises the volatility of the products of
In and P (as well as Ga and As) with different etching plasma species. The boiling temperature
is not the only factor that is relevant, but it is a good indicator of how effective the recipe will

be on a chemical level.
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Boiling temperature
Element Chlorides Hydrides/trimethyls Fluorides

In | InClg: 300°C(,) | In(CHj)s: 55.7°C InF5:  >1200°C
P | PCly: 75°C PH;: —-87.7°C | PF3: —101.5°C

PCls: 162°Cy,) PF5: —-75°C

Ga | GaCls: 201.3°C | Ga(CHg)s: 134°C GaF;: 1000°C

As | AsClsy: 130.2°C AsH;:  —55°C AsF3: —63°C

AsF5: —53°C

TABLE 2.5: Boiling points for the products of elements that our III-V semiconductors consist of — our
interest is in etching InP bulk, and InGaAs quantum wells. Temperatures marked with an (s) are
specifically points of sublimation. Data adapted from Ref. [88].

A common etching agent for InP is Cl,, as it can result in good etch rates, smooth walls,
and does not form unwanted deposits.[°2 %] Due to the low volatility of InCl;, these processes
often rely on the temperature of the etching chamber to be high (>150°C).°2 For lower
chamber temperatures, CH, and Hy are commonly used as etching agents, which form volatile
compounds with In and P respectively (with boiling temperatures comparatively close to room
temperature). Unfortunately CH, tends to form polymer deposits that can interfere with the
etching.[”! Fluoride compounds are commonly used for etching Si,[*™?°! but they form highly

non-volatile compounds with indium and gallium.

In tuning the exact molecular composition of the plasma, the chamber pressure, as well as the
plasma energy and directionality (to balance the chemical and physical aspects of the etch), one
can try to optimise the etch to obtain several desirable features. The result should be anisotropic,
with highly vertical sidewalls, enabling coupled devices to exist close together and waveguides in
network lasers to have well-defined rectangular shapes, especially where they join. The surface of
the material should be smooth, with no imperfections that can lead to guiding or recombination
losses. The etching should be selective between the mask and the etched material, meaning that
the mask will not be damaged and areas covered by it will not be etched. These objectives are
interlinked, for example low selectivity can lead to sloped device side-walls, as the mask degrades

from outside-in, exposing the material gradually.

Having defined the objectives for what we consider to be a ‘good’ plasma etch, let us move

on to the specific processes I have tested to obtain high quality lasing devices.
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2.4 Exploring etch recipes
The etch recipes we concentrate on here can be split into three main categories:
e low temperature chlorine-based chemistries,
e cyclic 80°C chemistries based on CH, and Hs,
o continuous 80 °C chemistries based on CH, and H,.

First, low temperature chlorine-based chemistries. The ICP RIE tool I used was located in the
Binnig and Rohrer Nanotechnology Center”®! cleanroom at IBM Research Europe - Ziirich. As
the cleanroom is used for research purposes, and the tool is used for a variety of different processes,
mostly at room temperature, the maximum chamber temperature possible to achieve was 80 °C.
This limits the use of common Cl, recipes, since we have seen in Table 2.5 that products of In and
Cly are not very volatile and require high temperatures to efficiently desorb from the substrate.
This class of recipes aims to overcome the temperature challenge with ion bombardment or
plasma heating of the chip. My attempts to reproduce results from literaturel® 979 were
generally not successful in this category, which is a challenge in the field of mid-temperature
plasma, etching[99} due to differences between RIE machines and chip properties that may change
material heating parameters. In the end, I have settled on utilising and exploring the parameters
of two recipes previously developed at IBM,1% similar to Ref. [101]. These use Cly, and CH, as
etching agents, and Ar or Ny for ion bombardment.

The second and third class of recipes use CH, and Hy as etching agents, which form volatile
compounds with In and P respectively at the 80°C temperature we can reach in our ICP

8] The second recipe I study here was previously used for etching of microdisk

chamber.
lasers.[80:100:102] Tt overcomes the issue of polymer deposits forming when working with CH, by
etching the material in 2 repeating cycles: 1 minute of etching, then 16 seconds of cleaning the
chip with O, plasma.

The third approach I develop here overcomes the CH, polymerisation by etching at higher
powers to increase sputtering-based polymer removal,['%? with a possible O, cleaning step
afterwards to remove lingering polymer deposits. To explore the parameters of this approach and
optimise the etching results, I have used a Plackett-Burman factorial Design of Experiment (DoE)
method, which enables the study of many parameters using comparatively few experimental

runs. [104]
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2.4.1 Chlorine-based etching

Attempts at etching with chlorine-based recipes produced mostly side-walls that were smooth,
but not vertical. As shown in Fig. 2.6, even with some optimisation efforts starting from recipe I,
recipe II remained fairly slow and physical, with a low selectivity and wall verticality. Recipe III,
which uses argon for bombardment, is more aggressive and high-energy, and therefore faster, but
micro-trenching (where a small dip is etched in the material next to the structure) results from
its physicality. The higher selectivity is likely a result of the higher proportion of CH,, and the

increased ICP power.

100nm Bulk InP g
5 minutes 5 minutes 1 minute
P ICP RF Cl2 |CH4 | N2 | Ar Etch Sel. Angle
| 6 300 120 6 3[ 30 0 9.2 2.9 34.9
11 4 501 120 6 31 30 0 35.2 4.7 24.4
111 6 1000 120 6 6 0| 10 110.7 6.7 19.3
mTorr w w scem nm/min deg

FIGURE 2.6: SEM cross-sections (see Fig. 2.3 for a reference illustration) and etch parameters for
three ICP etching chemistries primarily based on Cl, (labelled with Roman numerals), etched at
20°C. The chamber pressure (marked P in the table) is maintained by the etching tool by tuning the
venting rate to match the gas inflow rates (labelled here with the corresponding chemical formulas).
A higher ‘strike’ pressure was used for the first seconds of the etch to help establish the plasma
if needed. The ICP and RF powers correspond to the plasma generation and plasma acceleration
powers respectively. The selectivity (Sel. in the table) compares the etch rate of InP with that of
the SiO, mask, and Angle refers to the side-wall angle from vertical. The range of bar lengths in
each column of the table is consistent in all figures throughout this chapter to enable comparisons
between recipes.

Attempts at further variation, including different gas proportions, temperatures, and pressures
resulted in similar or worse performance, with wall slant in the 20° to 25° range. While this is
occasionally desired,[195:196] the verticality of the walls is critical for our multi-waveguide devices,

so the low volatility of InCl; in the temperatures we operate at appears to be a major obstacle.

2.4.2 Methane-based cyclic etching

Recipes using CH, and H, promise better performance thanks to the improved chemical

desorption of the etched material at 80 °C, at the cost of polymer deposits from the CH,. Cyclic
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etching resolves this by alternating etching (1 minute) and cleaning (16 seconds) cycles until
the desired etch depth is reached. The cleaning step cleans the surface from chemical deposits,

[90,107)

and passivates the already etched side walls, which prevents chemical under-etching and

results in highly vertical walls.

Fig. 2.7 presents a representative cross-section of a cyclic etch and recipe parameters. The
cyclic and chemical nature of the etch is visible in the sidewall quality, as shown in Fig. 2.7 b and
e. Horizontal lines are seen in SEM inspection of the test waveguides where the etching process
switched between the etching and cleaning steps. Some general roughness is also visible, likely
due to the etch relying largely on chemical desorption of material, which can be somewhat non-
uniform — both ICP and RF powers are fairly low, so the plasma energy and vertical acceleration
are relatively low too. The main disturbance is in this case along the length of a waveguide (see
Fig. 2.7 e), and so should not impact its guiding ability too much. The roughness is small enough
to not be seen under SEM inspection of both cleaved and Focused Ion Beam (FIB) waveguide
cross-sections (Fig. 2.7 a and c respectively). Small deposits of likely condensed In have been seen
on the walls in some samples as well, but treating the chip with a diluted H3PO, bath removed

these (see Fig. 2.7 b). Chemical post-etch treatments are discussed further in Section 3.4.3.

before  after
H;PO, clean

200nm

P ICP RF CH4 | H2 02 Etch Sel. Angle
etch 5 200 110| 32.5| 75 0 36.3 37 1.5
clean 18 200 100 0 0| 40.0
mTorr w w scem nm/min deg

FIGURE 2.7: Etch results and parameters of the cyclic ICP etch recipe primarily based on CH,.
a An SEM cross-section of a bulk InP etch, 12 cycles used. b Quality of the InP side-walls before and
after a H3PO, bath, with visible horizontal lines corresponding to etch cycles. ¢ A FIB cross-section
of a narrow trench etched in a layer of InP bonded on SiO,5. d A junction between 5 waveguides,
showing good transfer of the pattern into the active medium. e A closer view of the waveguide
junction, with cyclic etch lines visible along the waveguides.
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Combined with e-beam lithography, this process has proven to lead to very accurate repre-
sentations of the devices designed in software. We observe a good reproduction of the network
patterns on the micron scale (see Fig. 2.7 d), with waveguide widths and disk dimensions

matching the design specification with a few nanometres of precision.

2.5 Etching Optimisation

In order to remove some of the artefacts of the cyclic etching, I was interested in investigating
a continuous approach to etching InP with CH, and Hy. This would remove the horizontal marks
on the side walls, and also improve the overall etching speed — both thanks to higher plasma
energies, and the ICP tool not having to switch to the cleaning chemistry every minute.

Using the same CH, etching chemistry as in the cyclic recipe, but running it continuously for
a number of minutes, results in several issues (which can be seen in Fig. 2.9 I in Section 2.5.2,
where I compare it to other etching results). The device wall angle is better than for Cl, but still
worse than with cyclic etching. The horizontal roughness of the walls is largely removed, but the
isotropic roughness (beyond vertical lines transferred from imperfections in the optical mask)
remains, indicating that the issue arises from uneven chemical desorption. The etching is also
very slow, and results in polymer deposits visibly settling on the chip (as a yellow tint), likely

impeding etching and optical performance. Optimisation was needed to resolve these issues.

2.5.1 Design of Experiment principle

ICP etching is a process with many parameters that can be adjusted to potentially make
the etch better. Unfortunately, using the tool is a time- and resource-consuming process,
and so testing each of these parameters completely independently is not practical. Design of
Experiment (DoE) is a field of study aiming to solve this precise problem — ascertaining the
impact of many parameters on experiment outcomes by performing as few measurements (‘trials’)
as possible.[194:108,109] Approaches from that field are often used in etching literature to spot
trends in how process parameters impact the results.[90,93,98,110]

For this study, I have elected to use the Plackett-Burman method, !l which is illustrated
in Fig. 2.8 a. This allows for performing the minimal number of measurements compared to

[108]

the number of parameters we study, but this makes it suitable only for finding out the most

significant effects in the system.[!9%11] Tt cannot ascertain the impact of interactions between

the parameters for example, as is generally the case with fractional factorial DoE designs.10%
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More measurements and other designs can be used to figure out these second-order effects (see
for example Ref. [104] chapter 7).

For the study size chosen, 8 trials give insight into the impact of 7 parameters. Each parameter
takes a ‘low’ value in half the trials, and a ‘high’ value in the other half. This way, the 4 ‘low’
and 4 ‘high’ trials can be averaged for each parameter to estimate the effect of going from ‘high’

to ‘low’ on various experimental outcomes, as illustrated in Fig. 2.8 b.

Average outcome change

a Plackett-Burman parameter (P.) values for 8 trials b due to parameter 5
P1 | P2 | P3| P4|P5|P6|P7| =
Trial 1| -1 -1 1 -1 1 1 -1 g 104 Mean
Trial 2| 1 -1 -1 -1 -1 1 1 g change
Trial 3| -1 1 -1 -1 1 -1 1 2087 T
Trial 4| 1 1 1 -1 -1 -1 -1 S
Q06 FE=———== By == — = — == —

Trial 5| -1 -1 1 1 -1 -1 1 3
Trial 6 1 -1 -1 1 1 -1 -1 £o4t
Trial 7| -1 1 -1 1 -1 1 -1 E
Trial 8] 1 1 1 1 g 027
Avg. | 0 0 0 0 0 0 0 sl 1 11 1 010

Low value \/ 1 2 3 4 5 6 7 8

High value Example Trial number

FIGURE 2.8: Plackett-Burman factorial Design of Ezperiment (DoE) principle. a The matrix showing
values of the 7 parameters across 8 trials, generated with the Python package ‘pyDOE’.[112 Each
parameter has the same number of ‘low” and ‘high’ trials. b A simulated example of analysing the
impact of parameter 5 on the experiment. The ‘low’ and ‘high’ trials are averaged separately, giving
an estimate for the average outcome change due to parameter 5 going from ‘low’ to ‘high’

2.5.2 Methane-based continuous etching

I performed a Plackett-Burman factorial DoE study to roughly establish the influence of
various etching parameters on the etch rate, selectivity, and wall angle. The parameters varied
were the ICP and RF powers, chamber pressure, gas flow of CH,, Hy, and Ar, and whether the
sample was ‘clamped’ — glued to the carrier wafer, with He flow keeping the carrier thermally
coupled to the ICP machine’s chuck and thus more steady at the set chamber temperature of
80°C. 8 etch runs were performed on chips prepared with e-beam lithography, with parameter
values determined by a PB matrix as seen in Section 2.5.1 above. The etched chips were cleaved,
and etch quality assessed under SEM inspection. The resulting etch properties can then be
selectively averaged to assess the mean impact of a property value changing from low to high.

The changes due the various parameters, and the definitions of ‘low’ and ‘high’ for each
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parameter, are shown in Fig. 2.9, with illustrative SEM images of etches informed by this study
shown in Fig. 2.10. The data gives some indication of the direction in which optimisation should
go. We observe that higher ICP and RF powers lead to smooth side walls (compare Fig. 2.10 I
and II), but going too high can be detrimental to the wall angle, and lead to uneven etching of
the bulk InP, producing bulk surface roughness due to uneven In and P desorption.[1%3 This
roughness is less critical for bonded layers though, where etching for a little longer can remove the
remnants of the material from the BOX surface. CH, is observed to play a key role in material
removal, compared with the lesser impact of Hy variation. A need for informed decisions in
optimisation is illustrated as well — for example, we can opt for a lower etch rate if it leads to

better wall angles.

P ICP RF CH4 | H2 Ar | Clamp
- 4 500 120| 20.0 5 1| no
+ 6 800 250| 32.5 10 5| vyes
mTorr w w sccm
Pressure Pressure
RF RF
ICP ICP
CH4 CH4
H2 H2
Ar Ar
: | Clamp | | ; | Clamp |
-10 0 10 20 -1 0 1 2
a Etch rate change (nm/min) b Angle change (deg)
Pressure Pressure
RF RF
ICP ICP
CH4 CH4
H2 H2
Ar Ar
: | ClampI | | IClamp | |
-10 0 10 20 -4 -2 0 2
¢ Bulk surface roughness change d Mask etch rate change
(nm) (nm/min)

FIGURE 2.9: An overview of the Design of Experiment exploration of continuous CH 4-based etching.
The first table shows the high and low values of the 7 parameters tested, and a-d show the average
impact of going from low to high values of these parameters for four figures of merit (illustrated in
the inset drawing). Blue bars indicate the desirable condition: lower angle, higher etch rate, etc.

Notably, the full impact of interactions between the parameters is not accounted for in a PB
study with 8 experimental runs. Fig. 2.10 II-IV show one of the DoE etches (II), and two other
attempts that explore other corners of the parameter space (III, IV). For example, it appears

that lowering Hy flow too much at higher pressures can lead to etches that are more isotropic
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and produce small overhangs (Fig. 2.10 III). Lower pressures seem to work reasonably well with
higher powers, producing one of the lower wall angles seen (Fig. 2.10 IV). This shows that after
identifying the core parameters in the study above, it is possible to further tease out parameter

relationships through experimentation or DoE methodologies varying fewer parameters.

10 minutes 1.5 minutes 5 minutes 3 minutes

P ICP RF CH4 | H2 Ar Etch Sel. Angle
I 5 200 110 32.5| 7.5 0 33.0 161 4.2
11 6 500 120| 32.5 10 1 80.2 high 5.0
111 5.3 800 250( 32.5 4 0 128.0 40 1.6
v 4.2 800 250( 32.5| 7.5 0 172.0 242 2.9
mTorr w w sccm nm/min deg

FIGURE 2.10: Etch results and parameters of four continuous ICP etch recipes primarily based on
CH,. I illustrates the rough surface at low powers, II is one etch from the DoE study, ITI shows a
slight overhang at high powers and low H, flow, and IV shows how lower pressures can lead to low
wall angles.

2.6 Case study: InGaAs Quantum Wells

Since the active layer in the direct wafer bonding approach is epitaxially grown, we can
alter the material composition of our lasing devices by introducing different steps in the growth
process. For example, one can grow a layer of InP, and then several thin layers of InGaAs divided
by InP spacing layers (see Fig 2.11 a and b for cross-sections). A stack like this acts as multiple
one-dimensional quantum wells (QWs).

