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Abstract

This thesis examines the idea that Pavlovian associative learning may be a building block in
neural networks. With emphasis on hardware acceleration, on-chip optical associative learning device
is conceived as an alternative to artificial neural networks (ANNs) hardware for high-speed
applications. It is well known that ‘conventional’ ANNs, particularly in the form of modern deep neural
networks (DNNs), are usually carried out using the backpropagation method. In the method, network
weights are updated such that the net output better resembles the desired output after each forward-
backward iteration, until convergence is met. A distinct approach is presented using associative
learning as the basis of Al learning process. In formulating the architecture, associative learning is
linked with supervised learning, based on their common goal of associating certain inputs with
‘correct’ outputs. The intuition leads to a reductionist framework to the problem, facilitating the
transition from a single (or monadic) Pavlovian single Input-Teacher association to any arbitrary n

Input-Teacher associations.

The hardware associative learning network is realised using silicon-based on-chip optical
waveguides. Optical implementation of the learning network enables simultaneous parallel
calculations using wavelength division multiplexing (WDM), which increases the capacity of Al
information processing. This is adopted in the work described in this thesis. Monolithic integration of
waveguide components, through which optical signals are channeled, augurs well for its adoption as
artificial intelligence (Al) hardware accelerator. Machine learning using associative learning hardware
network is demonstrated, with the network solving pattern and image recognition tasks. The patterns
are randomised optical signals binary pattern, while the images are the discretised 72x72 patterns in
the form of image pixels. Computational density of 118 TOPS/mm? is demonstrated, limited only by
the available setup in the laboratory. The density is estimated to reach approximately 2.5x 10*
TOPS/mm?, with 50 GHz modulation using 16 wavelengths. In solving the image recognition task, the
hardware network is shown to be able to create a predictive model capable of generalising a set of

patterns, instead of recognising only one particular pattern.

The optical associative learning device paves the way for further realisations of photonic
intelligent systems that can infer both symbolically and numerically via associations. Further
improvements in other relevant metrics (for example, volume and learning energy) are anticipated on
different material platform and/or with other optimisation methods. These will be reserved for a
future time when they shall have been more completely worked out. The device realisation potentially

opens up new avenues of research in machine learning architectures and algorithms.
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Learning entities. Biological, psychological and artificial learning make up the three
main learning entities we know of today. Other learning mechanisms are derived from
these entities. For example, the basic concepts of content addressable memory (CAM)
can be traced back to the neuroscientific (biological) theory of Hebbian learning, which
explains that correlated activation of neural signal inputs lead to strengthening of the
input-output connection. Green bordered boxes denote learning entities realised
during the author’s DPhil studies. Other abbreviated learning entities are Adaptive
Linear Neuron (ADALINE) and Many ADALINE (MADALINE), Associative Monadic
Learning Element (AMLE), Direct Feedback Alignment (DFA), Direct Random Target
Projection (DRTP), Dynamically Stable Associative Learning (DYSTAL), multilayer
perceptron (MLP), and Spike-Timing-Dependent Plasticity (STDP).

Learning models. Learning models can in general be divided to neuron models (a),
synapse and associative learning models (b). Whereas the output response in leaky
integrate-and-fire neuron varies with e®* (where t and t are respectively the time
elapsed and time constant) after learning, the output response in other neuron models
remain at constant ¢, after the learning process. Green bordered boxes denote the
learning platform introduced during the author’s DPhil studies. In particular, the
parallel perceptron model is applied to the photonic CAM discussed in Chapter 7. The
AMLE, on the other hand, is comparable to the concept of Hebbian learning (and CAM
— see Fig. 1.1) which states that the strengthening of input-output connections is due
to the correlated activation of their inputs. In AMLE however, the input b ‘supervises’
the learning process such that any of the inputs a that is activated at the same time as
input b would produce an output response similar to that from b. Although there are
some similarities between Hebbian learning and AMLE, it is important to note that
AMLE is inspired by the psychological process of Pavlovian associative learning, and not
from Hebbian learning.

Timeline of Al. Milestones in Al are indicated. The history of Al is marked by a period
of increase, then decrease, and currently renewed interests, funding, development and
deployment of Al. These are respectively known as Al golden years, winter and spring.
Abbreviated terms CNN and XOR respectively denote convolutional neural network
and eXclusive OR Boolean logic operation.

Timeline of associative learning. Major forms of ‘associative learning’ are: operant and
classical conditioning. Operant conditioning — studied in detail by Thorndike and
Skinner — associates input with output signal during the learning process. This is in
contrast to classical conditioning, in which learning occurs from association of input
signals. Inspired by these learning mechanisms (in some way or another), various
associative learning systems have been realised. Optical or photonic implementations
are shaded in grey. Green bordered boxes denote the learning platform introduced
during the author’s DPhil studies. Abbreviated term OE-CAM denotes opto-electronic
content addressable memory.

Learning by associations: general domains. Learning mechanisms can be classified
based on the ability to detect associations, inductively learn (complex generalisation,
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and apparent generalisation) and deductively reason. Green bordered boxes denote
the learning platform introduced during the author’s DPhil studies.

System to implement associations. Temporal correlation detector, deep learning
(using backpropagation algorithm), DYSTAL, STeLLA and PURR-PUSS, Hopfield network,
AMLE network and all-optical on-chip CAM. Green bordered boxes denote the learning
platform introduced during the author’s DPhil studies.

Timeline of computer processing. The invention of the transistor ushered in the
electronic age in 1947. The field of optical processing bloomed for a short period of
time from 1964 before slowing down in 1971 largely due to the proliferation of
electronic microprocessors and microcontrollers. The realisation of large scale
integrated optoelectronics in 2005 attracted renewed interests in optical processing.
Optical or photonic implementations are shaded in grey. Abbreviated terms MOS and
SAR respectively denote metal oxide semiconductor, and synthetic-aperture radar.
Types of computing hardware. Computing hardware can be divided to analog, digital
or a combination of both. General-purpose hardware can perform any types of
computations. To expedite the computation process, specialised and/or fixed function
hardware is used. One such hardware is the Al accelerator, which can take various
forms (for example, in-memory computing hardware, graphical processing unit (GPU),
content addressable memory (CAM), tensor processing unit (TPU), field-programmable
gate array (FPGA) or application-specific integrated circuit (ASIC)).

Timeline of optical storage. Optical cavities were studied as early as 1878, but not for
computing purposes. Early computer memories were based on vacuum tubes.
Beginning 1976, other forms of optical storages were studied, ranging from optical
bistability to material-based optical memories such as photorefractive holographic
material and PCM. Optical or photonic implementations are shaded in grey.

Main components in integrated photonic circuit. Components can be divided into
active components (a), modulators (b), and passive components (c). Common active
components include lasers, amplifiers and photodetectors. Types of modulators
include amplitude, phase, and polarisation modulators. Common passive components
include waveguide, splitter or combiner, delay line, and multiplexer or demultiplexer
and wavelength filter.

Materials for photonic integrated circuit. Common materials are a, InP which is
optically active, b, SOI, c, SisN4, d, polymer which provides a low cost alternative to
silicon-based platforms in (c, d), and e, LiNbOs; which has high electro-optical
coefficient for optical signal modulation.

Hybrid co-processing Al architecture. Architecture can be fully digital, fully analog, or
hybrid. a, Conventionally, analogue Al accelerator is co-integrated with the digital CPU
processor, which mainly consists of arithmetic logic unit (ALU), cache memory and
register. b, A distinct conceptual architecture is the fully analogue architecture, which
replaces the digital CPU processor with an analogue input and output processing unit.
¢, d, In a fully digital architecture, the digital Al accelerator is co-integrated with a digital
CPU or other input/output processing units (I/O unit). Green arrows denote processing.
Red and blue boxes denote input and output sources to Al accelerator, respectively.
Abbreviated terms DAC and ADC respectively denote digital-to-analog converter and
analog-to-digital converter.
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Optical Al accelerator implementations. a, Free space approaches include using
holographic layer, diffractive microstructures, diffractive beads and 3D printed
diffractive layers as neural network layers. b, On-chip implementations include using
photodetector as integrate-and-fire neuron, Mach-Zehnder interferometer (MZI),
microring resonator (MRR) and PCM as network weights.

Timeline of Al and optical/photonic Al acceleration. Learning models can be divided
to neuron models, synapse and associative learning models. Optical or photonic
implementations are shaded in grey. Green bordered boxes denote the learning
platform introduced during the author’s DPhil studies. Abbreviated terms DNN, NSoC,
and TPU respectively denote deep neural network, neuromorphic system-on-chip, and
tensor processing unit.

Associative learning process. a, Simplified illustration of the neural circuitry for
associative learning. After the stimulus s; is persistently paired with stimulus s3, it is
conditioned to the same response as s1. b, Steps in associative learning process. Before
learning, only s; input signal (Food) produces a response (Salivation). When both s; and
s signals are simultaneously sent, association is established between the two. After
learning, s, input signal (Bell) comes to suggest s; input signal (Food), as both the input
signals produces the response (Salivation).

GST structural phase switching. a, Ternary Ge-Sb-Te phase diagram with common
phase change alloys indicated. Stoichiometric compounds along the red line i.e., GeTe-
Sb,Tes; pseudo-binary line, is found to have rapid and repeated structural phase
switching properties. b, Structural phase switching from amorphous state to crystalline
state requires the switching temperature to be above the material’s glass transition
temperature for a sufficiently long time. On the other hand, the switching from
crystalline to amorphous state requires the switching temperature to be above the
material’s melting temperature and cooled rapidly after the trigger pulse is applied.
AMLE design. a, Schematic of AMLE (boxed) which consists of segment | and II, with
inputs s1 and s, and outputs r1 and ;2. GST cell in yellow. b-e, Segment | design. With
segment | in (c), accumulated optical field |E| at site prior to GST cell is significantly
higher when two inputs are sent to AMLE at Ag = 1/2, compared to the case without
the segment in (b). At Ap =1t/2 and at 1t/2 respectively, field tends to couple to lower
waveguide (in d) and upper waveguide (in e), as indicated by the circles. Enlarged
profiles (bottom plots of d and e) correspond to the boxed region in top plots. f,
Segment Il design. Field from s, in (g) is optimally coupled when GST-deposited
waveguide is tapered. g-h, Plots of r; and r; at 1.5 - 1.6 um wavelength range when GST
is at crystalline (g; before learning) and amorphous (h; after learning) structural state.
Red (blue) bands denote learned (no learned) response. The simulations are performed
using the FDTD Solutions software from Lumerical Inc.

AMLE input-output relations. Corresponding electric field profiles of AMLE before (a)
and after (b) learning. Inset: Output cross-section electric field at locations denoted by
black vertical bars. The colour bar is normalised. The simulations are performed using
the FDTD Solutions software from Lumerical Inc.

Layouts to set Ap (or At) to AMLE. a, Schematic of AMLE. Accumulated optical
intensity at site prior to GST cell sgst varies depending on optical phase difference
between the inputs Ap. b, Ring-based layout seamlessly integrated to AMLE. s; or s;
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input are sent to AMLE (dashed box) when optical signal to layout is of Resonator B (A)
resonance wavelength A; (A,). Both s; and s; inputs are sent (at A = 17/2) at wavelength
Ao. ¢, Heater-based layout seamlessly integrated to AMLE. Heating-induced A¢: and
A, via voltage biasing on heaters modulates optical phases and amplitudes of s; and
s, inputs. d, Plot of simulated sgst, and AMLE output transmission r as a function of A
and Ag,. Exact Ag: and Ag> to be induced is determined by measuring r.

Grating coupler. a, Schematic representation. Diffraction period ai chosen such that
scattering from individual gratings constructively interfere at a certain spatial angle,
that is when the optical phase difference kia1 — k,a; are integer multiples of 27rt. b, Top-
view schematic of apodised grating coupler, with period a;. Segment f is apodised with
increasing width w; while segment y has fixed width wio. Apodisation enables a more
Gaussian beam-like field scattering.

Ring resonator-waveguide system. a, Schematic representation. Field coupling
between waveguide and resonator is governed by the matching of field losses
(coupling loss kex and resonator loss k,) and propagation constants (in the resonator
and waveguide). These factors, along with the resonator resonant wavelengths, vary
depending on the resonator radius. Waveguide is tapered at the coupling region to
match the propagation constants. b, Profile of simulated optical intensity |E|? when
input to layout is at A; (left) and A; (right), which activates s (s2) input to AMLE.

2x2 MMI components. a, Dispersion relation to retrieve propagation constant S, from
lateral wavevector kwm and wavevector in MMI core kon (of refractive index n). b,
Optical micrograph of MMI to highlight the excitation of m =0 and 1 to split or combine
signals. ¢, Simulated plot of cross-sectional field in MMI (as a splitter). The simulations
are performed using the FDTD Solutions software from Lumerical Inc.

1x2 MMl splitter. a, Optical micrograph of MMI to highlight the excitation of m=0and
1 to split or combine signals. b, Simulated plot of cross-sectional field in 1x2 MMl (as a
splitter).

AMLE seamlessly integrated to the layouts. a, SEM image (false coloured) of a
fabricated AMLE, consisting of SisN4 directional couplers (cyan), SiO, undercladding
(grey) and GST cell (marigold). Inset shows detail of coupling area with GST. b, SEM
image of the ring-based layout. Main components in boxes. ¢, Optical micrograph of
heater-based layout.

Image of pump-probe integrated setup. Main components labelled.

AMLE measurement on ring-based layout (Layout 1). Schematic of experiment setup
to measure AMLE. Two probe lines operating at wavelengths A; (blue) and A; (red), and
one pump line at Ao (purple). A1 (A2) correspond to ring B (A) resonant wavelengths, to
regulate s1 (s2) input to AMLE. Output readouts monitored in real-time.

AMLE measurement on heater-based layout (Layout 2). Schematic of experiment
setup to measure AMLE. Voltage biasing on waveguide heaters (using source meters)
modulates optical phases A and amplitudes of s; and s; inputs to AMLE (boxed). Two
lines operating at wavelength A; (blue) and A; (red).

Fibre array. a, Image (left) and schematic (right) of fibre array. Fibres are fastened to
V-grooves and lid. b, Fibre array holder. Fibre array is held onto flat groove on the
holder, and screws at the sides. It has an 8°-tilt. Inset: Schematic of holder.
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EOM connected to bias-Tee. a, Schematic of connection. Bias-Tee enables EOM output
to be referenced during modulation. b, The EOM 2623 NA has FC/PC connections,
which requires intermediary FC/PC to FC/APC cables to connect to other setup
components. ¢, Image of connection. EOM and bias-Tee respectively in blue and purple
boxes

Electrical probe. a, Photo of electrical probe (green boxed) supported by a home-built
stage. The position of the stage is manually adjusted such that the electrical probe is
on the on-chip electrical pads. b, Top view of electrical probe. ¢, Side view of electrical
probe.

Motorised stage. a, Image of motor. Red, green and blue shades indicate
communications, power supply and actuator signals. b, Side-view schematic of motor.
¢, Image of on-chip stage, which has three linear actuators (in x,y and z-axis; boxed). d,
Side-view schematic of actuator. When voltage is applied (blue shade), the piezo in the
actuator changes in length thus rotating the shaft.

Data acquisition device (DAQ). a, Image of DAQ, which supplies or receives analogue
(left) and digital (right) signals. b, Analogue input and output lines are denoted as Al
and AO respectively. Digital lines can be programmed as digital input (DI) or output
(DO), or programmable function input (PFl; clocking input signal for synchronisation or
trigger). Additionally, the DAQ provides high-purity reference voltage (+2.5 V) and a +5
V 200 mA power source. ¢, Image of wires connected to the DAQ, with wire shielding
to reduce electrical interference. ¢, To reduce magnetic interference, the wires are
twisted. The wires are connected to BNC and SMA solder connectors. e, On Python IDE,
PyVISA and PyQt modules are called to respectively communicate with equipment and
to create graphical user interface for the purpose.