The larger band gap of the InGaAs wells results in a potential landscape within the material
that encourages carriers to flow towards the wells and get confined in 2D, resulting in faster
recombination and an altered emission wavelength (which can be further tuned through the size
of the well layers).[''3] This can lead to more efficient devices, and ones that lase closer to the
1.3pm and 1.55 pm wavelengths used in telecommunication.''4) The use of quantum well-based
gain material in lasers also leads to narrower lasing peaks in the output spectrum!*'® — I explore
this more in Section 3.4.2. These advantages made the QW platform interesting to us, and it

was a good case study to test the insights gained from InP etching and the DoE study.
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The etching of InGaAs layers can use similar plasma chemistries, but there will be differences
in etching performance due to material differences — see Fig 2.11 ¢ for an example of how an
InGaAs layer impacts the sidewall profile through the different etch rate, chemical attack rate,
and wall angle, forming a discontinuity in the wall. Another challenge is that device scale has to
be increased to match the higher lasing wavelengths, increasing etch depths and times. This can
exacerbate differences in etch rates in narrow trenches or close to devices, making the uneven bulk
surfaces produced by continuous CH, etching (originally seen in Fig. 2.10) more of a problem —

see Fig. 2.11 d for an example where clumps of InP remain close to the waveguides.

With the insight into etching parameters from the DoE study, and a number of further etching
tests, I was able to optimise the continuous recipe to work reliably for tall InP waveguides and
disks that included InGaAs QWs. An example of a grating showing good etching quality is
shown in Fig. 2.11 e. The QW layers for final samples are also fairly thin, so the cyclic CH,
recipe managed to work with them without adjustments, and any wall non-uniformity that may
have been the case was small compared to the horizontal features that arise due to the cyclic

nature of the process.

Mask (HSQ

FIGURE 2.11: Quantum well etching. The material stack used for this process is illustrated in a and
shown in SEM cross-section in b. The active material is wafer-bonded to a Si wafer through a SiO,
layer, and consists of bulk InP with 3 InGaAs quantum wells embedded. ¢ Different materials can
respond differently to the same etching chemistry, making etching multi-material stacks challenging.
Here, a thicker InGaAs layer visibly protrudes from the side of a waveguide (seen in cross-section).
d An etch test showing smooth side walls, but problems removing residual InP around the base of
the waveguides. e A final sample etched with a further optimised recipe, showing no residual InP,
even within narrow trenches like in the grating coupler shown.
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Conclusions

In this chapter, I have shown that we can perform high-quality III-V etching with the
cleanroom tools available. Depending on the device and application, we can choose from
continuous or cyclic etching, with Cly or CH, chemistries. We can also transfer the etching
process to new material stacks as required. With the DoE study in mind, and the tests performed
on the QW material, the parameters of the best continuous CH, recipe I have used during my

work are shown in Fig. 2.12.

P ICP RF CH4 H2 02 Etch
etch 4 600 150 325 7 0 95.0
clean 18 200 110 0 0 40
mTorr w w scecm nm/min

FIGURE 2.12: The optimised continuous CH, etch chemistry. The ICP chamber is first conditioned
by running the ‘etch’ step for 10 minutes. The sample is then inserted and etched. The etch time is
based on the necessary etch depth — for bonded chips, I have added around 50 % more time to the
etch step to make sure any remnant InP from the BOX surface and narrow gaps is removed, and
account for differences from bulk InP. The cleaning step is run straight after the etch in the same
chamber, for around a third of the etching time.

We will now move onto testing the lasing action from the many etched chips produced in this

chapter.
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Chapter 3

Semiconductor lasers for fabrication
validation

Parts of this chapter concerning lasing from InP microdisks were adapted and expanded from the
following publication, for which I performed the majority of fabrication and measurements, produced the
figures, and wrote the manuscript:

J. Dranczewski, A. Fischer, P. Tiwari, M. Scherrer, D. Saxena, H. Schmid, R. Sapienza, K. Moselund,
“Plasma etching for fabrication of complex nanophotonic lasers from bonded InP semiconductor layers”

Micro and Nano Engineering, vol. 19, p. 100196, Jun. 2023. [CC BY 4.0]

Abstract

The fabrication optimisation in Chapter 2 focused on visible properties of the etched surface —
wall angle and roughness, etch depth, etc. Since our desired application is a semiconductor laser,
it is equally important to evaluate the devices’ lasing performance. This chapter introduces the
principles of lasing, as well as how these apply to semiconductor nanolasers. We use microdisks
as a basic, easily reproducible test platform, and show that InP and QW etched devices do lase.
By fabricating arrays of disks with varying radii, we can sweep the InP gain spectrum, and use
the lasing threshold as a proxy for cavity quality. Using this metric, we investigate the efficacy of
O, plasma cleaning, H3PO, treatment, and an Al,O5 passivation layer. We explore other possible

lasing-based metrics, and showcase continuous wave (CW) lasing from the QW microdisks.


https://doi.org/10.1016/j.mne.2023.100196
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CHAPTER 3. SEMICONDUCTOR LASERS FOR FABRICATION VALIDATION

3.1 Introduction to lasing

Light-matter interactions can happen in a variety of ways, but the part most relevant to our
application is how matter can absorb and emit photons. Fig. 3.1 a shows the three fundamental
processes through which this happens.[''® In the example here we will consider a simplified
picture with two energy levels. In general, these processes can happen in systems with arbitrarily
many energy levels — single atoms, molecules, or crystals, but the principle remains similar.
When a photon is absorbed, an electron gets excited to a higher energy level, with the jump in
energy corresponding to the energy of the photon. What is left at the lower energy level is a
‘hole’ — a lack of an electron. Even though this is a virtual particle, it is useful to consider, as
it can be mobile in crystalline materials, and certain semiconductors can have more holes than
free electrons to fill them." 7 An electron can recombine with a hole spontaneously, emitting a
photon in a random direction, and at a wavelength corresponding to the energy gap between
the levels. This is called ‘spontaneous emission’. A process of more interest to us is ‘stimulated
emission’. Here, a photon passes by an excited electron, prompting it to recombine with a hole
and emit another photon. The new photon is coherent with the incoming one, which means that
it is emitted in the same direction and with the same phase, or more generally into the same

mode as the original photon.[16:11%]

If enough electrons in the gain medium are in the excited state, the system reaches ‘population
inversion’ — a state where a photon travelling through the medium is more likely to encounter
an excited photon than one in the low energy state. That photon is thus more likely to induce
another emission rather than be absorbed. In this way, stimulated emission can be used to
amplify the light travelling through a material. Population inversion can be achieved by injecting
energy into the system, for example by external illumination. There are some requirements for
sustaining population inversion, for example the system needs to have at least one other higher
energy level that decays quickly to the second level. A detailed discussion of these conditions

can be found in Ref. [116].

We can utilise the principles of stimulated emission to construct a ‘laser’, which stands for
Light Amplification by Stimulated Emission of Radiation. Fundamentally, a laser is a cavity that
traps light, such that it can be amplified through interactions with a gain medium, as shown
in Fig. 3.1 b. The cavity supports multiple modes, and when their light goes through the gain
medium, additional photons are emitted coherently through stimulated emission, and thus into

the modes. Any light emitted not into a cavity mode (for example in a random direction through
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FIGURE 3.1: The core principles of lasing. a Kinds of basic light-matter interaction. b A simple
laser is constructed out of two mirrors and a gain medium. The mirrors provide confinement and
establish modes that the cavity can support (through phase-matching conditions). The gain medium
provides amplification of the light within the cavity. We can ensure that the medium is in a state of
population inversion by providing energy to it via pumping. Light that travels within one of the
cavity modes (perpendicular to the mirrors in this toy example) will be continuously reflected and
amplified, providing a strong and coherent beam. This is usually outcoupled by making one of the
mirrors semi-transparent.

spontaneous emission) does not return to the gain medium, and is thus not amplified. Thanks to
this selective amplification, the population-inverted laser emits light primarily into the cavity’s
modes, creating coherent, directed light, like in the familiar laser pointer. If enough energy is
pumped into the gain medium to overcome cavity round-trip losses, the system can reach a

steady state and emit lasing light continuously — we call that energy the lasing threshold.

3.2 InP microdisk lasers

We have identified confinement and amplification as the primary factors that make a laser
work. These are the principles that enable the archetypical two-mirror laser construction to
function, but throughout the thesis I will move further and further away from this basic system
to lasers that still confine and amplify light, but in ways quite different from a laser pointer. In
fact, many nanolasers use methods other than simple reflection for confinement, from photonic
crystals!'19 129 to bound states in continuum.['?!] We will start our dive into nanolasers with

whispering gallery mode microdisk lasers.

In a microdisk laser the semiconductor structure provides both the confinement and ampli-
fication. This principle is illustrated in Fig. 3.2. A wave travelling along the edge of a high
refractive index microdisk will be reflected from its edges by Total Internal Reflection (TIR).
This confines the light to travel along the edge (see Fig. 3.2 a) and establishes Whispering Gallery
Modes (WGMS)[HZ] in the disk. These are named after the Whispering Gallery in St. Paul’s
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Cathedral, which is a circular balcony below its dome. Thanks to the internal reflections from
the gallery’s walls, speakers on one side of it can be heard on the opposite side,!'2* similar to
how light is guided in the microdisk. Fig. 3.2 b shows how a microdisk laser looks like as a DWB
etched device, with a simulated WGM overlaid. The confinement in a microdisk is not perfect,
and some of the guided light scatters out of the device — this is the lasing output we will be
measuring.

For the amplification side, a semiconductor will not have specific energy levels like a single
atom illustrated in Fig. 3.1. Instead, interactions between electrons and the periodic potential of
the crystalline lattice that they travel across result in the energy levels expanding into energy
bands, where the electron’s energy depends on its wave vector. This band structure is illustrated
for InP in Fig. 3.2 c. A notable feature typical for semiconductors is the ‘band gap’ — a range
of energies where no electron states exist, indicated with a grey band in Fig. 3.2 c¢. III-V
semiconductors specifically have a ‘direct’ band gap, which means that the closest bands below

and above the gap approach each other at the same wave vector. An electron can thus jump

a . (o]
Initial Band structure of zincblende InP
path 6
Emitter 4
Cavity 2]
PumpI lDirect band gap

b InP nanodisk

_2.
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E—EV(EV)
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FIGURE 3.2: Confinement and amplification in an InP microdisk laser. a Total Internal Reflection
(TIR) in a circular cavity results in a wave being guided along the edge of the cavity. b TIR
guiding establishes Whispering Gallery Modes (WGMs) in a DWB microdisk. The mode profile
is simulated with a Finite-Difference Time-Domain (FDTD) solver.'?4] The illustrated cavity is
hexagonal to match bottom-up devices grown in IBM Research Europe — Ziirich, %82 but circular
cavities can be patterned and etched just as easily. ¢ Simulated band structure for the face-centred
cubic (‘zincblende’) crystal phase of InP. Energy displayed relative to the top of the valence band
(E,). Direct band gap and example pump light transitions indicated with arrows. Below is an
illustrated key for the wave vector labels of the graph, showing the wave vectors of interest in a 3D
representation of the crystal’s Brillouin zone.''”] Data adapted from Ref. [125,126] using Ref. [127].
A scissor shift['28] was applied to the simulated band structure to match the experimental zincblende
InP bandgap of ~1.35eV.[12]
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from the valence (lower) to the conductive (upper) band (and vice versa) without changing its
momentum. As only energy changes, this can be a purely optical transition, enabling direct band
gap semiconductors to be used for light emission.

To use a III-V semiconductor for lasing, we need to achieve population inversion within it. In
laser diodes this is achieved by electrical pumping, but in this thesis I will study optical pumping
instead, as it allows for arbitrary device geometries and does not require specifically doped
regions or metal contacts. To optically pump a semiconductor laser, we use light with photon
energies above the band gap. This delivers electrons to the conduction band, and they can then
thermalise down to the direct band gap crossing point, where the lasing emission happens. [130:131]
This is similar to a three-level approach to enabling population inversion,['*% in that it allows us

to deliver energy to the laser without de-exciting all of its electrons through emission stimulated

by the pump photons — the pump light is at a different energy compared to the emission.

3.3 Experimental studies of lasing

Given that we will be optically pumping our nanolasers, we need an experimental setup to
deliver pump light to the devices, and collect and spectrally analyse the light they emit. A
schematic of the setup used at IBM Research Europe — Ziirich is shown in Fig. 3.3. The pump is

a ~30ps pulsed supercontinuum laser with a repetition rate of 78 MHz. This means that the
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FIGURE 3.3: Diagram of the optical setup used for this investigation. The white light path is used for
imaging and alignment and can be removed for measurement. A Single Photon Detector (SPD) can
be inserted into the signal path instead of the spectrometer to measure the decay rates of device
emission.
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device generates a broad spectrum of lasing light, and specific parts of it can be chosen as the
output. We can thus pump the InP devices at a wavelength of 750 nm (below the InP bandgap),
but switch to ~1100 nm for QW devices incorporating InGaAs. The etched chips are positioned
on a stage that uses stick-slip piezoelectric actuators,!'32 which have a large range of motion at
sub-micrometer positioning precision. An objective is used to focus the pump light onto selected
devices, and collect the emitted radiation at room temperature. The setup also allows for cooling
down the chip in a cryostat down to 100 K or below using liquid nitrogen.

The spot size of our pump laser is ~1 pm in diameter, which is comparable or smaller than
all the devices analysed, so we assume all of the pulse power is delivered to the device and
use pJ /pulse as the pump energy unit. For more details on the pumping efficiency, Appendix
Fig. B.1 shows a small study of how the device threshold changes with the pump location.

As we gradually change the power of the pumping laser, it will eventually be enough to
sustain a population inversion in the InP cavity. Until then, the light emitted from the cavity
will be normal, broad photoluminescence (PL) from spontaneous emission around the material’s
band gap. After the pump power is high enough to achieve population inversion, a narrow lasing
peak arises from the PL, as seen in Fig. 3.4 a. Looking more closely at this peak (Fig. 3.4 b), we
can see that a broader resonant mode is visible before the threshold as well, and then narrows
significantly as we reach lasing threshold. We can fit the bulk PL around this peak (dashed line
in Fig. 3.4 b) and subtract it (Fig. 3.4 ¢). We then plot the total integrated spectrometer counts
under the lasing peak as a light-in light-out (LL) curve as seen in Fig. 3.4 d. The change in slope
is characteristic of lasing, and by fitting a linear function to it we can extract a value for the
lasing threshold. As the mode starts to lase, the PL of the bulk material is ‘clamped’ (does not
rise any more), stimulated emission becoming more likely than spontaneous.

The inset in Fig. 3.4 d shows the far field emission of a disk device above the threshold,
demonstrating fringes (partially highlighted orange) characteristic of coherent emission. The
emission narrowing, intensity onset, gain clamping, and fringes in the far field emission are all
signs that the device is lasing. [ 102,133,134]

The lasing peak in the spectrum in Fig. 3.4 a is broader than one would expect from a
single-mode laser, and can be seen shifting towards lower wavelengths as the pump intensity
is increased. These two phenomena can be explained by changes in refractive index of the
material. The index can go up due to pump-induced heating,'* or go down due to a number of
carrier-induced effects in InP.['36] We find that the latter dominates in InP, resulting in the peak

blue-shifting as the refractive index of the cavity decreases. As the pump laser is pulsed, this
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FIGURE 3.4: a A spectrum of a lasing peak emerging from the bulk PL of a hexagonal InP disk
(0.7 pm in radius) as the pump laser intensity increases. b One spectrum is highlighted in green —
there, a narrower peak emerges from a cavity resonance on top of the bulk PL (dashed fit line). As
the power rises, this peak dominates the bulk PL. ¢ The fitted PL can be subtracted to obtain the
intensity of the resonance and the lasing peak alone. d Integrating the signal remaining after PL
subtraction, we can obtain the intensity of resonant emission and lasing as a function of pump power
(plotted as crosses matching the line colours in a). Fitting above the inflection point lets us extract
the lasing threshold, with the far field emission of a disk device above this threshold shown in the
inset. The bulk PL, shown as grey dots, is clamped once the device starts lasing.

blue-shift happens multiple times over a single spectrometer exposure, resulting in wavelength

chirping and the peak appearing broader than it would be in steady—state.[lm

3.4 Lasing threshold statistics for fabrication evaluation

In Chapter 2 I have demonstrated how Scanning Electron Microscope (SEM) inspection can
be used to evaluate and compare the quality of plasma etching, including with quantitative
metrics like wall angle and etch rate. Because our ultimate application for the etched devices is
lasing, I was interested in exploring whether lasing performance by itself can be used as a metric
to compare etching methods.

To define ‘lasing performance’ for the purposes of this investigation, I will be using the lasing
threshold of microdisk cavities. Microdisks are a simple, stable platform, which can be easily
added as a test pattern to any DWB etched chip. They can be laid out in a basic grid, and (in
contrast to more complex nanophotonic devices) are quite easy to illuminate and align to — this
allows for automation, like with the piezoelectric actuators in our setup, where the sample can

be automatically moved and aligned to measure dozens of devices, giving statistical power to
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the investigation. Sweeping many devices is also necessary as the location of the Whispering
Gallery Mode (WGM) lasing peak in the gain spectrum will depend on the size of the cavity, and
peaks closer to the centre of the gain curve will lase more eagerly. By fabricating and measuring
devices with a range of diameters, we can sweep the gain spectrum and get a more complete
picture. This idea is illustrated in Fig. 3.5. The location of the lasing peak for the microdisks
goes up linearly with their diameter, as expected from phase-matching conditions for WGMs. A
disk will support a comb of higher-order WGMs at different wavelengths, but only the modes
close to the bandgap photon energy will lase. When the disk radius grows such that the mode of
order N moves too far away from the bandgap wavelength, the N + 1 order mode starts lasing

at a lower wavelength.
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FIGURE 3.5: It is important to study disks with a range of emission wavelengths to cover the whole
gain spectrum. a Lasing spectra for disks with increasing diameters, with the peak wavelength
highlighted. b The device layout corresponding to the spectra above each column — digital design
methods allow us to generate large parameter sweeps, which can then be etched onto chips and
measured. ¢ The lasing emission wavelength varies linearly with device diameter, as expected for a
WGM laser. Dashed lines join peaks originating from the same disk.