Summary of layouts to observe associative learning. a, Layout 1 enables the
associative learning process to be observed in real-time. Microring resonators (MRR)
filters the wavelengths of the inputs to the AMLE. Probe and pump input wavelengths
are different. b, Layout 2 allows for the integration of multiple AMLEs using
wavelength-multiplexed inputs. Mach-Zehnder modulators (MZMs) precisely define
the amplitudes and optical phases of the inputs to AMLE. Probe and pump input
wavelengths are the same.

Input settings (Layout 1). a, Profile of simulated optical intensity |E|? when input to
layout is at A; (top) and A, (bottom), which activates s; (s;) input to AMLE. b and c,
Optical transmission spectrum in experiments (b) and simulations (c). Transmission
spectrum envelope in experiments is due to broad resonance of grating couplers.
Arrows denote A; = 1578.3 nm (blue), A, =1579.4 nm (red) and Ao = 1581.9 nm (purple).
Free spectral range in experiment corresponds well to that in simulations.

Photonic Pavlovian learning process. a, Input-output relation of AMLE. s; and s, inputs
denote ‘Food’ and ‘Bell’ inputs; the corresponding output transmission r (bottom plot)
represents the transmission response r1 and r,. Blue, red and purple bars of the top
and middle charts denote s3, s; and both s;-s; input incidences (A1, A; and Ao are the
wavelengths used to selectively address each one). The change in transmission
response is attributed to the relative differences in both the real and imaginary
refractive indices between GST at crystalline and amorphous structural states (values
provided in Section 3.1.2). These real and imaginary refractive index contrast both lead
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5.4

5.5

5.6

6.1

6.2

6.3

6.4

to distinct coupling strength between the waveguides that constitute the AMLE,
respectively due to changes in optical phase and optical absorption on the device. b,
Corresponding real-time measurement of output probe transmission r of a single cycle
learning and forgetting processes in a. ¢, Repeatability of the processes on AMLE over
80 cycles. The levels are denoted by filled circles of different colours that correspond
tob.

Ap-dependent change in learning readouts. a, Schematic indicates location y = 0 in
AMLE. GST cell in yellow. b, Plot of simulated cross-sectional optical field |E| across y
with respect to Ag. |E| is maximum at A@ = 1/2 and minimum at Ag = 371/2. ¢, Plots of
r, against A when input pump pulses are sent to AMLE at 1.3 nJ to 2.9 nJ (pulse width
T =100 ns) in experiments is consistent with simulation results in (b), that r; is indeed
dependent on Ag.

Input settings (Layout 2). a, Plot of simulated accumulated optical intensity sgst at site
prior to GST cell, and AMLE output transmission r as a function of A¢: and Ag,. Exact
Ap; and Ag; to be induced is determined by measuring r (when both s; and s; are sent)
before carrying out the learning experiment. b, Plot of r as a function of A¢@1 when s;
only, s; only and both s; and s; are sent, at two different wavelengths (A; = 1578.3 nm,
Az = 1579.4 nm) in our measurements. From the plot, the cases when the input(s) is
sent is deduced based on the relations between sgst and rin (a).

AMLE measurement results on heater-based layout. a, Schematic of heater-based
layout. Signal(s) to layout sent to AMLE via abstraction layer (‘Abs.’, consists of MZMs).
With the layer, there are three ways to represent Teacher and Input signals (denoted
by yellow highlights), using: (i) single wavelength A;, (ii) two multiplexed wavelengths
A1 and Ay, and (iii) wavelengths A; and A,. b, Output transmission r (bottom plot) when
Teacher (top blue chart) and Input (top red chart) signals are sent to AMLE in the
experiments. Plots i to iii correspond to that in (a). Dashed lines indicate transmission
threshold for learned response.

Supervised Pavlovian associative learning. a, Pavlovian learning involves pairing the
inputs (IN) with the correct outputs (Teacher) to supervise the learning process. b,
Current conventional supervised learning networks use backpropagation. The network
diagram depicts the network for supervised learning. ¢, Optical on-chip hardware
diagram of supervised learning with two inputs using AMLE. Input signals IN; — IN, fed
into the system during the learning process to be supervised by the Teacher input
signal. IN;1 - INs and Teacher inputs leading to the AMLE are controlled by thermo-optic
(with NiCr heaters) MZMs. d, Network representation of the hardware diagram in c.
CAD design. a, Single device and scaled-up structure design on a single chip. b and c,
Zoomed-in view of scaled-up (b) and single device (c) structure design. The single
device design include: i. bottom MZM cascade to characterise A, ii. top MZM cascade
to characterise Agp;, iii. Full single device, with both top and bottom MZM cascades.

Photolithography mask design. a, Optical image of mask. b, Optical image of mask.
Design of structure from several layers on a single mask. c-f, Zoomed-in view of
markers and frame (c), isolation (d), electric pad (e), and NiCr heater (f) layer design.

Supervised associative learning hardware. a, Optical micrograph of supervised
learning hardware (compare with schematic in Fig. 6.1c), which consists of four AMLEs

(boxed, purple). The arrows show the optical input-output connections coupled to the
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6.5

6.6

6.7

6.8

6.9

on-chip hardware via grating couplers. b, ¢, Optical micrographs of a single AMLE and
heaters respectively correspond to those in a. d, Image of amplifier circuit on PCB to
increase voltage supplied from LTC2668 DACs to control A@1 and Ag,. e, Image of chip
PCB connected to amplifier circuit and wirebonded to electrical pads on AMLE
hardware in (a).

Circuit design. a, Design as simulated on circuit simulator software. b-d, Zoomed-in
view of the circuit main components: Variable gain amplifier, which consists of manual
switch, operational amplifier, resistor, and bypass capacitors (b), inputs to amplifier
connector (c) and outputs from amplifier connector (d).

PCB layout design. a, Layout design transferred from circuit design in Fig. 6.5 -
optimised using automation software. b-d, Zoomed-in view of the layout main
components.

Equipment for scaled-up experiments (in addition to that is discussed in Chapter 4).
a, White CW laser - source (Fianium WhiteLase Micro, NKT Photonics) (i) and spectral
filter (SuperK Split, NKT Photonics) (ii). b, Cascaded EDFA - (FA-15, Pritel) (i) and (FA-
33-10, Pritel) (ii). ¢, Pulse generator (HP 8133A, Hewlett Packard). d, Remote-controlled
OTF (OTF-930, Santec Corp.).

Pattern recognition experiment - measurement setups. a, Schematic of
measurement setup to programme bit patterns. ENABLE Teacher signal (blue) is
distributed to each Input signals IN; to IN, (red; wavelength-multiplexed from
spectrally-filtered (SF) white laser (WL)). Input is activated using VOA when bit pattern
is ‘1’. b, Measurement setup for pattern recognition. Bit patterns to be detected ‘0110’
are associated into the AMLE via a learning step. 1 GHz optical detection pulses defined
by computer-generated pseudo-random bits at wavelengths from C33 to C36 (1548.51
nm to 1550.92 nm) are sent through AMLE devices and detected by photodiodes.
Measured average output transmission R cumulatively summed to determine if
pattern is recognised. ¢, Eye-diagram obtained from non-return-to-zero (NRZ) pseudo-
random binary sequence (PRBS) pulses modulated at 1 GHz shows clear distinction
between states ‘0’ and ‘1.

Pattern recognition experiment results. a, Inputs /N; to IN, sent at the four different
wavelengths i.e., C33 to C36 (input = ‘1’ represented in red, yellow, green and blue
respectively). Purple shades represent ‘0110’ pattern sent to the devices. b. Output
response r when inputs IN; to IN, are sent for the four different wavelengths (C33 to
C36). Purple shades represent ‘0110’ pattern detected. ¢, (Top) Cumulative response R
obtained for the four respective wavelengths and detection cycles to recognize the
same pattern ‘0110°. Values above cumulative transmission threshold R = 7 (the
dashed black line) denote all-matching response (that is in cycle 30). Notably, the
cumulative response R in cycle 18 is close to the threshold: upon closer inspection
from b, the cycle has three (out of the total four) matching responses. (Bottom)
Calculated error R — Reaulated (difference between measured average transmission
response and expected response) shows mean error is negligibly low with standard
deviation well within the 0.5 threshold band. d-f, Pattern detection error analysis. In
(d), image plot of kernel density estimation of calculated Error = r — reaiculates When
Icalculated 1S O (horizontal axis) and 1 (vertical axis). Distribution is skewed due to
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6.10

6.11

6.12

6.13

7.1

7.2

contributions from null signals when IN = 0. In (e) and (f), histogram of distribution
counts of Error when IN = 1, with reicuates = 0 and 1 respectively.

Scaling architecture for image recognition using associative learning network. a, The
general associative neural network composed of an input layer (IN1-IN1gs, T1-T1gs),
associative layer (stimuli s;-s, association) and output layer (transmission R). The input
signal is the pattern (pixels from image) to be classified, and the external teacher
provides the desired set of output values chosen to represent the class of patterns
being learned. During training, the input layer (IN:1-INiss, Ti-Tiss) is fed into the
associative layer. Associative layer consists of AMLEs with states that are modified
when both the input and external teacher signals are paired together. A model
representation of the trained images is then obtained by sending a preprocessed input
signal of blank white image to propagate through the layers. b, Optical on-chip
implementation of the input layer, associative layer and output layer respectively. The
associative layer, which consists of thermo-optic NiCr heaters, distributes the
combination of the input and external teacher signals (from the input layer) as s; and
s, inputs to the respective AMLEs. The output layer consists of a summation unit to
sum up the output response from the AMLEs to form the net output.

Training the associative learning network to identify cat images. Bounding box
corners indicate region of interest.

Image recognition experiment — measurement setup and transmission data. a,
Measurement setup. A set of supervisory Teacher signals (blue) is distributed to each
of the Input signals (red; wavelength-multiplexed from spectrally filtered (SF) white
laser (CW)) and switched between pump and probe lines. 195 pairs of Teacher and
Input pixels are rastered across the four hardware AMLEs. b, Plot of measured output
transmission R after the training process (for training sets 1-5 shown in Fig. 6.11).
Transmission values are divided into that above and within the yellow bands, bordering
at threshold R = 0.05. ¢, Transmission plots rearranged to form a 15x13-pixel image for
each training sets. d, Normalised cat representation after cumulatively adding the
transmission values in (c).

Cat representation and testing images: comparison. a, Cat representation obtained
from measurements (Fig. 6.12d). b, Testing images to test if the network can correctly
classify pictures as cat and non-cat. ¢, The network successfully recognised cat and non-
cat images based on the squared Euclidean distance I (rep; — im;)> measured over the
testing images for each of the 15x13 pixels.

Deep learning network architecture using gradient descent algorithm. a, Deep
learning consists of at least one hidden layer of nodes (that is, at least two layers of
weights). Nodes (red circle) in each layer are connected to those in subsequent layers
with connection strengths represented by weights (yellow). b, Model of deep learning
network node. Except for those in input layer, each node is a nonlinear activation
function f{-) of the weighted sum of the nodes in previous layer (f(ax fiayer j1]) X Wnode k
nayerj1). Gradient of error function is computed by layer by layer.

Associative learning network. a, Associative learning consists of one hidden layer of
weights. Outputs from layer j=2 nodes are sent together with the teacher signals by to
the weights. Weights are adjusted when both layer j=2 outputs and by carries a signal.
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7.3

7.4

7.5

7.6

7.7

Node in layer j=3 outputs the thresholded weighted sum of layer j=2 outputs. b.
Computation proceeds in forward direction.

Number of iterations comparison. a, Plots of mean squared error (MSE) against n
number of iterations to convergence (to successfully learn pattern in Table 7.1), using
associative learning network, DNN (gradient descent (GD) algorithm) and ENN (genetic
algorithm (GA)). Learning rate set at 7jain = 0.1. Mean values and standard deviations
(for 20 cycles) represented as solid curves and error bands. b, Plots of n iterations to
convergence for associative learning network and DNN with varying number of hidden
layers (from 1 to 3, labelled 1h - 3h) and learning rates (from 0.01 to 1). Single-shot
learning using associative learning network when 7.in = 1, regardless of number of
inputs.

Applying associative learning in DNN. a, Simplified depiction of DNN architecture
(compare Fig. 7.1a). At each iteration, weights wy;.1) have to be calculated (in forward
direction) before they are refined during training (in backward direction). b, Modified
DNN architecture (modified DRTP) to simplify (a), after applying associative learning.
An a priori determined static set of Teacher signals Tjj.1 are instead sent during
training without having to calculate the weights wy; ).

Modified DRTP: Convergence and feature extraction. a-b, Convergence comparison
between DNN (a) and modified DRTP (b). The two approaches are within the same
order of convergence. c-e, Feature extraction from hidden layer nodes. Although the
expected output Outin = [x,X,%,%,0,%,X,X,0,X,X,X,X,X,1,X] generally leads to the shown
feature in third hidden layer node when Input = [1,1,1,1] (details shown in (d)), there
are subtle exceptions to such generalisations (as shown in (e)). It can be prohibitively
complex to take into account all details in the generalisation using if-else conditions.
Such complex features can be readily extracted using numeric Al approaches (such as
DNN and modified DRTP — as shown here). In the plots, H[15] represents the hidden
layer nodes with such Input combinations, while x denote ‘don’t-care term’.
Comparison between AMLE and GST-deposited Y-combiners. a-d, Optical field |E]|
profile of Y-combiner 1 (a,b) and Y-combiner 2 (c,d) at 1.58 um wavelength when GST
cell (yellow outline) are at crystalline (a and c; before learning) and amorphous (b and
d; after learning) structural state. Inset: Output cross-section |E| profiles at locations
denoted by black vertical bars. Colour bar is normalised. e, Bar plot of normalised | E]|
profile at site prior to GST cell for Y-combiner 1 (both inputs at 1.58 um wavelength,
labelled Y1), Y-combiner 2 (both inputs at 1.58 um wavelength, labelled Y,), Y-combiner
2 (top input at 1.55 um wavelength and bottom input at 1.58 um, labelled Y;’), and
AMLE (both inputs at 1.58 um wavelength). |E| normalised to amplitude of single
input.

Mutual/two-way associative learning s; 2 s,. a-b, Profile of simulated optical field | E|
in device before (a, crystalline GST) and after (b, amorphous GST) learning. Resulting
outputs ri’ (r2’) is comparable with r> (r1). Inset: Cross section of output field at locations
denoted by black vertical bars. Colour bar is normalised to enhance output visual
contrast. ¢, Corresponding output | E| cross-sectional curve, showing distinct contrast
between r; and ri’ (blue band) with r; and ry’ (red band). The transmission tendencies
are signatures of s1 2 s,.
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7.8

7.9

7.10

7.11

7.12

8.1

Photonic CAM architecture. a, Schematic of architecture. Search datain each n column
is divided equally (by M+1 rows) to the respective matrix cell in the column using a set
of directional couplers. Content in each m row is sorted and distributed (based on their
designated wavelengths) to the respective matrix cells using a set of optical resonators.
Information in the content and search data can be masked when queried to infer
associations, i.e., to search for content which have some part (but not all parts) in
common with one another. Output from each matrix cell is collectively coupled via set
of directional couplers to a shared output line. This combines the signal with those
from other matrix cells for the respective row, to form a resulting matching response
rm. b, Schematic of CAM array unit that corresponds to that in (a). Input signals from
content (red arrow) and search data (blue arrow) are filtered in red and blue boxes
respectively before being sent to matrix cell (purple). Remaining signals channeled to
other units (in the next row or column; via black outgoing arrows) for the same process.
Output signal from associative element combined with that of preceding column (black
incoming arrow) in green box. The resulting output matching response (green arrow)
combined with output signals from other units.