The lasing threshold in a device is reached when the amplification of light through stimulated
emission exactly matches the cavity losses. These can arise through imperfect trapping of the
WGM, scattering on side wall imperfections, and non-radiative recombination of free carriers
(Shockley—Read—Hall recombination in particular can happen through energy states created by
lattice defects[138]). We can thus say that the threshold is a good proxy for the overall cavity
quality, and should correlate with how well lasing devices will perform on a given chip. The
threshold does also depend on the emission wavelength and the gain volume available, but overall

trends between chips can still be understood by measuring large numbers of devices that cover
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these parameters.

3.4.1 Lasing from InP microdisks for different etching chemistries

To demonstrate the use of lasing threshold statistics as a fabrication diagnostics tool I will
look at four samples here, fabricated with the cyclic CH, recipe, the variant of continuous CH,
recipe shown in Fig. 2.12, and variants I and III of the Cl, recipes from Fig. 2.6. For microdisk
devices to work, they need to be fabricated on DWB layers of InP, in contrast to the bulk InP
used for etch tests in Chapter 2. The buried oxide layer used for these tests was 2 pm. Compared
to etching bulk material, the same recipes seem to etch bonded InP slightly slower, and with
wall angles slightly larger, but the difference is not major, so we employ the same chemistry with
etch times increased to compensate, and to make sure small trenches are resolved well.

Fig. 3.6 shows a comparison of the lasing thresholds extracted out of circular disk lasers on
the four samples. Fig. 3.6 a shows the performance of the cyclic CH, etch, with most devices
at thresholds in the 0.72 pJ /pulse to 3.0 pJ /pulse range, comparable or lower than those seen
from etched and TASE-grown InP hexagons in a previous study, which were reported in the
1.81pJ /pulse to 1.93pJ /pulse range. ')

The continuous CH, etch devices shown in Fig. 3.6 b initially perform worse, but a further O,

plasma clean brings the sample nearer to the baseline of the cyclic devices. This highlights both
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FIGURE 3.6: Comparison of the lasing threshold measured for circular disks on chips etched with
different chemistries. The threshold is a function of wavelength (distance of the mode from the band
gap), and a proxy for cavity quality. Some devices support two lasing modes within a single cavity —
in that case the pair of modes is linked by a line on the plot. The sizes of the points correspond to
the radius of the measured device. Inset SEM images show representative cross sections obtained
with the recipes — highly vertical walls for CH,-based recipes, and smooth, sloped walls for Cls.
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that polymer deposits may not be entirely removed with higher power etching, and the value of
lasing tests for highlighting fabrication issues that may not be visible under SEM inspection but
are critical to our application.

Continuous Cly etches are shown in Fig. 3.6 ¢, achieving performance comparable to cyclic
etching. This shows that smooth cavities can lead to good lasing performance, despite the slanted
walls impeding the total internal reflection necessary to support whispering gallery modes. The
angles of the cavity walls still make the use of this chemistry difficult for coupled cavities, where
narrow trenches are necessary, or for network designs, where many waveguides meet at a single

[105,106] g,

point. It is worth noting that some applications do call for slanted-wall waveguides,
these recipes could be applicable there.

The use of cavity lasing as a proxy for fabrication fidelity is thus validated — here it highlighted
the importance of cavity wall smoothness and established the need for post-etch O, cleaning for

continuous CH, chemistries.

3.4.2 Quantum well lasing results

As mentioned in Chapter 2, QW lasers come with a number of advantages. Their emission
wavelength is closer to those used in telecommunications, the carrier recombination within them
is faster and more efficient, and devices can be more easily tuned to exact specifications by
altering the well dimensions or the exact chemical make-up of ternary compounds.*3: 139 Most
notably for lasers, the altered density of states in quantum well structures result in a lowered

115,140] which in part describes how much the refractive index of

linewidth enhancement factor,!
the material changes with the number of free carriers.'*!) Less change in refractive index means
less blue-shift, and thus less chirp-induced broadening during pulsed operation. This can be
clearly seen in the results from my etched microdisks in Fig. 3.7 a. In comparison to an InP
peak, the one from a QW device starts significantly narrower, and does not broaden much as
the pump intensity is increased. This feature is potentially advantageous for heavily multimodal
systems (like our random lasing networks), as it makes it easier to distinguish closely-spaced
peaks from each other.

Statistical lasing performance results for the 3x InGaAs QWs embedded in InP platform
(shown in Fig. 3.7 b) look promising. The devices exhibit low thresholds of 1pJ /pulse to
4pJ /pulse, comparable to InP devices. The continuous CH, recipe I developed performs

comparably or better with respect to the reference cyclic etch, especially for peaks located at

lower wavelengths.
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FIGURE 3.7: Quantum well lasing results. a A comparison of lasing peaks from etched InP and
InP + QW microdisk lasers. The emission is at a different wavelength, and narrower for the sample
with QWs. It also blue-shifts less as the pump power (line opacity) increases. b Lasing threshold
statistics for an array of disks on two samples etched with CH,-based chemistries.

3.4.3 Passivation and its impacts on cavity degradation

As we have seen, especially with the cyclic CH, side walls, plasma etching can produce surfaces
that are physically and chemically rough, and leave various deposits. This can impede lasing
performance, either through scattering, or non-radiative recombination losses. III-V devices are
thus often chemically processed and passivated to improve performance after etching or growth, [86]
with the process claimed to reduce surface trap states and recombination velocity. 142144 This is
especially important for InGaAs,8% but the exact degree of benefit for InP is disputed. (86 144-147]

Many publications use sulphides for passivation, but ammonium sulphide is challenging to
work with, and the exact preparation process varies and can be challenging to reproduce.[*43:144]
We have thus opted for a simpler process where phosphoric acid (H3POy,, diluted with de-ionised
water 1:10) is used to clean the surface of etching deposits (likely pooled In — cf. Fig. 2.7 b), and
potentially passivate it48] and remove surface states.'*”) The devices were then fully enclosed
in a 2.5nm to 3.5nm layer of aluminium oxide (Al,O3) through ALD, which further passivates
them!145:150:151) a1 d prevents oxidation through encapsulation.

To test the impact of this procedure, I once again turned to lasing as a diagnostic. The
experiment consisted of a 2.2 pm diameter, cyclic-etched QW lasing disk being continuously
pumped with the pulsed laser for approximately 17 minutes. The spectral output was monitored
throughout, and a LL curve taken approximately every minute to calculate the lasing threshold.

The results are shown in Fig. 3.8. The H3PO, bath lowers the threshold significantly, indicating
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FIGURE 3.8: Measuring the impact of passivation on device degradation. The three columns show:
the initial PL spectrum of a 2.2 pm diameter, cyclic-etched QW lasing disk with a lasing peak visible,
the height of the lasing peak over approximately 17 minutes of continuous pulsed pumping, and
the lasing threshold of the peak, extracted by performing LL measurements at roughly 1 minute
intervals during the experiment. Two treatments are applied (coloured rows), one after the other,
with the same experiment performed after each treatment.

that the etching deposits significantly contribute to cavity losses. Both treatments generally
improve the height of the lasing peak, and how much it decays under continuous illumination.

The Al,O3 ALD coating may also stabilise the threshold value, though this is harder to ascertain.

This experiment validates the post-processing steps used by testing them in an applicable
scenario. Degradation is a major concern for our devices, as using them for machine learning
requires long periods of pumping as millions of unique data exposures are illuminated and
measured. The good performance of the processed devices is a sign that they should work well
for our application of interest, and the same testing procedure could be applied to trial other

post-etch processing techniques to reduce degradation further.
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3.5 Other lasing-based diagnostics

Throughout most of this chapter, I have focused on the lasing threshold under pulsed
illumination as the main metric for lasing performance and fabrication success. In this final
section I will briefly explore two other potential metrics that use lasing to illuminate different

aspects of cavity quality: continuous wave (CW) lasing and emission lifetime.

Optically-pumped nanolasers are often studied under pulsed illumination, as the pumping

[102,152] Tp pulsed operation the thermal energy can be conducted

heats the devices significantly.
away between the pulses, but the heat is more difficult to conduct away in steady-state, CW
operation, especially at room temperature.['%3 This can lead to rapid and permanent device
damage.[151]

Fig. 3.9 a shows a comparative study of QW microdisk CW lasing thresholds from chips
obtained with cyclic and continuous CH, etching. The devices were pumped with a 1064 nm
diode laser, and have thresholds of 150 uW to 400 pnW. This is comparable to some grown
microdisk devices, with InP-based platforms reaching 200 pW thresholds,['%3 InAs quantum
dot (QD) lasers working at 80 pW to 300 pW,!'*4 and GaN/InGaAn QWs notably going down

as low as ~7.9 uW.[15%]

The good CW room-temperature performance of our etched disks compared to similar grown
platforms is an indicator of low losses and good etch quality. We could not perform similar tests
for the pure InP devices unfortunately, as our 1064 nm CW laser is above the InP bandgap.

Another lasing metric is the carrier lifetime. A cavity is excited with our ~30 ps pump pulse,
and then the carriers within it decay over time, emitting light. Time-correlated single-photon
counting can be employed to measure when these photons are emitted and detected with a
Single Photon Detector (SPD) (see Fig. 3.3) and give an idea of how long it takes the cavity to
de-excite.[192:156] Fig 3.9 b shows the main effect of interest — the lifetime of the QW microdisk
emission shortens as we go to higher powers and it begins to lase. Its carriers are being de-excited
more quickly by the stimulated emission.

While it is a good performance indicator that we can see the shortening at room temperature,
this measurement is generally hard to scale and interpret further. Multiple factors like non-
radiative recombination can influence the time-resolved behaviour, it is tricky to get enough
signal to overcome the SPD noise floor, and the resolution is limited both by the length and
shape of the pump pulse and the intrinsic time resolution of the setup (~50 ps). Nevertheless,

the PL lifetime below threshold for the QW devices appears to be shorter than for similar InP
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FIGURE 3.9: Other potential lasing-based fabrication diagnostics. a Lasing thresholds of disk devices
on two chips under CW illumination. With no time to dissipate heat between pump laser pulses, this
test can be a more direct measurement of the non-radiative recombination losses, and the thermal
energy dissipation efficiency from the active medium. b Carrier lifetime measurements show how
quickly the pulse-excited carriers decay in a laser. Stimulated emission results in the carriers decaying
faster, which can be seen as the pump power is increased.

nanolasers,®¥ likely indicating efficient carrier recombination. The lifetime above threshold is

similar, likely due to the SPD resolution limit.

Conclusions

After a successful fabrication study in Chapter 2, this chapter validates the optimised
fabrication methods for lasing applications. Our disk devices lase well, and lasing threshold
was demonstrated to be a good indicator of device performance, informing several fabrication
decisions. The studies shown here have thus enabled me to optimise the etching process while

keeping our end goal in mind — semiconductor network lasers.



Chapter 4

Semiconductor network lasers

Figures 4.1 and 4.11, parts of Fig. 4.5, as well as the related analysis, were adapted from the following
publication, to which I contributed fabrication work, and some of the measurements:

D. Saxena,* A. Fischer,* J. Dranczewski, W. K. Ng, N. V. Trivino, H. Schmid, T. V. Raziman,
A. Arnaudon, M. Barahona, O. Hess, K. Moselund, R. Sapienza, “Designed Semiconductor Network
Random Lasers,” Laser & Photonics Reviews, vol. 19, no. 1, p. 2400623, 2025. [CC BY 4.0]

Figures 4.6 and 4.9, as well as parts of the relevant analysis, are based on simulation and theoretical
work by T. V. Raziman, and adapted from the following publication:

J. Dranczewski,* W. K. Ng,* A. Fischer,* T. V. Raziman, D. Saxena, T. Farchy, K. Stenning, J. Peters,
H. Schmid, W. R. Branford, M. Barahona, K. Moselund, R. Sapienza, J. C. Gartside, “Retinomorphic
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Machine Vision in a Network Laser,” arXiv, Aug. 2024. [manuscript in review/

*Authors contributed equally.

Abstract

Having established fabrication processes, and tested lasing from simple microdisk devices, we
can now move on to studying the main system of interest in this thesis. This chapter demonstrates
lasing from semiconductor network lasers and explores the physics behind it. We see that the
spectra from these devices are highly complex, with many overlapping modes existing in different
regions of the network. The conditions in which these modes arise is studied, looking at the losses
at network nodes, and their dependence on waveguide width. We study the modes directly as well,
observing their extent in simulation and experimentally. Facets of system non-linearity (relevant
to the neuromorphic application) are studied, introducing the concept of mode competition to
explain complex mode behaviours. Finally we test the sensitivity, stability, and flexibility of

network lasers, bearing in mind their intended application.
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CHAPTER 4. SEMICONDUCTOR NETWORK LASERS

4.1 System introduction

In Chapter 1, I have introduced the idea of network lasers — a random lasing platform
where light travels through labyrinths of waveguides and is somewhat confined through multiple
scattering at the nodes between them. As introduced in that chapter, the polymer-based platform
the networks have been previously demonstrated on%6% has disadvantages, like the lack of
control over the device shape and bleaching of the dye used for gain. Creating a similar system
on a semiconductor platform could help resolve these. Having explored III-V fabrication in
Chapter 2 and the principles of semiconductor lasing in Chapter 3, we are now ready to realise

the network laser systems in DWB InP.

Fig. 4.1 shows an overview of a realised device, with Fig. 4.1 a showing an SEM image
of a fabricated network. The edges of the lithographically-patterned graph correspond to the
boundaries of a Voronoi diagram’s regions for an assembly of semi-random points (where each
region is the area where a specific seed point is the closest one). This generation method, as well
as some potential alternatives, is discussed in more detail in Section 4.3.2.

Photonic modes in the network are formed by constructive interference across many paths[®?

as light is guided through the waveguides, and scatters between them many times at the network
nodes (see Fig. 4.1 b). An example of a simulated mode is overlaid in Fig. 4.1 a.

Below the lasing threshold, a network will emit light uniformly from all the edges through
spontaneous emission. Above threshold spontaneous emission takes over and most of the light is
emitted into the network modes, and thus along the waveguides. A lasing network emission is
thus mostly from the nodes where waveguides meet!% (see the right inset of Fig. 4.1 ¢ and cf.
Fig. 1.5 ¢), as that is where the light from the waveguides scatters out.

We can collect the scattered light and measure it through a spectrometer to obtain a lasing
spectrum, as seen in Fig. 4.1 c. The one shown here is only from a section of the network, as the
spectrometer input is cut with a slit to improve spectral resolution. Nevertheless, we can see
that the spectrum is very complex, with many different lasing modes present above the normally
broad photoluminescence (PL) of InP. These suffer from the spectral broadening characteristic
of InP (as outlined in Section 3.3), with the effect of chirping likely even more pronounced than
before — a 225 fs pump pulse is used here, in contrast to the ~30 ps one used for the microdisks
(Appendix Fig, B.2 briefly explores the peaks narrowing when a longer pump pulse is used).
This does make the specific lasing peaks more difficult to tell apart compared to the forest of

sharp peaks characteristic of the polymer-and-dye-based networks.[%3 The left inset of Fig. 4.1 ¢
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shows a clear ‘S’ shape of the LL curve, indicating a lasing onset at a threshold pump fluence of

60 1J cm 2 pulse !, further proving that the system is lasing.
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FIGURE 4.1: InP Semiconductor lasing networks overview. a SEM image of a fabricated InP network
with 50 pm diameter and 2 pm average link length. An example of a simulated network mode profile
is superimposed over the network image. b Each link of the network is a waveguide, as illustrated in
the top panel. The light travels through the active material similar to an optical fibre — a simulated
optical mode cross section if shown in the illustration. At the waveguide joints (SEM in the bottom
panel), light scatters into adjacent waveguides. ¢ Lasing spectrum from a section of the network
(defined by a spectrometer slit) as the pump fluence is increased. Left inset shows the integrated
intensity, showing a clear threshold characteristic of lasing. Right inset is a far field image, illustrating
the guided light outcoupling at the graph nodes where waveguides join.

Fig. 4.2 shows an illustration of the experimental setup used to obtain the results above
and in the rest of this chapter. It is similar in principle to the one shown in Fig. 3.3 but has
additional capabilities for shaping the pump beam and for measuring the emitted light.

The pump laser is a 1030 nm 225 fs pulsed system with a repetition rate of up to 100 kHz. An
Optical Parametric Amplifier (OPA) is used to convert this light to 633 nm (chosen to match the
wavelength of a HeNe alignment laser), which is below the InP bandgap and can thus be used
for pumping. The pulse energy is controlled by a variable neutral density (ND) filter mounted
on a moving stage. Removable mirrors redirect the pump to an optional beam-shaping path,
where the beam gets expanded, and hits a Digital Micromirror Device (DMD)!®7) — a mechanism
consisting of 1280 by 800 microscopic square mirrors, which can be individually tilted between
two orientations using electrostatic forces. This is the basis of the technology used in projectors,
and allows us to discard selected parts of the beam to form black and white images out of it.
The beam is expanded to a size greater than the DMD, so we can assume that the intensity
across the device is approximately uniform. A series of lenses is used to project the resulting
image from the DMD plane to the sample plane.

The sample is mounted on a moving XY7Z stage, allowing for alignment, as well as automatic
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FIGURE 4.2: Diagram of the optical setup used for the lasing network investigation. The Digital
Micromirror Device (DMD) can be inserted into the beam path using removable mirrors. The white
light path is used for imaging and alignment and can be removed for measurement.

stabilisation for longer measurements. Removable mirrors allow us to insert a white light path,
which shows the sample, pump, and signal on a camera, and allows for imaging and alignment.