CAM design layout. a, Photonic CAM with 4 rows and 4 columns. The layout
corresponds to the architecture in Fig. 7.7a. b, CAM array unit based on schematic in
Fig. 7.8b.

CAM components on SOI platform. a, Optical field |E| profile of waveguide crossing.
b-d, |E| profile of combiners. Conventional 2x1 MMI combiner (based on 1x2 MMI
design described in Fig. 6.2 in Chapter 2, for example in c) has transmission ~50%.
Other structures with seemingly 100% transmission (such as that in (b)) excites
radiative modes at the output waveguide walls: this causes signal loss. To circumvent
such loss, cascade of 2x2 and 2x1 MMI can be used (d). e, | E| profile of ring resonator
coupled to two waveguides. f, Optical field intensity|E|? profile of optical splitter
(directional coupler). Signal energy transfer is a function of coupling length.

Photonic CAM for Hopfield network: comparison and applications. a,b, Comparison
between all-parallel electronic and photonic Hopfield network. All-parallel electronic
network can achieve full parallelisation, but at the expense of complex wiring that
scales ~ exponentially with the number of inputs. Photonic network can implement
parallel processing using WDM. ¢, The photonic Hopfield network is simulated to solve
the traveling salesman problem for the shown coordinates (A, B, C, and D). The shortest
possible route is shown (C = D = A - B). d, Energy (convergence) plot. The route
converges as the energy is low (within ~50 a.u.).

Perceptron-like simplification in CAM. a, The row elements in CAM can be likened to
a perceptron. The weights are modified when both ‘search’ and ‘content’ data is
respectively sent. b, The weighted sums can be parallelised on a single channel when
implemented photonically.

Prospective research streams on associative learning Al architecture. Architecture
proposed and adopted in Chapter 6 enables associative detection, apparent (but not
complex) generalisation, and deductive reasoning (or symbolic logic) on actively
retrieved labels. It is desirable to embed the ability to infer/generalise complex
features from datasets that are automatically-created or passively-retrieved labels.
Attempts to link associative learning for complex generalisation in Chapter 7 are based
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on simplifications from DNN, and are thus computationally-intensive. It is
advantageous to have an algorithm that offers higher computational efficiency.

Fabrication and characterisation equipment. a, Electron beam lithography tool (JEOL
JBX-5500ZC). b, Thermal evaporator (Edwards 306). c, Sputtering tool chamber (i) and
control system (ii) (Nordiko). d, Reactive-ion etching (Plasmalab 80Plus). e, Mask
aligner (Karl Suss MJB 3). f, Plasma cleaning tool (Henniker Plasma HPT-200). g,
Profilometer (DektakXT Bruker). h, Spincoater. i, Wire bonder (K&S 4524 Manual Ball
Bonder) j, Scanning electron microscope (Hitachi S-4300). k, Optical microscope (Nikon
Eclipse LV100 ND).

Proximity effect correction. a, Corrected dose profile as simulated using Beamer
software. Correction is significant at closely-packed regions with sharp corners (boxed).
b, Enlarged view of the boxed region in (a). Colour scale indicates relative dose
proportional to the degree of underexposure.
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Chapter 1

1. Introduction

This chapter introduces the author’s research project. It explains the research background,
relevant concepts to the research, research contribution, and structure of thesis organisation. The
conceptual bases for the investigation are associative learning, and artificial intelligence hardware

acceleration.

1.1. Research background

It is said that the human brain - which has strong learning, reasoning and understanding capabilities -
is ‘the most complex object in the known universe’ 1. There are active ongoing attempts to model the
learning system 2%. One of the simplest forms of learning mechanism known to us is Pavlovian
associative learning >® where presentation of one input signal elicits the recall of another signal upon
spatial and/or temporal co-occurrence. In this thesis, hardware devices that demonstrate this using
light — on a chip — are introduced. Then, their scaled-up implementations to solve learning tasks are

discussed.

1.1.1 What s learning?

One of the most important age-old problems that we still wrestle with is on deciphering the inner
workings of our physical selves. This is particularly the case on how the brain exactly works. Today, we
commonly attribute learning to the formation and processing of thoughts in the brain 7. Learning
mechanisms in nature have long inspired humans to replicate and build devices seemingly-endowed
with intelligence 8°. Attempts to build such devices are based on the assumption that intelligence can

be mechanised %13,

Throughout history, various constructs that give the impression to the casual observer that
they are taking actions on their own volition have been built. An example is a certain automaton that
follows fixed sequences of instructions. Because these actions are predetermined with no regards to
cues from its environment 12>, such a device is not a learning device. The modern computer, on the
other hand, is a learning construct when it is programmed to transform a set of inputs (with real-world

concepts) and process them to a set of outputs that respond to the inputs 617,



Common in learning constructs are entities with memory abilities, which can be classified into
biological, psychological and artificial. Artificial learning entities are inspired by biological or
psychological learning models. The different learning entities are mapped in Fig. 1.1. The author’s
research contributions to the broader body of learning entities are bordered green in the figure. These
contributions are inspired by concepts related to associative learning. They are Pavlovian learning

(known also as classical conditioning) °, and Hebbian learning &.

Learning entity

/ Artificial
Biological \- Artificial

neuron

Biological neuron Psychological
Cajal, 13 Kohonen map McCulloch & Pitts
: Biological synapse Associative Kohonen, 1980 neuron ~ ADALINE
Integrate-and-fire 4 Sherrington, 1897 learning McCulloch & Pitts, 1943 Widrow & Hoff, 196
model  Hodgkin-Huxley  sanford, 195¢ .
Lapicque, 19( model Katz & Miledi, 19¢ Artificial Perceptron
. Hodgkin & Huxley, 1952 Classical synapse Rosenblatt, 1957
Spiking neural L Operant conditioning—, Klopf, 1972 , 195
network - ; conditioning  Pavloy, 192 SEotel. & ‘ / MADALINE
Maass, 1995 FitzHugh-Nagumo Hebbian - - o 70 Alkon et al., 1990/—p——1 ] e b
model learning OFNCING il ]
FitzHugh & Hebb, 1949 perceptron| pMLP axter, 19¢
Nagumo, 196 S : lyakhnenko
so naptic
Mod|f1ed plasticity AMLE . & Lapa, 19
5 Hebbian in classical Tan et al., 202 !
Morris-Lecar STDP learning ditioni D | K
model Hindmarsh-Rose ] conditioning eep neural networ
FitzHugh & model Taylor, 197 Carew et al., 1984 Rumelhart, Hinton
Nagumo, 1981 Hindmarsh & BuEﬁ\Mw & Williams, 1986
Rose 198 ' 4
' e DRTP
Photonic Hopfield Modified | Frenkel, Lefebvre,____ LillicrapDEQAal —
CAM > network DRTP & Bol, 2019 =
Tan et al., 2021 Little, 1974

Fig. 1.1. Learning entities. Biological, psychological and artificial learning make up the three main
learning entities we know of today. Other learning mechanisms are derived from these entities. For
example, the basic concepts of content addressable memory (CAM) can be traced back to the
neuroscientific (biological) theory of Hebbian learning, which explains that correlated activation of
neural signal inputs lead to strengthening of the input-output connection. Green bordered boxes
denote learning entities realised during the author’s DPhil studies. Other abbreviated learning entities
are Adaptive Linear Neuron (ADALINE) and Many ADALINE (MADALINE), Associative Monadic Learning
Element (AMLE), Direct Feedback Alignment (DFA), Direct Random Target Projection (DRTP),
Dynamically Stable Associative Learning (DYSTAL), multilayer perceptron (MLP), and Spike-Timing-
Dependent Plasticity (STDP).

The neurological work by Cajal on neurons and Sherrington on neuron connections (synapses)
forms the basis of most Al systems (see models in Fig. 1.2). Cajal proposed that neurons are not

continuous but contiguous 8, while Sherrington emphasised that distinct neurons are connected via

1

synapses °. Notable neuron models are shown in Fig. 1.2a. In the biologically-plausible leaky

t/T

integrate-and-fire neuron model %, the output evolves with e?/* after time t when the weighted sum

of the inputs x exceeds threshold yin, where tis the time constant. McCulloch and Pitts simplified the
2



model by replacing the factor e*/* with a constant 2%. Rosenblatt, in his perceptron model, considers

weighted inputs in the model 2. Later in Chapter 7, the concept of the parallel perceptron is discussed.

a Neuron models

- - - Perceptron y =Swx
Leaky integrate-and-fire neuron McCulloch & Pitts neuron i
X X X‘%‘ fy<y,z=0
w.
1\ l\ w, Ify2y ,z=c
W - y 3 — 5 7 3 — AT s th o
2 s ” B
/ T ] X, Yar
Xn Yin Xy Ven
- s !
y=Iwx y=ix Parallel perceptron y=Swx
|fy<yﬂ"z=0 |fy<y,h,2=0 X': |fy<yllz=0
x
b Synapse and associative learning models
Hebbian learning Modified Hebbian learning AMLE n
o z i , B g0, z=2w,aq,
«—b b » Aw = aab
2
z=wa z=wa “ X[
Aw = aab Aw = aab a,
b

Fig. 1.2. Learning models. Learning models can in general be divided to neuron models %2 (a) ,
synapse ’ and associative learning > models (b). Whereas the output response in leaky integrate-and-
fire neuron varies with e¥* (where t and t are respectively the time elapsed and time constant) after
learning, the output response in other neuron models remain at constant ¢, after the learning process.
Green bordered boxes denote the learning platform introduced during the author’s DPhil studies. In
particular, the parallel perceptron model is applied to the photonic CAM discussed in Chapter 7. The
AMLE, on the other hand, is comparable to the concept of Hebbian learning (and CAM — see Fig. 1.1)
which states that the strengthening of input-output connections is due to the correlated activation of
their inputs. In AMLE however, the input b ‘supervises’ the learning process such that any of the inputs
a that is activated at the same time as input b would produce an output response similar to that from
b. Although there are some similarities between Hebbian learning and AMLE, it is important to note
that AMLE is inspired by the psychological process of Pavlovian associative learning, and not from
Hebbian learning.

One synapse model (Fig. 1.2b), Hebbian learning — which attributes the increase in input-
output connection weight to repeated and persistent stimulation of the inputs - is usually the
reference to describe synapses. A modification to this can be made by organising the inputs to the
same directions. This is labelled ‘modified Hebbian learning’ in Fig. 1.2. On a hardware level, such
input reorganisation ensures unidirectionality. Compared to that involve bidirectional signals, this is
more straightforward to manage. For example, on an optical hardware platform, the unidirectionality
eliminates the need for optical isolators which is typically applied to manage bidirectional signals. An
extension of these Hebbian synapse models is the Associative Learning Monadic Element (AMLE)

3



device (Fig. 1.2b), which is inspired by Pavlovian associative learning ®>, where the connection weights
are modified when both the Input a and Teacher b are paired, with weighted sum of the inputs as the

output.

1.1.2 Artificial intelligence and its physical implementations

The hardware built by the author models learning capabilities of living things in nature. Such ability is
known as artificial intelligence (Al). It involves adapting, improvising and generalising from examples
to apply in unfamiliar scenarios %, for example by recognising objects, and responding to speech. For
much of early history on Al, learning has been regarded as a mental discourse involving methodical
manipulation of symbols 242 that can be explicitly framed into a set of if-else statements. However,
the learning process can be based on approximations too: this is typically applied in human (and
animal) problem-solving strategies 2’ where carefully choreographed steps are employed to extract
information from prior experiences with similar problems. The steps - however rational — are not
guaranteed to exactly solve the problem, but can accurately approximate the desired solution. Indeed,
in solving many Al tasks, a phletora of approximation tools (especially gradient descent optimisation
2829) are widely used today. Unlike their symbolic counterparts, such ‘numeric’ approaches often

provide useful abstract representations of seemingly unapparent features in the input datasets 331,
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Fig. 1.3. Timeline of Al. Milestones in Al are indicated. The history of Al is marked by a period of

32 and currently renewed 33033 interests, funding, development and

increase 2%, then decrease
deployment of Al. These are respectively known as Al golden years, winter and spring. Abbreviated
terms CNN and XOR respectively denote convolutional neural network and eXclusive OR Boolean logic

operation.

Important milestones in Al are indicated in Fig. 1.3. The McCulloch and Pitts model % marks

the advent of Al. Conventional Al systems today adopt the perceptron model (extension of McCulloch
4



and Pitts model) in some way or another 333, Minsky and Papert argued that the perceptron could
only learn linearly (but not nonlinearly) separable functions 32, which sparked a period of reduced
funding and interest in Al (known as ‘Al winter’). This was found to be true with single-layer
perceptrons, and multilayer perceptrons can address this limitation. Multilayer perceptron was
developed by lvakhnenko and Lapa in 1967 3 and is commonly adopted in the form of the well-known

‘deep learning’ today *.

‘Deep learning’ has been criticised as not biologically plausible or realistic 337, There is
currently a growing field to develop networks that more closely mimic biological neural network which
can match the learning efficiency of conventional Al 38, for instance spiking neural network 394° — see
conceptual map in Fig. 1.1. Although this may seem unnecessary given that networks using this model
have already found extensive uses with high task accuracy *%, it is a justified endeavour considering
the fact that the computation power consumption in the brain is about tenfold lower than a computer,
and does not require huge number of iterations to solve detection problems **** (compared to current
state-of the-art Al systems %3). We may perhaps find an equally or more powerful architecture or

algorithm somewhere along the line of emulating the workings of a biological neural network.

1.1.3 Associative learning hardware

The perceptron model (in the form of deep learning) has gained acclaim for its inferencing accuracy
when trained with huge amounts of data. It is part of a broader profusion of Al models we have today.
Depending on requirements and/or applications, different Al models may be used. For example, the
‘Random Forest’ Al model can be used when it is important to select the most significant feature in a
classification problem #. Such interpretability is absent in deep learning. As Al tasks in general are
composed of interpenetrating needs and requirements, each of the various Al models with their own
respective strengths complement one another. Important events on associative learning are

summarised in Fig. 1.4.

From an elevated view, although Al models (indicated in Fig. 1.4) share the same attribute of
associating input features “¢%8, they can be categorised based on three attributes: association
detection, inductive learning and deductive reasoning (details in Fig. 1.5). Association detection

hardware look for correlated patterns -3

which respond to a set of input signals to associate input
patterns that are similar, contrary, in close proximity (spatial) or in close succession (temporal).
Inductive learning hardware extracts features to draw inferences. They predict rare events from
temporal and sequential patterns of timestamped observations by making generalisations®?.

Hardware with complex generalisation capabilities (subset of inductive learning) infers relationships
5



between seemingly unapparent or unrelated events by developing a simplistic yet realistic account of
the set of data presented with no prior knowledge, even in the presence of multiple confounding

49,50,52,53

factors On the other hand, hardware with deductive reasoning identifies how a system

reaches a particular solution, normally by framing the problem in a well-understood form.
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Fig. 1.4. Timeline of associative learning. Major forms of ‘associative learning’ are: operant and
classical conditioning. Operant conditioning — studied in detail by Thorndike ** and Skinner > —
associates input with output signal during the learning process. This is in contrast to classical
conditioning, in which learning occurs from association of input signals >, Inspired by these learning
mechanisms (in some way or another), various associative learning systems have been realised.
Optical or photonic implementations are shaded in grey. Green bordered boxes denote the learning
platform introduced during the author’s DPhil studies. Abbreviated term OE-CAM denotes opto-
electronic content addressable memory.