For spectral measurements, a spectrometer is used to diffract the emitted light as before.
Notably, a 2D charge-coupled device (CCD) camera is used instead of a line array, meaning that
we are able to capture images that preserve one spatial axis (the vertical ‘y’ axis) that is not
diffracted. I will refer to these as hyperspectra, to contrast with the 1D spectra seen before. A
notable limitation of this approach is that our light sources (the networks) are extended in space,
and so the diffracted axis (‘x’) will not in general correspond purely to wavelength — that is only
true for point sources. For example, the emission from the left side of the network will be shifted
slightly to the left of the camera’s x axis, and thus its ‘wavelength’ reading biased. For any
measurements where knowing the exact emission wavelength is important (like Fig. 4.1 ¢) we
thus introduce a removable slit in front of the spectrometer. The image from the sample plane is
projected onto the narrow slit, and thus cut into a ‘point source’ along the x axis, negating any
spatial smearing. The drawback of this is that we only see the signal from a narrow slice of the
network defined by the slit, and so for most measurements where the precise wavelength is not
critical we remove the slit and accept some spatial information being mixed into the wavelength
axis.

Armed with a detailed understanding of the experimental conditions, let us now have a closer
look at the spectral features of a lasing network. Fig. 4.3 a shows a full hyperspectrum from a

bigger, 150 pm-diameter lasing network. This one is taken with the slit removed, and we can see
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that the spectral landscape is exceedingly complex — many broad peaks coming from spatially
extended regions blend together to create a non-uniform blur of features across the InP gain

spectrum.

Thanks to the spatial axis of the camera, we can look at specific ‘cuts’ of the network in the
y direction, shown in Fig. 4.3 b. We can see the individual lasing peaks more clearly here, but
each row of pixels will still be a mix of the output from many different nodes of the network,
and so the spectra are still mostly a Gaussian-shaped collection of many peaks. To go a layer
deeper, we can insert the slit in front of the spectrometer to constrain the x axis to a specific
vertical slice of the device. This way we constrain both spatial axes — x with the slit, and y with
the chosen camera row. The lens that projects the image onto the slit is mounted on a moving
stage (see Fig. 4.2), and so we can change which slice of the image goes into the spectrometer,

and thus select specific points of the sample to measure spectra from.

Fig. 4.3 ¢ shows the spectra from three selected nodes of the network (the inset highlights
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FIGURE 4.3: The spectra measured from the network lasers are complex and intermixed. a A hyper-
spectrum emission from an InP lasing network 150 pm in diameter, with 350 nm wide waveguides.
The image is diffracted along the x axis. b Three slices through a, indicated with horizontal lines in
the hyperspectrum. The peaks in the spectrum are wide, and mix together to create a very broad
lasing feature. ¢ We can focus on specific network nodes to see the spectra more clearly. Here, three
nodes are chosen, and their spectra overlaid. The node locations are shown on a far-field image in
the inset, obtained by summing over the spectral axis of the slit-scan data. The shape of the network
is overlaid in grey. A forest of broad, overlapping modes is seen, with each node supporting many
modes, and each node’s emission being significantly different from the others.
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them on a far-field image). The individual peaks can be seen more clearly, showing that dozens
of modes pass through each node, closely-spaced in wavelength. The modes are also spatially
constrained (they do not span the entire network) and so the mode landscapes in different regions
of the laser will be completely different.

This illustrates how complex and rich a system the random lasing network is. The network
studied here has over 650 nodes, and each outputs a forest of modes at different intensities and
wavelengths, with each mode spanning across many nodes and edges. The ability to pattern the
pump beam allows us to influence these dynamics too, delivering more or less gain to different
regions of the network, which can have drastic effects on the mode landscape within.[%%] The rest

of this chapter explores these complex dynamics and the principles behind them.

4.2 The Physics of network lasers

4.2.1 Transport within the network and coupling between the waveguides

We understand from Chapter 3 that lasing requires amplification and confinement. The
source of amplification in our semiconductor networks is much the same as in the microdisks
explored in that chapter — the device itself is made out of amplifying medium, InP in this case.
Again similarly to microdisks, the device itself is also the source of confinement — in this case
through multiple scattering at the network nodes, which keeps the light somewhat trapped in
the labyrinth of the network. This scattering is unfortunately imperfect, and thus also the main
source of losses in the network lasers. In this section I will explore these losses and outline some
ways in which they can be minimised.

The impact of node shape on inter-waveguide coupling can be seen qualitatively in Fig. 4.4.
Light above the material bandgap is coupled into a waveguide using a fibre coupler (illustrated in
Fig. 4.4 a) and delivered to a system of network waveguides without amplification or absorption.
Fig. 4.4 b and ¢ compare how the light is transported through the network for two kinds of
junctions.

First, a network similar in shape to the old electrospun polymer platform is studied in
Fig. 4.4 b. Here, all nodes have a degree of four (the node is connected to 4 other nodes) as
the nodes are formed from two long waveguides overlapping at a random angle, imitating fibres
deposited through electrospinning. The losses at each node are comparatively low, but that is
because for each node there exists a preferred, low-loss path forward, and the scattering to the

sides is reduced. The light thus traverses deep into the network, but mostly along a smaller
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number of straight paths.

Fig. 4.4 ¢ shows the new, Voronoi-based network topology. The degree of each node here is
three, and there is not a preferred path forward — the light has to scatter sideways to proceed.
This leads to a wide spread of paths the light can take, but also higher losses. Unamplified light
travels only a couple of nodes away from the input before being completely lost. We can thus see
that the topology we choose for the network can impact the amount of loss, but also the kind of

preferred travel paths for the light within.

Light

input
Optical
fibre

Light guided
in waveguide

\

Grating Adiabatic
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FIGURE 4.4: Studying light transport within the networks. a A schematic of the setup used to couple
light into the waveguides for this test. Light is delivered through an optical fibre, coupled in from free
space using a grating, and then delivered into a waveguide with an adiabatic taper.[!%8] b Scattered
light collected in the far field from a network design based on the electrospun platform. ¢ Scattering
from a network of the new, Voronoi-based design.

We can turn to simulations to understand the guiding and coupling of light within the
network better. Initial FDTD simulations indicated that wide, lower height waveguides have
lower scattering losses at nodes than narrow, tall waveguides,'®”) which worked well with the
~120nm thick bonded InP wafers we had at the time. The rest of this study assumes a 125 nm
layer of InP and varies the waveguide width.

Fig. 4.5 a shows a series of Finite Difference Figenmode (FDE) solver[199:161] simulations
of the guided modes in waveguides of varying widths, sorted by their effective refractive index.
The evolution of this effective index, as well as mode profiles for a more granular range of
waveguide widths, can be seen in Appendix Fig. B.3. 350 nm waveguides primarily support
one Transverse Electric (TE) mode with low losses (TE0). As the waveguide width grows,

the double-barrelled TE1 mode becomes better-supported, swapping places with the dominant
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Transverse Magnetic (TM) mode (TMO0). While we were initially aiming for single-mode operation,
which would better match the assumptions of our network mode simulation framework netSALT
(discussed in Section 4.2.2), the substrate introduces anisotropy in the waveguide geometry and

[162]

lifts mode degeneracy, and so the waveguides are multimode at all widths.

The mode shape becomes relevant once we look at the scattering patterns at the network nodes.
We model a symmetric Y branch (degree 3 nodes with 120° angle between links) as depicted in
Fig. 4.5 b and calculate the mode transmission using FDTD simulations (this simulation was
performed by Dhruv Saxena). The transmitted mode power from one link into adjoining links
at the node is split into all available guided modes (the ones simulated above). This can be
seen in the field cross-section profiles in Fig. 4.5 b, where the field in adjoining links is not the
same as that in the injecting link. The TEO mode looses most of its field as it scatters, but the
double-barrelled TE1 mode in the 450 nm waveguide intuitively ‘splits’ across the two branches,
resulting in higher transmission. Ref. [159] contains a detailed study of transmission values and

inter-mode coupling at a junction of this kind.

The practical implications of this width-dependent scattering can be seen in the thresholds of
networks with different waveguide widths. Fig. 4.5 ¢ compares the LL curves for two networks of

the same topology but 350 nm or 450 nm wide waveguides. The scattering losses are lower for the
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FIGURE 4.5: Waveguiding and waveguide coupling within the network. a Supported mode profiles
inside of waveguides with different widths, sorted left to right by their effective refractive index,
simulated with a FDE solver for light at 880 nm. b Behaviour of light at a waveguide junction
simulated with a FDTD solver.l'>4) ¢ The lower losses at waveguide junctions result in a lower
lasing threshold for the entire device, illustrated here by LL curves for two networks with the same
topology, but different waveguide widths. d The hyperspectra for the two waveguide widths at 150%
the threshold pump fluence are qualitatively different.
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450 nm variant, which results in a significantly lower threshold pump fluence. This experimental
relationship holds across network topologies.[lf’g}

Fig. 4.5 d compares the hyperspectral output from the networks at the two studied waveguide
widths. The spectrum from the wider waveguides is notably narrower, and this is not entirely
due to the increased blueshift at higher powers, as the relative narrowing persists when the
pump fluence is comparable between the networks. The exact mechanism of this narrowing is
not currently understood — the multi-modal nature of the waveguides could be changing the way
the modes are established through multiple scattering, it could be a thermal effect due to the
larger gain volume of the wider waveguides, or perhaps better node coupling allows for higher Q
factor modes, which dominate the spectrum.

An additional source of losses that I have not considered here is the imperfect confinement
of light within a single waveguide. Some losses will indeed arise as light is guided along, and
the confinement factor as a function of width is simulated in Ref. [159] for our system. These
losses are fairly constant though, and significantly smaller than those at the nodes. I have
experimentally tested the guiding of light through etched waveguides around a millimetre in
length, and no significant inefficiency was apparent even at that scale. Nevertheless, further
optimisation of waveguide sidewall quality is a potential direction of study, especially in terms of
reducing device degradation under prolonged illumination.

For the rest of this thesis most of the measurements shown will be from network lasers that
use waveguides 350 nm wide. These were chosen in the end because they seemed to perform well
for our application, had a very broad and rich spectrum, and the dominant TEQ mode matched
better with the assumptions made when simulating network modes. Despite the high losses at
the nodes, the networks still support modes that are localised and coherent over long distances,
and I will explore that more in the upcoming sections. The node shape and waveguide attributes
remain very interesting parameters that could be tuned to obtain devices with lower thresholds,

and thus reduced power requirements and less thermal degradation.

4.2.2 Lasing modes within a random laser

We have established the large number of lasing modes that a network laser can support (cf.
Fig. 4.3). Let us now explore some tools to understand the nature of these modes better, first
through theory, then through experiment.

NetSALTI03,65.163] g o simulation suite which we can use to analyse the lasing network.

First, the network is treated as a graph, and wave equations are solved along the graph’s
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edges to establish the light modes that the structure supports passively (see the Supplementary
Information of Ref. [63] and Ref. [65] for a detailed treatment). Then, the evolution of the modes
in the complex k = k, + ik; (wavenumber) plane is computer and tracked under the steady-state

ab initio (SALT) approximation!66:164)

as the pump power is increased (see the Supplementary
Information of Ref. [65] for details). The passive modes start with negative k; values (indicating
the mode is lossy), but at higher pump powers some of them will reach positive k;, indicating
lasing.

Fig. 4.6 shows electric field intensities for three network modes simulated with netSALT by
T.V. Raziman. The modes are localised to different areas of the network, with each predicted to
span many links. The full simulation predicts 239 passive modes, with at least 172 lasing, and
the degree of localisation varies between them. The first important takeaway is that this system
will lase as a complex whole, rather than a set of independently lasing Fabry—Pérot cavities. The
modes are also predicted to overlap spatially, which would not matter in a linear system, where

light waves do not interact with each other, but matters a lot in a non-linear system, where

lasing modes can deplete the available gain. This will be discussed in detail in Section 4.2.3.
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FIGURE 4.6: A selection of 3 passive modes for a 50 pm lasing network, simulated using the netSALT
software. The complex wavenumber is given, indicating the mode wavelength and passive losses.

While netSALT predicts many lasing modes that span large areas of the network, it does
not currently take into account light losses at the nodes, which we have seen play a large role in
Section 4.2.1. Supporting these large modes requires long-range coherence for the phase matching
conditions to be met, and we have seen that unamplified light is lost after only a few waveguide
junctions. The amplification from InP should enable coherent light to travel much further, but
we would like to experimentally see these large modes to prove that this is indeed the case.

For this test we turn to the slit-scan technique used to obtain emission from specific nodes
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back in Fig. 4.3. By shifting a lens immediately in front of the spectrometer slit, I could acquire a
spectrally-resolved series of images corresponding to each slice of the network. From these, I have
extracted a spectrum for each of the network nodes (like the three nodes shown in Fig. 4.3 c)
and identified the lasing peaks within it. I then went through all pairs of spectra for nodes joined
by a waveguide and matched up the peaks that I believed corresponded to the same lasing mode.
Going edge by edge and matching the corresponding peaks, one can build up a sub-graph of all
peaks belonging to that mode. This assumes that the nodes are contiguous — if the network
emits light at a similar wavelength at two locations in the network, but nowhere in between, 1
assume these to be separate modes, as there can be no phase matching if light at that wavelength
does not travel between the regions. Each of the resulting sub-graphs within the lasing network
graph thus corresponds to a contiguous region of nodes that emit light at a similar wavelength.

A selection of these is shown in Fig. 4.7.
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FIGURE 4.7: Selected mode profiles measured from a 150 pm lasing network. a-h Nodes where signal
from the chosen mode is seen, with circle opacity corresponding to the measured intensity of the
mode at the node. i Intensities of the nodes highlighted on the left plotted in terms of wavelength,
showing the A separation between overlapping modes (like ¢ and g).

There are some caveats to note here: the peaks are generally difficult to analyse and pair up,
as they are broad, often close together, and varying blueshift plus experimental uncertainty can
make it difficult to discern which mode a particular peak belongs to. The investigation yielded
over 200 potential ‘modes’, but care needs to be taken when analysing them, as some of these
could be multiple modes joined together, and some could be one mode accidentally split apart.
This data also only shows where the mode outcouples, and not necessarily its phase-matched

path — the outcoupling is likely to come from a larger area as the mode randomly scatters into
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neighbouring waveguides.

We can still draw some interesting conclusions from the data. First of all, it is clear that
despite the high scattering losses and short unamplified transport, long-distance coupling prevails
when light is amplified, with modes spanning large regions of the 150 pm network. The degree of
localisation varies, with modes like f spanning only a couple of links, and modes like c, e, and g
going nearly edge to edge. Different modes are localised throughout the network, including at
the edges like h. The losses from the waveguides ending there may be higher than in the middle
(where d, the strongest mode, lives), but modes are still supported. Finally, multiple modes at
different wavelengths can clearly co-exist in the same region, sometimes with a little overlap (like
a and b), and sometimes with a lot of overlap (like ¢ and g).

For further detail on mode localisation, Ref. [159] contains an independent experimental
treatment that also verifies that the waveguides are lasing as a system rather than a collection of

small cavities.

4.2.3 Lasing mode competition

When multiple modes exist in the same area, they will all try to antagonistically use up the
available gain for their own stimulated emission.!!6%1%5] We refer to this as mode competition.
This can result in highly non-linear behaviour, as stronger modes can suppress the weaker ones,
and the weak modes dying frees up more gain that can further enhance lasing from others.

An experimental illustration of the complex dynamics that arise is shown in Fig. 4.8. As the
pump power delivered to the laser grows, additional modes can reach threshold, upsetting the
existing mode balance. As a result, we see specific spectral regions of the hyperspectrum plateau
or even decrease in intensity, sometimes multiple times at varying rates. This is in stark contrast
to the usual linear relationship of lasing output with the input power. Each mode will have a
slightly different non-linear behaviour, coupled in a non-trivial way to the modes that it shares
physical space and gain with.

The netSALT model introduced in Section 4.2.2 includes the competition between spatially-
overlapping lasing modes and so we can use it to probe this dynamic further. Specifically, we will
see how delivering more or less gain to specific regions of the network can enhance or suppress
the modes in that region, and the implications this has for the rest of the network.

Fig. 4.9 a shows three simulated spectra of a lasing network (simulations performed by T.V.
Raziman). The spectra correspond to three illumination patterns: uniform illumination (‘full’),

horizontal edge (‘right’) and vertical edge (‘top’) (shown in Fig. 4.9 b). We will focus on three
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FIGURE 4.8: Modes in a network laser behave non-linearly. a Intensity changes for selected hyper-
spectral regions as the pump fluence increases. The region positions along the spectral axis were
compensated for blueshift at each power. The intensities behave non-linearly, exhibiting different
thresholds, and different evolutions beyond the threshold. b A map of the chosen hyperspectral
regions at the highest pump fluence.

specific modes, labelled A, B, and C, identified in figure 4.9 a by dashed vertical lines. The
profiles of these modes were previously seen in Fig. 4.6, and are reproduced at the bottom of

Fig. 4.9 c for reference.

Fig. 4.9 ¢ shows the lasing intensity of the three modes under ‘full’; ‘right’ and ‘top’ illumination
patterns. Under full illumination, mode B shows the highest intensity, while mode C does not
lase at all, as it falls below the lasing threshold. Mode B is mostly localised in the top area
of the network though, so under ‘right’ illumination it looses a lot of its gain and stops lasing.
Mode C, which overlaps B spatially, can use the gain freed up by it and go above threshold
for this illumination. For a ‘top’ edge illumination mode C once again disappears, with the
competition between A and B playing out differently than under ‘full’ illumination — mode A is

now much stronger.

Notably, some of the modes lase more strongly under partial illumination than under full
illumination. This is unusual, and a sign that the mode competition influences the behaviour of
the network strongly — we put less energy in the system overall, but get more output from some
parts of it. This strong preference of certain modes for specific projection patterns will become

relevant in Chapter 5, where we use it for feature detection in a machine learning scheme.
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FIGURE 4.9: The principle of mode competition. a Lasing spectra of a 50 um diameter network under
three illumination patterns, simulated with netSALT. The wavelengths of three modes (A, B, and C)
are highlighted with dashed lines. b The three illumination patterns overlaid on the shape of the
network. ¢ The intensity of the modes ABC under the three illumination patterns. Mode shapes
from Fig. 4.6 are reproduced below for reference. The illumination shape changes the intensity of the
modes, with some decreasing intuitively with respect to their full illumination intensity (highlighted
with a black dot), but some increasing under partial illumination.

4.2.4 Long-distance coupling and disturbing it

We have seen that changing the illumination pattern in one network region can influence the
modes in a different region through mode competition, and that there is long-range coherence in
the network as the modes are spatially extended. But how far does this coupling extend, and
can we understand it better by disturbing it?

Fig. 4.10 shows an experimental study where the top half of the network is constantly
illuminated, but the illumination of the bottom half varies from fully illuminated to illumination
under the lasing threshold. The spectrum of the top half of the network is shown in the top row
of Fig. 4.10 b, and we can see that it changes as the illumination of the bottom half goes from
‘on’ to ‘off’, with some parts of the spectrum being enhanced, and some suppressed. We can also
tune the illumination of a separator region between the top and bottom halves of the network,
and observe how the magnitude of the coupling (bottom row of Fig. 4.10 b) increases as we give
that region more gain.

This shows that there is long-range coupling in the network, with the bottom half influencing
the top half, but also that we can shape and suppress that coupling in part thanks to the high
losses at the network nodes and in the unpumped material. The high losses make patterned

illumination impact the viability of specific lasing modes significantly, and this impact is then
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FIGURE 4.10: Losses disturbing long-range coupling in a 150 pm diameter network. a Illustration
of the illumination layout for this experiment. The top section of the network is fully illuminated,
the bottom half is switched from full illumination to below threshold (‘off’). The middle section
is smoothly tuned from ‘off’ to fully illuminated. b A spectrum is collected from the top half of
the network only. The emission from the top half changes as the illumination of the bottom of the
network switches from ‘off” to ‘on’ (top row). The magnitude of this change (bottom row) increases
as the separator section brightness raises, showing improved coupling.

further amplified by mode competition interactions. Depending on the desired application, one
may thus want to tune the network topology to magnify losses, increasing the impact of the

pump’s shape on device dynamics, or decrease the losses to promote long-distance cross-talk.

4.3 Application considerations

4.3.1 Sensitivity and resilience

The spectrum of a network laser is extremely sensitive to the illumination pattern thanks
to the long-distance mode competition discussed in this chapter, as well as effects like mode
reshaping.[®) This kind of sensitivity can be used to create a tunable multi-peak laser, %] sensitive
detectors, signal processing, or for machine learning applications (as discussed in Chapter 5).
Fig. 4.11 a shows an example of this sensitivity for a more complex image. Pumping the network
with a spatially slightly different pump beam can be seen to highly influence the emission
spectrum.

For a real application, the output of the laser has to be not only sensitive, but also stable over
time. The InP network lasers show a high degree of stability towards degradation, explored in

Fig. 4.11 b-d. We studied the lasing stability of a network with 150 pm diameter, 7 pm average



CHAPTER 4. SEMICONDUCTOR NETWORK LASERS

link length, and 550 nm waveguide width under prolonged pumping. The network was pumped
continuously with a 633 nm, 225 fs-pulsed laser at 100 kHz for 1.5 hours, and spectra were acquired
every 5 seconds. Total emission intensity of these spectra decreased only slightly (~20 %) over
4.5 x 10® pump pulses (Fig. 4.11 b). The lasing threshold of the device only increased by 3 %
after performing this intense pumping regime, indicating little permanent damage (Fig. 4.11 c),

and the shape of the spectrum remains similar (Fig. 4.11 d).
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FIGURE 4.11: Spectral sensitivity and emission stability of InP network lasers. a Pumping a 150 pm
diameter, 550 nm waveguide width network with different spatial patterns: full circle (grey), happy
face (purple), and sad face (blue) strongly affects the emission spectra (taken with slit inserted).
b The emission intensity of the network over many excitation pulses. The total emission intensity
decreases by 20% over 4.5 x 10% excitation pulses. The device was pumped continuously with a 100
kHz laser and a spectrum was acquired every 5 s. ¢ LL curves and d spectra of the network before
and after the stability test in b. The threshold and spectrum remain comparable after the prolonged
illumination.

Our InP network laser is thus much more stable than polymer-based devices, and a fitting
platform for the machine learning experiments coming up in Chapter 5, which require the system

to be illuminated for many hours or days at a time.

4.3.2 Network design and topology

One of the core benefits of this new DWB network laser platform is that the networks are
freely designable. Controlling the shape of the network could let us tune the spatial overlap and
mode extent and thus the degree of coupling and non-linearity, reduce the losses in the system,
and chose exactly how we break the symmetry of the cavity.

The Voronoi networks used throughout this thesis were chosen as a reasonable starting point.

They start off as a regular (square or hexagonal) grid of seed points, which are then displaced
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randomly. This avoids clustering of points (inherent to completely random point allocation),
resulting in semi-uniform waveguide lengths. A Voronoi diagram is then generated for the points
— this is a space partition, where each cell consists of the areas of a plane which have the same
nearest random seed point. We then crop the Voronoi diagram to the desired network diameter,
and the edges between the diagram’s cells become our waveguides.

This approach has several advantages. Each node consists of exactly three waveguides joining,
the angles between them tend to not be extreme, and the degree of disorder and waveguide
lengths can be smoothly controlled by tuning the original point distribution. Changing the
random generator’s seed parameter also allows us to create sets of networks with similar overall
properties but different waveguide arrangements. The main disadvantage of this design are the
high losses at waveguide junctions discussed in Section 4.2.1.

Other network designs are a very interesting area of potential exploration. We have generated
networks with varying degrees of disorder to study the impact of complexity on the lasing, networks
with a fixed node shape but varying edge lengths to minimise losses, networks that match the
polymer-based platform shape better, and variants that explore the boundary conditions at
the network’s edges. Fig. 4.12 shows that networks fabricated based on various designs do lase

reliably, proving the high flexibility of this platform. There is thus much left to explore in terms

of geometries that may work better for specific tasks and applications.

FIGURE 4.12: Far-field images of the lasing emission from four examples of network topologies,
demonstrating that working network lasers can have a large variety of shapes. The bottom row shows
the computer-aided design for the devices above. Emission is primarily from the network nodes,
which is characteristic of lasing.[®3] a Delaunay triangulation of semi-regular points. b Voronoi graph
with a square border. ¢ Randomly oriented lines designed to imitate the electrospun polymer-based
networks.[% d A design based on the ‘hat’ aperiodic monotile. 166!
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Conclusions

This chapter shows network lasers to be a complex, highly non-linear system. We demonstrate
that there is a high number of spatially-extended, overlapping modes that they can support,
and that these modes interact with each other, and respond to patterned illumination in highly
non-linear ways. We show that losses and mode competition play a role in shaping the behaviour
of the system. Finally, we demonstrate that the networks are resilient to long-term illumination,
and can lase while having wildly varying topologies. Together, these features make them a
promising platform for neuromorphic computing, and I shall explore this application of the

network’s physics in the next chapter.



Chapter 5

Neuromorphic computing with
network lasers

For the work presented in this chapter I have contributed most measurements, development of the
experimental edge detection concept, and parts of the data analysis with assistance from J. C. Gartside.
Most figures in this section, as well as parts of the relevant discussion, are adapted from the following
publication, plotting for which has been done by me, A. Fischer, and W. K. Ng:

J. Dranczewski,* W. K. Ng,* A. Fischer,* T. V. Raziman, D. Saxena, T. Farchy, K. Stenning, J. Peters,
H. Schmid, W. R. Branford, M. Barahona, K. Moselund, R. Sapienza, J. C. Gartside, “Retinomorphic

i

Machine Vision in a Network Laser,” arXiv, Aug. 2024. [manuscript in review/

*Authors contributed equally.

Abstract

Semiconductor network lasers are compact, highly non-linear systems. We thus believe that
they can provide potential solutions to the problems of neuromorphic photonics, and in this
chapter I will explore their application to a number of computational tasks. First, feature
detection is demonstrated, a task closely matching the mode competition dynamics within the
laser. We detect black and white image edges by scanning a small window of it across the
network and observing mode ‘activation’, where specific spectral regions lase more strongly than
under full illumination. A feature detection dataset also allows us to experimentally demonstrate
suppressive mode action, and thus negative weights. Next, we use the extreme learning machine
architecture to perform image classification, including MNIST (digits), Fashion MNIST (clothing),
and BreaKHis 400X (breast cancer histopathology). By combining feature detection and image

classification into a two layer, CNN-like scheme, we demonstrate further improved performance,
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especially when training data is scarce, and compare our results to purely digital benchmarks.

Finally, we explore a number of potential explanations for our strong neuromorphic performance.

5.1 Feature detection

Given the strong response of the networks to spatial patterning of the pump beam, the first
application I will explore is feature detection, where we project a simple image onto the network,
and are interested in whether that image is a ‘feature’ — for example a left or right edge of
a bright object. As introduced in Section 1.1, Convolutional Neural Networks (CNNs) are a
powerful neural network architecture for image processing which start with a number of feature
detection layers like this, using the process of convolution illustrated in Fig. 1.2 c.

The computational intensity of convolution makes it a strong target for physical hardware
implementations. Recent examples of convolutional hardware processing include memristor
arrays,3?l photonic integrated circuits,!** 167 gpiking VCSEL lasers,*”) and meta-surfaces.*!]
These schemes largely adopt the structure of software CNNs, implementing physical equivalents

of the linear matrix multiplications.

5.1.1 Lasing mode competition for convolution-like feature detection

We believe that the mode competition in our system maps to the challenge of feature detection
in an interesting way. In Section 4.2.3 we have seen that projecting specific patterns onto a
network laser can shape the mode competition such that modes that were previously weak can
now lase strongly. I will refer to a mode lasing more strongly than under full network illumination
as mode ‘activation’ Another distinction from the theoretical study is that we cannot directly
inspect the mode strengths within the laser, and so when referring to ‘modes’ in the experimental
context I mean regions of the hyperspectra produced by our spectrometer. These regions may
have multiple lasing modes mixed within them from different spatial regions along the x axis.

Fig. 5.1 shows how we can use this mode activation to experimentally detect features in an
image. Our example image, a photo of a cameraman, is shown in Fig. 5.1 a. We split it into 4x4
pixel windows (example shown in inset), similar to how a raster-scan in convolution sequentially
looks at small parts of the image (cf. Fig. 1.2 ¢). Three example image windows are displayed in
Fig. 5.1 b, shown with their respective network lasing spectra and mode intensities for six modes.
The lasing intensity changes for different illumination patterns — the overlap between the input

image shape and spatial mode profiles changes for different patterns, and the modes non-linearly
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compete with each other for the patterned gain. We observe that specific modes lase strongly
when a given image feature (e.g. a left or a right edge) is present, providing feature detection via
the lasing amplitude. Fig. 5.1 c illustrates this by showing the intensity of a selected mode when
image windows from different places in the cameraman picture are illuminated on the laser. In
fully dark areas the mode will produce no output (blue in the figure), and in fully white areas the
mode will be as bright as under full network illumination. We consider a feature ‘detected’ when
a mode ‘activates’ as defined above (highlighted red in the figure) — its intensity is higher for a
partial illumination than it would be under full illumination. By plotting a spatial intensity map
like Fig. 5.1 ¢ for all the modes in our hyperspectra, I was able to select a number of ‘feature
detecting’ modes that exhibit this activation behaviour. Figure Fig. 5.1 d shows activation maps
for six of the chosen modes, with different colours corresponding to the six modes indicated in

the hyperspectra in Fig. 5.1 b.

Image Lasing Mode

a Input image b yindows spectra intensities

c Specific mode's intensity

y position

=

No mode output

y position

Activation

Wavelength Full illumination

d Mode activation / feature maps mode intensity

FIGURE 5.1: Convolutional processing through a complex network laser. a The input image
(Ref. [168,169], CC BY-NC 4.0) is divided into small windows, each containing an NxN pixel slice of
the image (blue boxes in inset, here 4x4 pixels). b The image windows from « are binarised (see
Appendix Fig. B.4), and illuminated on the InP network. The corresponding hyperspectral output is
shown on the right, with mode intensities displayed as a bar chart for six feature-detecting lasing
modes. Mode amplitudes vary in response to the presence of different image features. ¢ We can
plot how a selected mode’s intensity varies for image windows taken from different locations of the
original image. Some image windows cause the mode to ‘activate’, with its output stronger under
partial illumination than under full illumination (highlighted here in red). d Plotting only the mode
activation from c gives us feature maps, indicating the regions of the image that the mode responds
to strongly. Six maps are shown here, for the modes indicated on the hyperspectra in b.
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A broad range of features is detected, with separate outputs for each feature provided by
the different spatial and spectral locations of the modes. The detection is done in parallel — a
single image window scan can produce multiple feature maps from different modes. This is in
contrast to CNNs and their physical implementations, which usually have to detect multiple
features through separate raster scans, and sometimes different hardware devices specific to a
given kernel.

Because the process is based on mode competition and lasing, it is also inherently non-linear,
with the modes corresponding to different features coupled with each other in complex ways.
This is quite unlike the independent, linear kernels of usual CNNs,[29 but is quite promising for
machine learning applications, where non-linear activation plays a crucial role. '8!

Fig. 5.2 explores this process in more detail, with Fig. 5.2 b showing how a hyperspectrum
from an example 17x17 partial patterned illumination (image inset) differs from that of a fully
illuminated network (Fig. 5.2 a). Most regions of the hyperspectrum are darker, but some are
‘activated’ — brighter than under full illumination, indicated in red.

Four modes are selected from the hyperspectra, with their intensities as the cameraman
image is scanned across the network plotted in Fig. 5.2 ¢. The modes highlight certain features
— bright-white edges can be seen in different locations depending on the selected mode. The
reference full illumination region is indicated with a star. We can see that the mode output is
brighter for the activated edges than in the fully illuminated (white) regions.

Fig. 5.2 d shows a combined activation map for the four modes selected here. Thanks to the
large size of the image windows we are working with here, an edge reaches different parts of the
network at multiple locations as it is swept across it. In this example, we see that the orange and
blue modes highlight similar edges but with some offset. This indicates that the detecting modes
are localised in different regions of the network, and activate at different times as the image is
swept across. We believe that it is thanks to this localisation that there is a strong coupling
between the structure of the input image and the hyperspectral output it produces.

The 17x17 image window used for the above study also illustrates the flexibility of our setup.
Hardware implementations of convolution are often fixed to process image windows and kernels
of a certain size, matching the number of interferometers in the system for example.*) We can
instead process image windows of near-arbitrary size, limited only by the resolution of our DMD
and the ‘resolution’ of the lasing network (the number of distinct edges and their distribution).

Fig. 5.3 showcases our capabilities across raster window sizes, illustrating the range of

high-to-low spatial frequency features detected as kernel size is increased. Using multiple kernel
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FIGURE 5.2: Exploring feature detection in detail. a Hyperspectrum of a 150 pm diameter network
under full illumination. This spectrum will be the reference point we compare the other hyperspectra
to. Its location in the raster scan is indicated with a star in ¢. b The difference between an example
partial illumination spectrum and the full illumination hyperspectrum (from a). This spectrum’s
location in the raster scan is indicated with a cross in c¢. Projected pattern in inset. ¢ Mode intensity
maps for the spectral regions indicated with rectangles in b when a 17x17 kernel is scanned across
the black and white version of the ‘cameraman’ test image seen in Fig. 5.1 a. d Combined activation
maps for the four modes from c.

sizes in CNNs has lead to state-of-the-art models!' 717! but is computationally expensive.[7

In our scheme, there is no additional computational cost to using larger raster windows, and
the freedom to choose their size could enable interesting multi-kernel-size architectures. Large
kernels have also been explored as a path to high performance in efficient networks,*”) and our

physical system is uniquely positioned to process these.

Fig. 5.3 also shows the results of our experimental scheme for colour image processing. Each
of the red, green, and blue (RGB) channels of the image is illuminated separately, and several
modes are selected per channel to create the composite maps shown in the figure. Each channel
can be seen picking up distinct features, like the red nose or the blue cheeks of the baboon,
which would be missed when considering only the intensity channel of an image. The separate
illuminations are necessary due to the black-and-white nature of the DMD, and the network not

being significantly sensitive to the wavelength of the pump light.
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a Input image B channel
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FIGURE 5.3: RGB edge detection capabilities across raster window dimensions. a The ‘baboon’ test
image used for this test (public domain). Small squares below the image represent the three sizes of
the raster window tested here. b Composite feature maps of the ‘baboon’ test image obtained with
4x4, 7x7, and 11x11 raster window sizes, combining multiple modes per RGB channel.