Practical applications of such hardware include giving insights into the operations of asset
operations *’. With the ability to predict temporal event sequence via associations, the hardware
provides predictive and prescriptive capabilities to improve situational performance and reliability.
For example, to ensure the smooth running of assets and to increase efficiency in both energy and
resource consumption %, to aid prognosticating equipment failure, to avoid unplanned downtime
cost, to identify imminent potential equipment failures, and to better balance supply with anticipated

demand levels in industrial plants >,

Today, there is no one single Al system that possess both learning and reasoning attributes.
Whereas symbolic systems can explicitly reason how it arrives at the solution and are straightforward,
numeric ones can solve problems with complex variations efficiently - but lacks interpretability and

typically require many iterations to converge to a reliable solution. It can be prohibitively complex for
6



symbolic systems anticipate all possibilities of complex variations. However, symbolic and numeric

approaches need not be mutually exclusive. It is desirable to harness the advantages of both in a single

6.

system 62, Realization for such a still-largely-elusive system (known as ‘neurosymbolic Al’ ) is

expected to be highly disruptive.
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Fig. 1.5. Learning by associations: general domains. Learning mechanisms can be classified based on

the ability to detect associations >*%4, inductively learn (complex generalisation, and apparent
generalisation ®#%7) and deductively reason %#%8, Green bordered boxes denote the learning platform
introduced during the author’s DPhil studies.

The processing of information in Al hardware has traditionally been carried out electronically

49-53,57-61 22,53,65,67,68
) .

including hardware that implement associations Optical hardware that
implements associations include AMLE network ® and all-optical on-chip CAM ®. These are
summarised in Fig. 1.6. In recent years, optical Al processing has gained considerable interests, given
the ability to simultaneously process input data via WDM for higher processing throughput 7°73, For
example, the commercial femtosecond Erbium-doped laser (C-fiber, Menlosystems GmbH) can readily
provide 10° channels with 100 MHz mode spacing evenly distributed over a 75 nm spectral gain curve
74 In the frequency comb, the phase-locked loop technique is used to stabilize the mode frequencies
75, To narrow the mode linewidth of the comb (and thus reduce the possibility of coupling or crosstalk

between the optical modes), chirp-profile optimization control is adopted 7®77.
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network % and all-optical on-chip CAM ®. Green bordered boxes denote the learning platform
introduced during the author’s DPhil studies.

1.2. Research design

A new perspective to Al, discussed in this thesis, pictures associative learning as the building block in
learning architectures. The learning mechanism is based on the work by Ivan P. Pavlov, who
demonstrated the recall of a signal upon temporal co-occurrence with another signal >. Inspired by
this learning process, a hardware that computes explicit associations is realised. Al applications such
as pattern recognition and image recognition are demonstrated using the hardware. The hardware
runs on optical signals. The optical properties of phase change materials are suitable for memory
element based on silicon optical waveguide. This has led to its adoption for the purpose of realizing

the hardware.

1.3 Layout
This thesis is structured as follows:

e Chapter 2 reviews the development of processing hardware, including the ongoing research on
optical computing and Al hardware. It discusses approaches to address the need for high
processing speed and throughput.

e Chapter 3 describes an optical device that implements associative learning based on the concepts
of Pavlovian associative learning. The concept is first described. Then, the two complementary on-
chip layout designs to measure the device, and the steps to fabricate them are elucidated.

e Chapter 4 introduces the experimental setups to measure the optical associative learning device.
Then, the conception of two complementary on-chip layouts to address the erratic fluctuation of
optical phases (due to measurement environment) is described.

e Chapter 5 shows the experimental results, using the two different measurement setups that
applies different methodologies described in Chapter 4. The complementary methods allow the
author to cross validate the measurement results and extract important information about the
learning process.

e Chapter 6 discusses the scaled-up implementation of the associative learning device based on the
similarities between the concept of supervised learning and associative learning. The scaled-up
hardware is used to solve pattern and image recognition tasks.

e Chapter 7 compares associative learning with the ‘deep neural network’ approach (conventional
machine learning), and lays out open questions about associative learning. Then, other associative

learning devices are reviewed.



Chapter 8 concludes the thesis by summarising key results, determines the current limitations of

the device, and projects future directions and implementations to overcome them.

1.4 Main findings

Key results and new science in the work described in this thesis include:
Experimental realisation of Pavlovian associative learning device
Experimental schemes to observe photonic associative learning
Scaled-up associative learning hardware that accelerates Al tasks (pattern and image recognition)
Mapping of supervised learning concept in Al to Pavlovian associative learning
Experimental methods to demonstrate very high computational density on associative learning
hardware
Experimental methods to build a model representation of training images for image recognition.
Implementation of other related devices in the broader family of associative learning (mutual/two-
way associative learning element, and content addressable memory CAM). In particular, a highly-

scalable on-chip optical CAM architecture

We have discussed the different classifications of learning entities, and relevant learning models.
Background of Al and associative learning are provided to help readers to grasp the big picture
perspective of the field. The discussion is then narrowed down to associative learning, in which
related works are arranged based on their ability to detect, learn and/or reason from an
experiential process. As will be discussed in Chapter 6, the comparable concepts between
supervised learning in Al and associative learning provides a more intuitive approach to Al. Finally,

the research design, layout and main findings are outlined.
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Chapter 2

2. Optical information processing

This chapter reviews the development of processing hardware, including the ongoing research on
optical computing and Al hardware. It discusses approaches to address the need for high

processing speed and throughput.

2.1 Computing hardware

Various methods have been used to aid computation in the past. They include counting methods (for
example using fingers, tally stick, and markers on checkered cloth), and mechanical aids (such as
weaving tools) 78, As these tools increase in functionality and complexity, it became imperative to have
a multi-purpose system that is able to perform a wide range of computations. This system — in the
form of a general purpose computer —was conceived by Babbage in 1883 6, with elements still applied

in modern generic computers today: they are arithmetic logic units, conditional branching/loops, and

memory.
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Fig. 2.1. Timeline of computer processing. The invention of the transistor ushered in the electronic
age in 1947 7°#°, The field of optical processing bloomed for a short period of time from 1964 8! before

8 and

slowing down in 1971 largely due to the proliferation of electronic microprocessors
microcontrollers 8. The realisation of large scale integrated optoelectronics in 2005 attracted
renewed interests in optical processing 8. Optical or photonic implementations are shaded in grey.
Abbreviated terms MOS and SAR respectively denote metal oxide semiconductor, and synthetic-

aperture radar.
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However, Babbage’s computing system was limited in terms of programmability, as it only
accepts fixed programmed data as inputs by using mechanical punch cards *'. Early electronic
equivalents (Colossus in 1944 ® and Eniac in 1945 ) also relied on fixed programmes. In these early
electronic computers, new tasks could only be initiated by modifying the wiring and switches on the
computer. Things took a turn in 1936, when Alan Turing envisioned manipulating symbols (data) for
computation #: This hinted towards programmable computer which was explicitly conceived in 1945

by von Neumann 88 and later implemented in Manchester Baby in 1948 &,

A timeline depicting key events in computer processing is provided in Fig. 2.1. The field of
optical/optoelectronic processing developed alongside electronic computing. It experienced dramatic
growth sparked by the use of liquid crystals to electrically modulate optical signals &, but fell into

2

decline with the inventions of electronic microprocessors 8 and microcontrollers 8. There is current

revival of interest in the field commonly attributed to two factors: efficient signal waveguiding using

silicon structures *°

, and the adoption of complementary metal oxide semiconductor (CMOS)-
compatible solutions to photonic integrated circuit. The large scale integrated optoelectronic circuit
reported in 2015 # — although electrically modulated/processed - demonstrates that on-chip circuit

running on optical signals is indeed possible.