5.1.2 The 4x4 image library

While our feature extraction scheme is parallelised in the sense that multiple features can be
extracted at the same time, it still requires sequentially acquiring all of the raster scan windows.
Given current experimental constraints, we can only do this at a rate of around 10 Hz to 100 Hz.
A scan like these shown in Fig. 5.3 for a 256x246 image consists of 14 514 exposures (per colour
channel), taking a non-insignificant amount of time. Avenues for speeding up the measurement
further are discussed in Section 6.2.1, but for the purposes of our current research we wanted to
have a way to explore the feature detection mechanism of our network without needing to repeat
lengthy measurements for each image.

If we constrain ourselves to a 4x4 raster window and binary images (matching the binary
nature of the DMD), I have realised that there are only 65 536 possible images we would have to
illuminate. I could thus create a library of hyperspectra matching these images, and refer to
that to reconstruct experimental feature maps for arbitrary binary images digitally. Fig. 5.4 a
shows the mathematical principle of constructing all possible 4x4 black and white images — a
binary number is incremented one by one, and folded to a 4x4 grid to form the image. This gives
each 4x4 image a unique identification number too, making the look up of specific images in the
measurement data simple.

To select interesting modes out of this data, I have run the library look up on a test image of
the letters ‘CL’ (for ‘Complex Lasing’), shown in Fig. 5.4 d. The image was split into raster
windows like in the usual process, but instead of illuminating these on the laser, a hyperspectrum
from the library was assigned to each raster window. This produced an activation map for each

mode in the measured hyperspectra, and I could browse through these to select the ones that
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picked out relevant features (six examples shown in Fig. 5.4 d). Fig. 5.4 b shows the locations of
the 9 selected modes on the full illumination hyperspectrum taken from the library. This process
is also how the edge maps in Fig. 5.1 were generated.

Having a hyperspectrum for all possible 4x4 images also allows us to run statistical analysis
on the laser’s response to try to understand it better. To compare our physically-detected feature
maps against linear matrix kernel filters as used in software CNNs, I have extracted effective
kernel filters for our modes via least-squares fitting between the library’s input images and the
measured mode intensity. These are shown in Fig. 5.4 c. The fits tell us which pixels enhance
and which suppress a specific mode — it is notable that turning some of the pixels on actually
suppresses mode output, as generating negative weights is generally challenging in neuromorphic
hardware. We can compare the fitted kernels to the activation maps shown in Fig. 5.4 d to intuit
how a specific edge of an image may lead to the mode output being increased or decreased (with

a notable limitation that no patterned illumination can produce less lasing than a fully dark
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FIGURE 5.4: The 4x4 image library. a A selection of 4x4 black and white images, illustrating the
method used to generate all possible variants. All of these images were projected onto a 150 pm
lasing network, and the corresponding spectra were saved. b A full illumination spectrum from
the library with selected ‘mode’ locations overlaid. These were chosen because they activate for
relevant image features (edges for this investigation). ¢ 4x4 kernels approximating 6 of the modes
indicated in b, obtained by fitting to the experimental mode intensities. d Mode feature maps can
be constructed for arbitrary black-and-white images by matching 4x4 raster scans of the image to
the library. 6 mode maps of an image showing the letters ‘CL’ (for ‘Complex Lasing’) are shown,
demonstrating that we capture all edges of the image. See Appendix Fig. B.5 ¢ for activation maps
of all modes.
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image, where no output is seen).

An R? fitting score is shown under each kernel in Fig. 5.4 c. A software convolution is a
linear process, and thus a similar fit applied to it would produce R? values equal to or slightly
below 1 — this is demonstrated in the Appendix Fig. B.6, including for data with random noise
added in. The kernels extracted from our experimental data have R? values of 0.628 to 0.946,
indicating that aspects of the physical feature detection process cannot be fully captured by a
linear description. As mentioned in Section 5.1.1, we believe this non-linearity in the feature
detection process to be exciting for machine learning applications.

Since we can run any image through the library lookup process, we can also study how
the selected modes react to features of our design. Fig. 5.5 shows an example of this, where 1
have generated an image of a rotating edge and processed it with the 4x4 library. The modes
can be seen responding to the edge angle fairly smoothly, with each having a range of angles
it responds to, and the full range of edge angles is covered by the selected modes. The ‘BW’
column corresponds to a binarised version of the mode activation maps, indicating what we
can illuminate on the black-and-white DMD, which will be relevant for the two-layer Machine
Learning (ML) scheme introduced in Section 5.3.

An image of white noise is also shown at the bottom of Fig. 5.5, aiming to test for false
positive activation of the modes. As we have seen with the fitted kernels in Fig. 5.4 ¢, the response
of the modes does not cleanly correspond to specific edges, and so some random activation is
present, with the intensity of this varying by mode. The false positive ratio is comparatively not
very high though, and does not appear to be a problem when processing real images.

The final column of Fig. 5.5 is a spectral mode, obtained as a region of the output spectrum,
calculated by summing the spatial dimension of the measured hyperspectra (see Appendix
Fig. B.5 b for the mode location). Spectral (instead of hyperspectral) modes would be a
promising direction for the system, as a line array read speed is much faster than that of a 2D
camera, but it appears that a lot of information is lost when we discard the spatial dimension,

and I was only able to identify this single spectral mode.
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FIGURE 5.5: Experimental feature maps for modes 0-9 from the 4x4 library for input images (left-most
column) of a range of rotated edges, and two white noise image inputs (bottom two rows). Each
mode has two columns, an analogue-varying output produced by the mode-amplitude above the full
illumination intensity (the mode ‘activation’, left column for each mode, labelled with mode number)
and a binarised black and white version (right column for each mode, labelled ‘BW?).
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5.2 Extreme learning machines — image classification

The feature detection performance of the network lasers tells us that the spatially-localised,
mode-competing modes are excellent at processing spatial information in a non-linear way. The
system is thus a prime candidate for more general image processing, and in this section I will
explore how it performs as part of one of the neuromorphic architectures introduced in Section 1.2
— an extreme learning machine. In this application, the digital post-processing of the system
output is limited to one linear layer, which would in general struggle to solve the problem on its
own. The physical system thus has to do a large part of the computational heavy-lifting.

Inputting image data into the network is a simple extension of what we have already done
for feature detection. Instead of projecting sections of images, we project an entire image onto
the network, and observe the hyperspectral output. We started with the MNIST task, which is a
handwritten digit recognition test commonly used in testing machine learning systems.!*74 175

Fig. 5.6 explores the hyperspectra resulting from illuminating the first 10 000 digits from
the MNIST dataset onto our network. The figures show average deviations of each class of
hyperspectra from the overall mean hyperspectrum, thus highlighting the regions that are
characteristically brighter or darker for each digit compared to the other classes. This shows
that there are statistical differences between the network outputs corresponding to each class,
and while these may be difficult to discern when looking at each spectrum separately, regression

methods can be applied to reliably seek out these trends digitally.
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FIGURE 5.6: Average lasing hyperspectra for 10 thousand examples of the 10 classes of MNIST digits.
Differences from the overall mean hyperspectrum are shown in red (higher than average) and blue
(lower than average). Sub-plots in the top right of each spectrum show how the average member of
each class looks like.
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Linear regression is usually used to fit trends where the dependent variable is a real number.
In classification problems, where the desired output is a categorical prediction, we often use
logistic regression. This operates on a similar principle, but provides a model for converting the
linear fit’s output to a probability value. We first establish a score s; for each classification class

k, which is a linear function of the input vector Z:
sp(2) = ar + ) Brii, (5.1)
i

with coefficients ), and offsets ay, for each class k. Multiclass logistic regression then defines the

probability that a sample Z belongs to class k as:

_ kg = exp(sg ()
PO= kD = ol (@) 2

where the denominator sum goes over all possible classes.[76-178]

We can see that summing
the probabilities for all classes produces exactly >, P(y = k|Z) = 1, as the numerators sum to
the denominator, and the exponentials ensure that the semi-arbitrary value of equation (5.1)
always maps to a positive value. The ‘weights’ Bk and o are established by minimising a cost
function based on the probabilities of assigning the correct labels to a given set of training
samples;!!77 this is performed by the ‘L-BFGS-B’ optimiser!!™ implemented by the Python

package ‘scikit-learn’ 18"

Notably, for a given # the denominator sum in equation (5.2) is the same for all classes
k, and thus it is sufficient to compare the numerators to establish the class with the highest
probability. Further, an exponential is a monotonic function, and so we can compare the scores
from equation (5.1) directly, making classification through logistic regression a completely linear

process equivalent to a single matrix multiplication per class.

Fig. 5.7 a illustrates how we apply logistic regression to utilise our network laser as an extreme
learning machine. A picture of a 28x28 black and white MNIST digit is projected onto the network
laser (colour inverted to increase the gain available to the laser) and a hyperspectrum is obtained.
We apply two post-processing steps to the hyperspectrum to ensure optimal performance of the
logistic regression fitting. First, the measured hyperspectra are scaled to remove the medians
of the spectral regions and equalise their quartile ranges, which makes the fit converge more
quickly. Second, we perform feature selection, discarding features that have low variance and

score low on scikit-learn’s ‘f_classif’ feature-scoring function.®”) The regression fit is run
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multiple times with randomised training data sets (36 000 images from the exposed 40 0000) in
a hyperparameter study,'8!] where we vary the number of selected features and the amount of
regularisation applied in the fitting.

In the end, the fitting of the linear regression gives us a ‘trained’ hyperspectrum classifier,
which we can test on an unseen set of experimental hyperspectra. Fig. 5.7 b shows a confusion
matrix resulting from this test, indicating a 96.03 % accuracy of our physical computing system
for our best trial. When logistic regression is applied to the input images directly, it can reach
accuracies up to 92.09 %, showing that the physical system contributes significantly to reducing
the classification error rate (from 8 % to 4 %).

Fig. 5.7 ¢ shows a selection of logistic regression weights obtained by fitting for 5 MNIST
classes. Compared to the average hyperspectral trends shown in Fig. 5.6, these weight maps
indicate small, specific spectral regions that make a specific spectrum more or less likely to be a
result of projecting a digit from a specific class. Granular differences like these would be difficult
to see by eye or in averaged data, but a computer is able to pick them out. Their presence shows
the validity of our initial assumption — the non-linear and highly spatial dynamics of the lasing
modes within our network lasers can map image inputs onto output modes in ways that we can

pick up and use to provide useful information about the input.
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FIGURE 5.7: Single layer classification architecture. a The image to classify is projected onto the
network laser, resulting in a hyperspectrum. With thousands of these spectra gathered, a logistic
regression classifier (a single-layer, linear process) can be trained to predict the class of the image
based on the spectrum (rather than the image itself). b A confusion matrix showing the result of
this classification process for MNIST. ¢ Logistic regression weights for several classes, showing how
different hyperspectral regions are weighted when predicting whether the spectrum belongs to a class.
Fully white regions were rejected during feature selection.
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I will show single-layer classification results for tasks more complex than MNIST in Section 5.4,

but first I shall introduce the second machine learning architecture we have developed.

5.3 Photonic Convolutional Neural Network

We have demonstrated that a network laser can perform feature detection and image classifi-
cation tasks. In CNNs these tasks are done in sequence: first, convolutions are used to tease out
the features of the input image, and then a multilayer perceptron (MLP) step uses these features
to classify the image. We can employ our physical analogues of these two steps to construct a
Photonic CNN for image classification. Fig. 5.8 illustrates this architecture: an initial feature
detection layer (Fig. 5.8 a), then a second layer where the detected feature maps are illuminated
on the network as a single whole image (Fig. 5.8 b). A hyperspectrum from the original input
image is also included in the result pool, and a logistic regression step is applied to the spectral
output of the second layer to generate classification results (Fig. 5.8 ¢). This is repeated for all
40 000 images we use for this test. The classification accuracy is shown to improve from the
single layer 96.03 % to the two layer 98.05 % for our best trial, further reducing the classification

error rate from 4% to 2 %.
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FIGURE 5.8: Two layer architecture — a Photonic Convolutional Neural Network. a The images to be
classified are raster-scanned to extract features like edges (this is currently done using the 4x4 image
library to accelerate the process). b The extracted edge maps (plus the original image) are projected
onto the network to produce corresponding hyperspectra. The logistic regression is now trained on
this expanded set of spectra. ¢ Using the two-layer approach shows an increase in MNIST accuracy.

As discussed in Section 5.1.2, acquiring data for all the images required by a raster scan
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takes a comparatively long time in our current experimental conditions. Having to do over 500
additional exposures for each of the 40 000 digit images in this dataset would not be practical.
Fortunately, we can use the 4x4 image library from Section 5.1.2 to generate equivalent feature
maps using real experimental data (example maps shown in Fig. 5.8 a, and maps for all modes
and classes shown in Appendix Fig. B.7). This allowed us to accelerate the measurements
significantly at this stage, but will hopefully not be needed in the future as we accelerate the
experimental processes.

The Photonic CNN two layer scheme demonstrates the versatility of our physical system for
machine learning tasks — both of the layers involve a very different neuromorphic process running
on the same physical hardware, and the fact that the we gain additional information from the
feature map projection hyperspectra indicates that the system is suitable for processing a broad

variety of input images.

5.4 Harder tasks and few-shot regimes

MNIST can be considered an easy machine learning task — it is usually used to test basic
classification systems, and is fairly linearly separable, as logistic regression alone achieves 92.10 %
accuracy in our tests. To fully understand the performance of our physical neuromorphic system,
we need to test it on tasks where the final linear layer contributes less to the classification. This
section explores two tasks that are more challenging, and compares our performance directly to
logistic regression and several software ML benchmarks.

Fashion MNIST!!82 is a task developed to be a drop-in, more difficult replacement for MNIST.
It consists of 28x28 greyscale images of clothing belonging to 10 classes. Several examples of
the images are shown in Fig. 5.9 a, along with features detected using the experimental 4x4
image library. Compared to MNIST, the complexity of the images is much higher, with small
differences sometimes determining the difference between a t-shirt, shirt, and pullover. While
our current edge detection scheme is limited to black and white images, it manages to pull a
good amount of detail out of the clothing items (see Appendix Fig. B.8 for edge maps for images
from all 10 classes).

The classification performance of our network lasers is shown in Fig. 5.9 b, along with the 10
class labels. For the single layer scheme we project the images in approximate greyscale, using
ordered blue noise dithering!!®3185) o represent the images on the black and white pixels of the

DMD - in video applications, the DMD pixels are repeatedly flicked on and off to achieve grey
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levels through persistence of vision, but this strategy cannot work with femtosecond pump pulses.
The ratio of image resolution to DMD resolution allows us 145 levels of grey per data pixel with
the dithering method, and the average representation accuracy improves over larger areas. The
single layer test yields an accuracy of 85.18 % in the best trial, and the two layer process gives
87.85%. This is lower than the accuracies for MNIST, but fairly high taking into account the

increased difficulty of the task — logistic regression alone achieves 82.29 % for Fashion MNIST,

. . . . 182
and the benchmark for human performance (given no fashion expertise) is 83.5 %.15%
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FIGURE 5.9: Classification results for Fashion MNIST, a dataset consisting of photos of 10 types of
clothing. a Examples of the edge maps extracted from six Fashion MNIST images. b Accuracy for
the single-layer approach. ¢ Improved accuracy from the two-layer approach.

There is much interest in applying machine learning to medical tasks, whether for analysing

(186, 187] or some pI‘OpOSed appliCa-

patient data, diagnosis and segmentation in medical imaging,
tions where computer methods augment the human decision making process.['8¢ ML models
promise accuracies comparable to experts but at much higher speeds, or from statistical trends in
imagery that would be difficult to spot by eye.'8) A significant challenge for this research area
is the availability of high quality, large datasets. Typical ML studies employ tens or hundreds of

thousands of images to train their models, but typical biomedical datasets need to be gathered
by hand and with the patients’ consent, usually resulting in a much smaller sample size.[186:190]

To test our performance within these constraints, and for images more complex than MNIST
or Fashion MNIST, we have tested the network’s classification performance on the BreaKHis
400X task — a database of 1 670 breast cancer histopathology images taken at 400x magnification
adapted by Ref. [191] from Ref. [192], and further augmented through rotations to 2 246 images
for some tests here (in order to balance the number of samples in the two classes). Several

example images are shown in Fig. 5.10 a, illustrating the visual complexity of the data, as well
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as how difficult it is to tell apart the two classes (‘benign’ and ‘malignant’, indicating the lack or
presence of breast cancer cells) by eye. I have further rescaled the images to be 190x190 pixels,

to better match our DMD resolution and the spatial sensitivity of the network.

This is a colour dataset, and so I have processed it by splitting it into its three RGB channels.
As first shown in Fig. 5.3, this can allow us to detect features specific to each channel, and the
feature maps overlaid in Fig. 5.10 a show that this is the case for the histopathology images
too. For example, the selected 4x4 library mode highlights voids in the green channel, and finer
cell/nucleus details in the red and blue channels. The images themselves are also illuminated onto
the network as three separate illuminations, one per RGB channel, and the resulting hyperspectra
are combined for the logistic regression step. Blue noise dithering is again used to represent
greyscale images, with 4 DMD pixels per data pixels. While this leads to an average absolute
brightness error of 12.5% for each data pixel (as the 256 original grey levels are quantised to

only 5), the nature of dithering is that these error average out over larger areas.

Our classification performance for the two neuromorphic schemes is shown in Fig. 5.10 b.
The single layer classification accuracy is 90.16 % in the best trial, with the two layer process
reaching 92.94 %, the correct classification of the malignant class improving in particular. The
logistic regression performance when trained directly on the images is only 70 % to 74 %, showing

that the physical systems plays an increased role in this task. Appendix Fig. B.9 shows the
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FIGURE 5.10: Classification results for BreaKKHis 400X, a dataset of microscopic biopsy images for
detecting breast cancer. a Examples of benign and malignant images from the dataset, with edge
maps from several modes of the 4x4 library overlaid. The images within each class can differ from
each other significantly, and the difference between classes is not immediately obvious. The dataset is
provided in colour, and so we extract separate mode maps for the three colour channels, and expose
each channel separately. b Single layer physical system accuracy. ¢ Improved double layer accuracy.
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regression weights for this task, indicating that both the original image and mode illuminations
across all three colour channels contribute to the final prediction.

Comparing our performance to logistic regression gives us an idea of how much of the system
performance can be reproduced by the final linear layer alone, but we are also interested in
how the physical implementation compares with better digital ML models. Fig. 5.11 shows a
comparison of classification accuracy for our three classification tasks vs. training dataset length
for a range of software neural networks and our photonic network. The digital models shown
are: logistic regression, a multilayer perceptron (MLP), and two software CNNs: one following
the LeNet5 architecture,'™ and a larger CNN with more filters and neurons (see Methods in
Ref. [67] for details, and the legend in Fig. 5.11 for the number of trainable parameters). Training
dataset length for MNIST and Fashion MNIST is varied from 125 to 36,000 images, with a fixed
4000 image test set.

Our system outperforms logistic regression over the full range of training lengths, proving
that the physical layer contributes significantly to the ML performance. For MNIST and Fashion
MNIST (Fig. 5.11 a and b) we achieve accuracies comparable to the digital systems, especially
with the boosted performance of the two layer system. Notably, the photonic network achieves
higher accuracy than software benchmarks at shorter training set lengths — this is highlighted in

the zoomed-in plots. We call this the ‘few-shot’ regime, where training data is scarce. As we see
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FIGURE 5.11: Accuracy vs training length for our physical system and fully digital solutions. Results
shown are for a MNIST, b Fashion MNIST, and ¢ BreaKHis 400X. In a and b, the left column shows
a zoomed-in view of the ‘few-shot’ regime, where limited training data is available — the photonic
network outperforms digital benchmarks when working with a small number of images. The legend
lists total trainable parameter numbers for the three neural network-based digital benchmarks.
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with BreaKHis 400X, medical datasets often require good few-shot performance, as very little
data is available. In fact, for this small dataset we outperform the digital benchmarks tested for
all training lengths available with the 1 670 images, as shown in Fig. 5.11 c.

In addition to medical data, few-shot learning is also critical for ‘edge computing’ applications,
where remotely deployed hardware performs computation directly at the point of sensing. This
tends to require learning from limited data, while adapting on-the-fly to changing environmental
conditions, all without access to high-performance compute clusters. Digital neural networks
generally struggle when there is a very high degree of mismatch between the amount of data
available for training and the number of weights we are attempting to train — too many parameters
can result in overfitting, where the model uses the abundant weights to fit the training set exactly,

193] This explains the poor

but performs badly on the test set due to poor generalisation.[
performance of the digital benchmarks on BreaKHis 400X seen in Fig. 5.11 ¢, where even logistic
regression outperforms the over-parametrised larger models if very few training examples are
available. One of the ways this problem is dealt with in machine learning is ‘augmentation’, where
large quantities of additional data are generated by rotating, scaling, and otherwise distorting
the original images.['?%:193] This technique has been successfully applied to medical tasks like
BreaKHis 400X, but requires significant additional computation, especially for larger models.

Our system’s ability to perform well on short training sets directly (without augmentation) is

thus a potential benefit, pointing towards real-life applications where our scheme could be useful.

5.5 Physical basis for neuromorphic performance

We have shown that our network lasers can perform quite impressively compared to digital
benchmarks, especially in the few-shot regime. While the extreme learning machine approach to
neuromorphic computing allows us to treat the system as an effective black box, understanding
the physical reasons for our good performance remains desirable. This is especially true if we
want to optimise the system in the future — understanding its workings would allow us to focus
on specific avenues of tuning, redesigning the topology or introducing biasing to better align the
physics of the system to the task at hand.

Neuromorphic systems often struggle to implement non-linearity and negative weights. We
address the linearity challenge both with the intrinsic non-linearity of a laser, and the non-linear
coupling between our many lasing modes. Our feature detection application (introduced in

Fig. 5.1) proves the strong mode competition in our system. Through coupling and interactions
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between the lasing modes, we achieve highly non-linear behaviour (as first predicted theoretically
in Fig. 4.9). This gives us the high sensitivity to patterns in the spatial illumination, shown
in Fig. 4.11 a, as well as to the intensity of the pump, as shown in Fig. 4.8. Together, these
sensitivities map complex, greyscale images into unique hyperspectra, sensitive even to spatially
small changes (like the BreaKHis 400X edge maps shown Fig. 5.10 a).

We also show that the mode competition enables modes to suppress each other, resulting in
certain modes responding negatively to positive inputs, as seen in the statistical analysis of the
4x4 image library in Fig. 5.4 c. The non-linearity and negative weights of our networks could
thus be a part of our neuromorphic performance advantage.

Other neuromorphic researchers also find that the number of parameters needed to tune
the output of their systems is much reduced compared to the full digital classifiers — Ref. [45]
reports a number of digital parameters up to 97 % smaller for their physical system than the
equivalent digital benchmarks (Appendix Fig. B.9 shows a preliminary study of how this looks
for our system). One way to interpret this is that most of the neural network weights necessary
to solve the problem have been ‘moved’ to the fixed physical data processor. Intuitively, this
approach works best when the physical system can thus ‘encode’ a large number of weights
and complex relationships between them. A recent theoretical study proposes that a system
that represents its inputs in a very high-dimensional space can be an explanation for strong
few-shot performance.'%] We thus believe that the highly complex modal landscape of our
system (studied in Fig. 4.3) could be a part of how the lasing network manages to make the
tested ML tasks linearly separable — it is a high-dimensional transformation that ‘understands’
the spatial relationships within data with no training required, and is thus intrinsically suited to
vision tasks. With most of the processing happening in the fixed physical system, the few-shot
performance can be understood more intuitively as well. The laser itself is independent of the
amount of data available, so should be more resilient to reducing the training set, which impacts
only the linear trainable classifying layer.

Neuromorphic computing also studies how brain-inspired systems can be used to accelerate
ML, and so we can compare our system to aspects of real neurons. In the human retina,
feature detection is performed by retinal ganglion cells, the final output neurons in the retinal
circuitry.199 These cells utilise lateral inhibition to non-linearly enhance image features such as
edges. 197199 When a ganglion cell is activated, it sends excitatory signals to the brain while
simultaneously sending inhibitory neurotransmitter signals to adjacent ganglion cells, decreasing

their firing activity. Different subsets of ganglion cells respond preferentially to different angles
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and orientations of edges, allowing the retina to process complex images while detecting multiple
features in parallel, with non-linear coupling between the detection processes.'96:209 The close
match between the feature detection mechanism of ganglion cells and network lasers makes for
an interesting parallel, showing that our vision mechanics are in some ways similar to that of the
brain — we thus refer to our approach to neuromorphic computing as ‘retinomorphic’.

Recent research also shows that heterogeneity in neuronal systems can lead to better and more
robust machine learning performance, especially on complex tasks.20U The ‘neurons’ (modes) of
our laser are all different from each other and coupled in different ways, which we think could
confer a similar advantage, especially given that our performance compared to digital benchmarks

also improves for more complex tasks like BreaKHis 400X.

Conclusions

In this chapter we have demonstrated that semiconductor network lasers are a fitting platform
for neuromorphic computing. They are capable of feature detection and image classification,
and combining the two capabilities leads to even stronger performance. The feature detection
gives us unique insight into the physics of the lasing network, illustrating a practical application
of mode-competition and its suppressive mode coupling. Image classification shows that the
complex mode dynamics enable the network to process data spatially, in a way that is especially
valuable when limited training data is available. While I do outline some potential physical
bases for the network’s performance, exploring how the neuromorphic application links to the

underlying physics is an interesting topic of study with much potential.



Chapter 6

Conclusions

6.1 Summary

In this thesis I have demonstrated the fabrication, characterisation, and neuromorphic
application of semiconductor network lasers. The system has proven to be a very promising
platform for computing, and the stability and flexibility of the semiconductor platform opens
many doors in terms of optimisation and exploration compared to previous implementations of
network lasers. This section presents an overview of the main outcomes for each of the thesis
chapters, which all contributed to developing this novel platform.

Chapter 2 showed the fabrication details of our III-V integration process, Direct Wafer
Bonding (DWB). A number of existing low- to mid-temperature etch recipes were explored for
processing bonded layers of InP. The cyclic CH, recipe was shown to be versatile and reliable. A
continuous CH, recipe was proposed to address some shortcomings of the cyclic approach, with
the main result being a Design of Experiment (DoE) study of the impact of etch parameters
on the process outcomes. The versatility of this approach was demonstrated by tuning the
continuous CH, etching process to work with quantum well (QW) layers epitaxially embedded
in the etched InP layer.

In Chapter 3, the etched devices were put to the test. Lasing from Whispering Gallery
Modes (WGMs) in etched microdisks was demonstrated, and the lasing threshold explored as a
metric for etched cavity quality. Oxygen cleaning of the devices was shown to systematically
decrease lasing thresholds. For QW lasing disks, H3PO, treatment and AL;O5 passivation coating
were both shown to improve device output and reduce degradation under longer exposure, with

H3PO, treatment additionally lowering the device threshold. Overall, both continuous and cyclic
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CH, etches were shown to produce well-performing nanolasers, with the QW disks even displaying
state-of-the-art continuous wave (CW) performance. The etching studies in Chapter 2 and the
performance verification in Chapter 3 validate our chosen path for implementing high-quality
semiconductor nanolasers.

Chapter 4 showed that we can etch working network lasers out of InP layers, and explored
their physics. The mode landscape of the laser was shown to be extremely complex, with mode
shapes obtained both experimentally and through simulations. Mode competition was shown to
be a major driver of system non-linearity, with some modes lasing more strongly under partial
illumination. The transport and losses within the network were studied, showing how coupling
between waveguides depends on the waveguide width, and that node losses are a significant
factor to consider — unamplified light would be lost after traversing only a couple of network
nodes. Long-distance coherence is nevertheless enabled by stimulated emission, with modes
spanning large areas of the network, and distant parts of the system depending on each other.
The losses still drive the system behaviour — this was experimentally demonstrated by disrupting
the coupling between network halves with a low-gain region. More broadly, the system was shown
to be sensitive to the gain landscapes obtained by patterned pumping, with both losses and mode
competition shaping the highly variable output spectra. We also showed that the networks are
resilient to degradation when pumped for long times, and that many network topologies exhibit
lasing, so there is much room for explorations beyond our currently preferred Voronoi-based
design.

Chapter 5 applied the physics of network lasers to a number of neuromorphic computing
tasks. Feature detection was shown first, where different modes in the laser’s hyperspectrum
‘activate’ when specific image features are raster-scanned across the system. This can detect a
number of features in parallel, and the flexibility of our approach was demonstrated through
edge detection at multiple raster window sizes and across RGB image channels. A statistical
study of the modal response was presented, where equivalent convolution kernels were fitted to
hyperspectra from all possible 4x4 black and white images. This library of hyperspectra also
allowed us to reconstruct experimental edge maps for arbitrary images, speeding up further
analysis and classification experiments. Finally, we demonstrated the application of a network
laser as an extreme learning machine for image classification. This was shown to work well as
a single layer scheme, with the performance improved further by including a feature detection
step in the process, forming a double layer ‘Photonic CNN’. We demonstrated classification

performance of 98.05% on MNIST (digits), 87.85 % on Fashion MNIST (clothing), and 92.94 %
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on BreaKHis 400X (breast cancer histopathology), achieving particularly good performance in

the few-shot regime.

6.2 Outlook and future work

We believe this work lays a strong foundation for the use of semiconductor network lasers as
a neuromorphic computing platform. There are many possible directions for investigations that
build on it, either for studying random lasing in general, or for optimising computation. In this
section I will discuss some general challenges that can be addressed in future work, and a few

projects that I believe would be exciting evolutions of this effort.

6.2.1 Energy use and speed

The goal of neuromorphic computing is accelerating machine learning tasks beyond the
abilities of modern GPUs. The relatively recent emergence of the field does mean that current
implementations do not live up to that ambition yet, focusing instead on establishing the physics
and technology, and potentially solving problems in specific niches. Our system is also in the
fundamental research phase, but it is interesting to compare it to classical computing nevertheless,
and chart a path forward for future improvements on this front.

The energy use and time scale of the underlying physics in the network laser are both very
small. The energy delivered to the sample during our machine learning tests is in the range of
35nJ /pulse, and we expect the lasing dynamics to happen on the timescale of 10 ps to 100 ps.
Experimental constraints mean that the test setup as a whole does not operate in this regime.
First, our pump lasers are powerful femtosecond sources, consuming much more energy than
is delivered to the chip. We have been testing smaller picosecond pulse diode laser systems,
potentially bringing the pump’s power consumption down from 600 W to ~15W — while the
networks do lase, as shown in Appendix Fig. B.2, increased degradation from the longer pulses
is currently an issue. Nevertheless, with further fabrication improvements, like increasing heat
dissipation to the substrate or minimising side-wall recombination, this is a realistic path towards
miniaturisation and energy efficiency. Timing-wise our main bottleneck is measurement time,
with cameras having to integrate over multiple excitation pulses (on the order of 80 to 300 in
most of our testing), and readout speeds being limited. I have made significant strides here,
with software and hardware improvements bringing our main setup from operating below 1 Hz to

~7.5Hz, and our new setup, built by W. K. Ng and programmed by me specifically to accelerate
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these experiments, has reached 100 Hz. Further improvements are possible — the limit is almost
entirely how quickly we can grab frames from a camera with a high enough signal to noise ratio.

Currently the most exciting angle to look at our potential as an AT accelerator is the few-shot
performance of our system, and the low training costs. While pushing the data through the system
is not entirely optimised, training a single logistic regression layer is much less computationally
intensive than training a larger neural network. For datasets with limited examples available,
like BreaKHis 400X, classical systems also usually rely on ‘augmentation’, where large quantities
of additional data are generated to aid the training. Our physics appears to enable us to work
without this augmentation, presenting a potential advantage as classical systems spend more

time and energy processing the additional data.

6.2.2 Material and fabrication

Further material and fabrication explorations could yield better-performing network lasers. 1
was unable to thoroughly test continuous CH, etched InP network lasers, as we have focused
on utilising the cyclic-etched chip which I delivered earlier in the project, but preliminary
measurements indicate that the continuous-etched networks perform comparably to cyclic-etched
counterparts. It is possible that the smoother continuous side walls would lead to less device
degradation, enabling picosecond pumping for example. Similarly, QW-based network lasers
are a promising avenue to explore, with narrower lasing peaks potentially providing a more
direct way to map hyperspectra to analogue outputs. While the devices I have fabricated do
not lase due to insufficient gain, we are working with collaborators who can fabricate chips with
more quantum wells and well-tuned etch recipes. If these do lase, there is much potential for
new neuromorphic approaches, and applications of network lasers closer to telecommunication
wavelengths.

An exciting ambition for the long-term fabrication of network laser devices would be to
integrate on-chip pump light sources with the network, aiding miniaturisation and lowering

energy use.

6.2.3 Tuning and network topology

The presented network systems work well with very limited tuning — a network was selected
with a rough parameter sweep of diameter and density, without a detailed study of how these

parameters impact performance metrics, and the machine learning tasks we study appear to
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work well on a variety of network shapes and topologies. There are some limitations still. In
simulations, up to 40 hyperspectral modes exhibit feature detection for smaller networks, but
we were able to observe up to 9 experimentally. In classification tasks, we perform very well
in the few-shot regime, and match digital benchmarks of reasonable size when more data is
available. More complex datasets like CIFAR-10[29?] (vehicles and animals) remain a challenge.
Pre-fabrication and post-fabrication optimisation could let us extend the good performance
beyond the few-shot regime, matching or beating larger models too.

Changing the network topology would let us tune the networks pre-fabrication. Our intuition
is that increasing the amount of disorder in the network could lead to better performance, and
there are parameter sweeps on our new samples which are designed to test this (illustrated in
Fig. 6.1 a). Establishing more standardised performance metrics, and correlating them to the
networks’ graph-theoretical properties, could give us an understanding of what topologies work
best and how to optimise them. We could then design networks specifically optimised for the
tasks we are interested in handling.

Post-fabrication tuning would aim to adapt the already-made networks to match their mode
landscapes to specific tasks. This can be achieved by introducing additional weights into the
system, which are optimised to improve some metric, but do not change with the input data —
this principle is illustrated in Fig. 6.1 b, and has been shown to work for neuromorphic systems,
for example in Ref. [45] and Ref. [51]. The high sensitivity of network lasers to small variations

(65]

in the material properties/® and illumination!®! indicate that they would be highly susceptible

to this tuning approach.
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FIGURE 6.1: Pre- and post-fabrication tuning opportunities. a Networks with different graph-
theoretical properties can be fabricated, for example varying the amount of disorder. b Tuning an
extreme learning machine. A set of ‘weights’ is provided with the input and optimised to improve
output quality. Once good weights are found, they are fixed and do not vary with data input. If the
physical system can be tuned well enough, it may also be possible to remove the linear decoder layer
and use the system’s output directly. 4!
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6.2.4 Segmentation and other novel tasks

There are many task types in the field of machine learning. We have demonstrated that our
system can perform well on three image classification tasks: MNIST (digits), Fashion MNIST
(clothing), and BreaKHis 400X (breast cancer histopathology). I have also tested two other
tasks in this category. HAM1000029) is a heavily-imbalanced skin lesion classification dataset,
with only a small number of examples included for some of the seven classes. Our single layer
classifier reaches 53.7 % balanced accuracy, which is a good start, especially compared to digital
benchmarks which struggle without augmentation — EfficientNet-B0,[204:29] 4 large classifier,
only gets around 45 % accuracy in our tests. CIFAR-10[292 consists of 32x32 colour images of
vehicles and animals divided into 10 classes. Here, we get up to 40.9 % accuracy, showing that
there are limits to our un-tuned performance.

Tasks other than image classification are also possible. Our team has previously looked at
non-linear waveform transformation.[?%! Feature detection could be extended to kernels more
complex than image edges, and potentially greyscale data as well. Non-image tasks could be
achieved by converting numbers into projection brightness values, potentially encoding time-series
data too.

A task that we have exciting preliminary results for is segmentation, where the system tries
to draw a boundary around a specific projected image feature. We have demonstrated that this
is possible with HAM10000 data, as illustrated in Fig. 6.2. The images are projected onto the

network, and a ridge regression layer is used — we set the output layer size to be the same as that

Ridge
regression

a

Source image Lasing network

Ground truth [ Prediction Correct prediction

FIGURE 6.2: Network lasers for image segmentation. a An example skin lesion image from the
HAMI10000 dataset, with the lesion outline drawn in yellow. b The experimental segmentation
process. The RGB channels of the image are projected onto the laser, obtaining hyperspectra. A
ridge regression is trained on the hyperspectra to match segmentation masks in the training set.
Confidence maps are computed for each hyperspectrum, and a threshold can be applied to obtain a
binary mask. ¢ Segmentation results from the photonic network laser and three digital benchmarks.
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6.2. OUTLOOK AND FUTURE WORK

of the input image. We then train the linear layer to reproduce masks provided by Ref. [207,208],
obtaining confidence maps of where the system ‘thinks’ the skin lesion resides (Fig. 6.2 b). A
threshold can be applied to these, giving the prediction shown in Fig. 6.2 ¢. We perform better
than digital benchmarks across a couple of different metrics, with detailed results being prepared
for an upcoming publication, showing that there is much potential for applying network lasers

across a range of neuromorphic workloads.
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Appendix A

Experiment automation — puzzlepiece

Many of the results presented in this thesis rely on complex measurements: automatic device
array scans and alignment for disk lasers, or illuminating hundreds of thousands of images onto
the network lasers. Creating sustainable and flexible software for automating these processes is a
problem that often arises in laboratory environments, and I have set out to attempt to provide a
solution to it during my PhD work.

The result of this work is ‘puzzlepiece’, a Python framework for rapidly building modular
experiment Graphical User Interfaces (GUIs), which is now open-source, and available on the
Python Package Index. I will provide a brief overview of my design choices and the framework’s

functionality, but the full documentation is available here:
https://puzzlepiece.readthedocs.org

First, it was important to me that the experiments can be controlled as fully as possible
from the GUI. Many users of experimental setups prefer to operate on visual interfaces rather
than code, and generally during alignment and investigative work, being able to click a couple
of buttons is faster and easier. Creating GUIs generally is a rather complex and repetitive
process though, using much boilerplate code. The first goal of puzzlepiece was thus to automate
the generation of components like number input boxes, checkboxes, and buttons. These are
then placed automatically on a standard grid, so that the software is standardised, and the
programmer does not have to think of the layout.

The second principle of puzzlepiece is that accessing all options should happen through a
unified Application Programming Interface (API). Equipment manufacturers usually provide

their own API, which allows software to talk to the device. Much of the time, this API does
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not follow a specific standard, making a case where one needs to interface with multiple devices
quite complex — the spectrometer may use a C-like interface, the camera have a Python module,
and the temperature controller communicate over serial. With puzzlepiece, a programmer can
create a uniform abstraction layer over these by creating setter and getter function for device
parameters. That way, once the hardware communication layer is implemented, all parameters
across all devices can be changed and obtained using the same set_value and get_value
methods. This process also creates GUI components for the parameters, and so the device can
be easily interfaced through code and through the GUI. An example of a hybrid setup like this
is shown in Fig. A.1, where a Jupyter Notebook works side-by-side with the GUI, enabling a
powerful workflow where alignment and inspection are done interactively, and more complex
measurements programmatically. The possibility of running GUI event loops within IPython
kernels was first brought to my attention by Thomas Karg. I have used this option heavily
throughout my PhD work, and submitted patches to the IPython project to make the experience

more seamless.

[ DMD sc: - o X
View Run Kernel Tabs Setting: Help. dmd patte
[ 2 rer » — | - g 50 5
B + X OO0 » m C » Code v Notebook [ #  Python 3 (ipykernel) O e L hEi)
. o Displey
(=} Run functions -3
_ de & F 8
» - s
state Shutdown
Tightfield topas
rt, grayscale=grayscale) w 633 -4
hutt (<]
get.) O
(]
tage
e maserss
] comects
. om0 eV
goal [4000 2]
7 ome. dentif
def full_scan(da tolerance: [050 ] X =
filenar prop: ‘DD} ‘ Cleanup
unit: [6 ]
Run
[1.100 v
2| v
0.00e+00 (]
)), desc-comment) Zero
Simple O B 1 @ Python3 (pykeme) | Idle Mode:Edit @ 1n19,Col9 20231103 kemelscanspy 0 L) Oree () Hepot ) Ostoe )

FIGURE A.1: A Jupyter Notebook running measurement code that directly manipulates an interactive
puzzlepiece GUI.

Lastly, the design of puzzlepiece allows experiment automation to be highly modular. The
code for interfacing with any given piece of hardware resides in a single module, referred to as
a Piece, and multiple Pieces can be brought together to form a Puzzle — a GUI application.

They can then communicate with each other through the Puzzle, all using the standardised
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API introduced above. Different arrangements of Pieces can be easily created to suit different
measurement needs, and everything can be operated from a single GUI window or a single
Python script. Pieces that automate specific measurements can also be created, utilising the
standard components provided by the library for rapid prototyping.

With the unified API, automatic GUI generation, and high modularity, puzzlepiece has
enabled many of the measurements presented in this thesis. I have been working with other
students during my studies to improve the module itself, as well as its documentation and
onboarding, with the hope that it can become an easy to use way to make coding for the lab

better for everyone.
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Appendix B
Additional figures

These figures provide additional details for topics discussed in the main text. Each captions provides
a link back to the relevant section, and some details about the figure. Figures B.4, B.5, B.6, B.7, and B.8
are adapted from the following publication, and were produced by me, A. Fischer, and W. K. Ng:

J. Dranczewski,* W. K. Ng.,* A. Fischer,* T. V. Raziman, D. Saxena, T. Farchy, K. Stenning, J. Peters,
H. Schmid, W. R. Branford, M. Barahona, K. Moselund, R. Sapienza, J. C. Gartside, “Retinomorphic

)

Machine Vision in a Network Laser,” arXiv, Aug. 2024. [manuscript in review/

*Authors contributed equally.
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FI1GURE B.1: Microdisk lasing threshold dependence on pump position (expanding on Section 3.3).
The WGM in a disk exists around the edges, and so pumping close to the edge results in a higher
pump efficiency and a lower threshold. Here, the lasing thresholds of two lasing peaks (marked orange
and blue) in a microdisk device are tracked as the pump spot is swept across it, experimentally
showing this effect. Automatically aligning to the centre of the disk is much more reliable, and so I
have elected to do that despite the performance dip, which is shown here to be relatively small, and
likely smaller than the experimental uncertainty introduced otherwise.
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APPENDIX B. ADDITIONAL FIGURES
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FIGURE B.2: 100 um diameter, 10 um average link length, 350 nm waveguide width network lasing
with a ~70 ps pulse pump laser (expanding on Sections 4.1 and 6.2.1). The device does lase, but the
threshold fluence is higher than for a femtosecond pulse. The lasing peaks are notably narrower, as
expected from the chirp-based peak broadening mechanism explained in Section 3.3 — a picosecond
pump pulse is closer to CW lasing, and the chirping thus less pronounced.
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FIGURE B.3: Expanding on Fig. 4.5, mode profiles supported inside of waveguides with a more
granular range of widths, with the matching effective refractive index shown above. Simulated with
a FDE solver for light at 880 nm.
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ADDITIONAL FIGURES

FIGURE B.4: Black and white version of the cameraman image shown in Fig. 5.1. Adapted from the
original image (Ref. [168,169], CC BY-NC 4.0) for our edge detection scheme, which requires black
and white sections of the image to be displayed on the DMD.
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FIGURE B.5: Mode and feature maps for all library modes, including the spectral mode obtained by
summing the hyperspectra along the spatial axis (expanding on Fig. 5.4). a The locations of the
hyperspectral regions designated as feature-detecting modes. b The location of the spectral region
designated as a feature-detecting mode. ¢ Feature maps of the ‘CL’ image for all ten modes, mode 9
being the spectral mode.
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FIGURE B.6: As shown in Fig. 5.4, we can use least-squares fitting on the 4x4 image library
hyperspectra to extract effective ‘kernels’ for the selected modes, which can be multiplied with the
input image and summed to predict the mode output. This is not a perfect representation of the
linear process, as indicated by the R? scores. To quantify whether the observed R? values could be
a result of experimental noise rather than inherent non-linearity, I have performed a comparative
study on randomly generated digital kernels. Convolution is a linear process, so the linear fit can
reproduce it perfectly, and even adding random noise to the data does not bring R? values to the
experimental levels.
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FIGURE B.7: Examples of the ten classes of the MNIST dataset and the edges detected for each of
them by the modes in our experimental 4x4 image hyperspectra library (expanding on Section 5.3).
Modes presented in the main text are highlighted in colour. Mode 9 is the spectral mode, as defined
in Fig. B.5. These edge maps would be projected onto the network laser in the multilayer scheme as
shown in Fig. 5.8.
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FIGURE B.8: Examples of the ten classes of the Fashion MNIST dataset and the edges detected
for each of them by the modes in our experimental 4x4 image hyperspectra library (expanding on
Section 5.4 and Rig. 5.9). Modes presented in the main text are highlighted in colour. Mode 9 is the
spectral mode, as defined in Fig. B.5. These edge maps would be projected onto the network laser in
the multilayer scheme as shown in Fig. 5.8, with Fashion MNIST results specifically in Fig. 5.9.
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Image (R channel)

Regression weights for the two layer BreaKHis 400X classifier

Image (G channel)

Image (B channel)

R channel - mode 0

R channel - mode 1

R channel - mode 2

R channel - mode 3

Regression weigths_3
(@a.u.) x10
-5 0 5

R channel - mode 4

R channel - mode 6

R channel - mode 7

R channel - mode 8

R channel - mode 5

R channel - mode 9

G channel - mode 0

G channel - mode 1

G channel - mode 2

G channel - mode 3

G channel - mode 4

G channel - mode 5

G channel - mode 6

G channel - mode 7

G channel - mode 8

G channel - mode 9

B channel - mode 0

B channel - mode 1

B channel - mode 2

B channel - mode 3

B channel - mode 4

B channel - mode 5

B channel - mode 6

B channel - mode 7

B channel - mode 8

B channel - mode 9

FIGURE B.9: Logistic regression weights for a two layer classifier, showing how different hyperspectral
regions are weighted when predicting whether the spectrum belongs to a benign or malignant sample
in BreaKHis 400X (expanding on Section 5.4). Fully white regions were rejected during feature
selection. The classifier utilises spectral features from all the different channel and mode map
illuminations, showing that each one contributes to the final prediction.
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Classification accuracy vs number of features selected in hyperparameter optimisation
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FIGURE B.10: As part of the hyperparameter optimisation process mentioned in Section 5.2, we vary
the number of selected features and the amount of regularisation applied in the logistic regression
fitting. This figure shows the classification accuracies obtained in the hyperparameter optimisation
for our three main tasks as a function of the number of features used. We can compare this to
the number of trainable parameters for the digital benchmarks shown in Fig. 5.11 (65k - 267k) —
note that for logistic regression the number of weights is the number of features multiplied by the
number of classes (10 for MNIST and Fashion MNIST, one for BreaKHis). This means that the
optimal number of weights falls in the region of 100k for the extreme learning machine approach,
with more weights for the two layer BreaKHis, which used 11 hyperspectra per RGB channel. The
comparison comes with caveats though — looking at Appendix Fig. B.9, we can see that a large
number of the features is not utilised, and the positive and negative weights occur in clusters that
could be reduced to a single weight. Our feature selection algorithm is quite naive (to simplify the
process and highlight that the physics does most of the computation), and so it is not very good at
reducing the weight number — we believe that it should be possible to optimise much further than
the 100k estimated here, and even with the simple algorithm we retain strong performance when
fewer features are selected. The number of features is also not one-to-one comparable to the number
of trainable parameters in neural networks, as logistic regression is generally less computationally
expensive to train, not requiring backpropagation or non-linear activation.
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Appendix C
Fabrication images

Nanofabrication can be finicky, but the results of mishaps at the nanoscale are often beautiful. This

Appendix contains a small gallery of interesting images I have taken during cleanroom experiments.
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FiGURE C.1: Lines of cracked optical resist under dark-field microscopy. Working with optical resist

involves multiple heat treatment step, and this chip did not handle them well. The cracks are
enhanced by the dark-field image, which collects only the light scattered from structures and surface

imperfections.
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FiGURE C.2: Plasma-enhanced chemical vapour deposition (PECVD) SiO, deposited on top of a
hardened optical mask layer, resulting in bad bonding and an uneven surface. The optical mask was
protecting the chip in storage and should have been removed prior to the deposition.

F1GURE C.3: Wax is used to bond chips to ICP carrier wafers, and it sometimes developed bubbles
when exposed to the plasma.
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FiGURE C.4: A plasma is a challenging environment, and on rare occasions the silicon carrier wafer
gets slightly damaged. In this cases discharges from the plasma left tree-like Lichtenberg figures,
shown here in bright-field (left) and dark-field (right) microscopy.

20 ym

FIGURE C.5: This failed e-beam resist development showcases the way electron beam lithography
writes large curved structures — by dividing them into rectangles of various sizes, which can be more
easily scanned with the beam. The written rectangles are visible on the large disk here.
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oo |l
500nm

FIGURE C.6: T have used polymer nano-spheres as a soft mask for the very first etch tests. The
polymer does not stand up well to the plasma environment, degrading into the floral patterns shown
in this SEM image.

FiGURE C.7: The soft mask nano-spheres were deposited from a colloidal solution, meaning that the
deposition patterns occasionally followed the flow of the liquid. Here, a dark-field microscope image
shows the spheres clustering around a piece of debris — a starry night.
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SU8000 5.0kV 9.7mm x350 LM(UL)

FiGURE C.8: Cleaving normally produces smooth edges along the crystal planes of the chip, but in
this SEM image it did not go so cleanly. The cleave goes through an optical mask image — a test
structure showing an emoticon.
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FIGURE C.9: The etch test in this SEM image failed in multiple ways. First, the surface of the
material is highly uneven. Second, the selectivity for this recipe was so low, that it completely etched
through the mask, exposing the bump of material in the centre of the image.
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SU8200 3.0kV x35.0k SE(UL) 1.00pm

FiGURE C.10: Plasma etch ‘loading effects’ mean that etching is faster for unobstructed areas, and
slower next to devices. This continuous etch was not run long enough, and so some material remains
in the spaces between waveguides, despite the etch going completely through the bonded InP layer
in the areas further from the mask.
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FIGURE C.11: When things go right, fabrication can be beautiful too. This SEM image shows a
side-view of a cyclic-etched InP network laser with embedded horizontal QWs.
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Reproduction permissions

When necessary, the appropriate license and a link to its full text have been provided directly
next to any reproduced figures, or in the originality statement in the chapter heading. For print

copies of the thesis, the links to the relevant licenses are reproduced verbatim here:
e CCBY 4.0 - https://creativecommons.org/licenses/by/4.0/

e CC BY-NC 4.0 — https://creativecommons.org/licenses/by-nc/4.0/

Fig. 1.1 b is adapted from Ref. [8] (© 2017 IEEE), under the following condition: In the
case of illustrations or tabular material, we require that the copyright line © [Year of original

publication] IEEE appear prominently with each reprinted figure and/or table.

For Fig. 1.3, the data and figures were made available under the MIT License, which is

reproduced below:

MIT License
Copyright (c) 2021 Amir Gholami

Permission is hereby granted, free of charge, to any person obtaining a copy
of this software and associated documentation files (the "Software'), to deal
in the Software without restriction , including without limitation the rights
to use, copy, modify, merge, publish, distribute, sublicense, and/or sell
copies of the Software, and to permit persons to whom the Software is

furnished to do so, subject to the following conditions:

The above copyright notice and this permission notice shall be included in all

copies or substantial portions of the Software.
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REPRODUCTION PERMISSIONS

THE SOFTWARE IS PROVIDED "AS IS'", WITHOUT WARRANTY OF ANY KIND, EXPRESS OR
IMPLIED, INCLUDING BUT NOT LIMITED TO THE WARRANTIES OF MERCHANTABILITY,
FITNESS FOR A PARTICULAR PURPOSE AND NONINFRINGEMENT. IN NO EVENT SHALL THE
AUTHORS OR COPYRIGHT HOLDERS BE LIABLE FOR ANY CLAIM, DAMAGES OR OTHER
LIABILITY, WHETHER IN AN ACTION OF CONTRACT, TORT OR OTHERWISE, ARISING FROM,
OUT OF OR IN CONNECTION WITH THE SOFTWARE OR THE USE OR OTHER DEALINGS IN THE
SOFTWARE.
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