Computing hardware

|
l l
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l l —l purpose function
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i ] |
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Fig. 2.2. Types of computing hardware. Computing hardware can be divided to analog, digital or a
combination of both. General-purpose hardware can perform any types of computations. To expedite
the computation process, specialised and/or fixed function hardware is used. One such hardware is

the Al accelerator, which can take various forms (for example, in-memory computing hardware %2,
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graphical processing unit (GPU) %3, content addressable memory (CAM) ®%, tensor processing unit (TPU)
% field-programmable gate array (FPGA) *® or application-specific integrated circuit (ASIC) ¥7).

Today, computing hardware can be classified into three types: analog, digital, and a hybrid of
the two (details in Fig. 2.2). Analogue computers process continuous-valued data, while digital
computers process discrete data (for example binary-valued data). Most commercial computers today
are general purpose computers based on the ‘von Neumann architecture’ with the central processing
unit (CPU) and memory unit as the main physical components. The CPU executes instructions provided
by the programmes, while the memory unit stores general data and instructions. Overall, the
computer follows the instruction cycle %:

i. Control unit checks programme counter for memory location where instruction is stored

ii. Control unit fetches instruction from location in memory unit

iii. Instruction register (in control unit) decodes instruction. Decoded instructions sent to arithmetic
logic unit (ALU) for action to be executed

iv. Results from ALU stored in CPU register

During the instruction cycle, memories are used for different purposes. These memories can
be classified based on their access speed. Primary storage has the highest access speed, while
secondary storage is more distant to the CPU and is non-volatile. Other storages such as tertiary
storage and off-line storage (for example, removable media drive and removable medium) do not
form the main essential component of the computing process. Today, we use transistor memories %

103-107

102 35 both primary and secondary storage; and charged ion migration memories , spin-logic

108,109 ) 110-117

memories and phase change memory (PCM as secondary storage.

In order to accelerate computation, certain computing tasks are offloaded onto specialised
hardware components. Such specialised hardware include analogue accelerators (such as convolution
solver, differential equation solver and in-memory computing hardware °+°2), and digital accelerators

) %3 and tensor processing unit (TPU) *°). Other ways to

(for example, graphical processing unit (GPU
accelerate computation include specifying logic function in hardware (for example application-specific
integrated circuit (ASIC) which has custom designed hardware logic functions ¥, and field-
programmable gate array (FPGA) which configures logic functions using programming languages after
manufacturing %). These computing hardware can be made to perform certain functions more

efficiently — for example to accelerate Al computations.
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2.2 Optical computing hardware

Central to most computing operations is the switch. In early electronic computers, relays and vacuum
tubes were used. As computers increased in complexity and functionality, it became apparent that
energy-efficient switches (that modulate signals by a separate lower-power trigger signal) held the
key to mass-efficient computers. The ubiquitous electronic devices we have today can be attributed
to the monolithic integration of large numbers of these energy-efficient switches *#12° commonly
known as ‘transistors’ 7280121126 The transistors in today’s commercial computers operate using
electronic signals. The natural property of electrons to repel against each other facilitates the use of

electrons as processing signals.

2.2.1 Optical processing

There is a surge of interest to use light instead of electrons to process information 773, given the
increasing demand for information resources and services that in turn entails the need for faster signal
processing. Research in optical processing is generally aimed at bringing about transformation similar
to that in optical communications ® which offers wide bandwidth, low latency and energy efficient

signal propagation %/,

However, there is a caveat: light signals do not naturally interact in a linear medium %, Their
field components would algebraically sum together (‘interfere’) and pass through one another as if
unperturbed %, Although light can experience interaction in a nonlinear medium 128130132 thijg
requires very high field intensity (> 108 V/m 3%) which makes this interaction approach unfeasible for
many practical processing applications. To enhance nonlinearity, various optical field enhancement
schemes have been suggested, for example using ultrashort pulses 34, and using near-zero index
materials 13, The search for the elusive reliable light-light interaction approach for processing remains

an active ongoing research area 3% Table 2.1 compares the optical processing methods available.

Having good control of optical signals is the enabling factor to all-optical computing. To
navigate the tradeoffs between optics and electronics, we commonly resort to optoelectronic
conversions and/or processing. Such a balancing approach harnesses the natural ability of electrons
to interact, and the significantly higher throughput from optical wavelength-division multiplexing
(WDM) %8, Common methods to control optical signals include applying electrical signals to tilt an
array of microscopic mirrors for signal steering, and to shift the optical phase on the interferometric

139

modulators ¥, and photodetectors %° (including ‘linear light-light control’ methods '** which

essentially relies on interferometric modulators to precisely control optical phases). Optoelectronic
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conversion has 30% energy conversion efficiency and suffers from conversion latencies, while
optoelectronic processing is limited by electrical or radio frequency modulation speed (~ 100 GHz

139142) and consumes high energy (for example, about 10 — 20 mW for a thermal interferometric

modulator

143).

In contrast, with light-light interaction (without requiring optoelectronic conversions

and processing), the signal modulation speed could exceed THz range ”® with sub-fJ energy per bit.

Table 2.1. Comparison of optical processing methods.

interactions

Generally proportional to power
per bit 144

~ W per bit 4

Generally proportional to processing
speed 4

Optical - .
X . Power efficiency to trigger X
processing Processing speed e Density
method
Fast Low Medium
~ sub-ps High optical power required to For on-chip, at least several um?
Nonlinear sustain optical nonlinearity &

For free-space, ~ 100 um3 146

Non-volatile
materials

Medium
Conventionally ~ ns 17

Medium
~ several mW (~ nJ energy with ns
pulse) per bit 147:148

Medium
~ tens of um?3 147,148

Optoelectronic
processing

Medium
~ 10 - 100 ps 132142

Medium
Requires typically several tens of
mWs per bit 143

Medium
~0.1 mm?
(~ several mm? area) *3°

Medium
For both electrical-to-optical
converter (modulator) and optical-

Low
Limited by the device’s external
quantum efficiency (EQE) of ~ 30 %

Low
~ 300 pum3 40

Optoelectronic

. to-electrical converter e
conversion

(photoreceiver), ~ 10- 100 ps
139,140,142,149

A rather indirect way to process signals is by using memory elements #7148, For example, in a
PCM memory element-deposited waveguide, the structural state of memory element changes when
an optical trigger signal provide the essential signal state change. The modulation speed is limited by
the PCM crystallisation speed **! (typically in the few GHz range 3) which is inversely related to the

ratio of glass transition temperature over melting temperature 111152,

2.2.2 Optical storage

Besides processing, information storage is essential in a computing hardware. Although optical signal
information can be readily converted to electrical signals to be stored electrically, this introduces
energy conversion loss and conversion latencies 138, Fig. 2.3 summarises key milestones in optical
storage. To store light, the structure that naturally comes to mind is an optical cavity. Optical cavities

are by definition structures that store light 3. The earliest optical cavities are Fabry-Perot
15



interferometer %

and whispering gallery cavity 7. The finest optical storage at
telecommunications wavelength (~ 1.55 um) today has cavity photon lifetime of about 0.1 pus (Q = 200
million at 1.52 um *8) by circulating light within a structure for as long as possible. However, the split-
second lifetime in the structure is impractical for many storage tasks for computing. As light typically

impedes confinement 13%15°, there is currently no efficient optical cavity for storage °°.

Delay line buffers 161162

and slow light buffers 1 are also used to delay signal retrieval for data
‘storage’. In a hypothetical delay line buffer using standard single mode fibre with attenuation of 0.18
dB/km at 1.55 um optical wavelength 1%, only 1.5% of the initial sighal power is left after 100 km: This
would take just 0.5 milliseconds to traverse. In slow light buffers, signal information in the form of
wave envelop (which contains the signal energy) is kept relatively still by tailoring the signal group

velocity 5% sych that it approaches zero. This requires judicious design of structures to support the

high dispersion requisite using coupled resonators 1%7-17°, metamaterials Y*173, atomic vapours 74,
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Fig. 2.3. Timeline of optical storage. Optical cavities were studied as early as 1878 **°, but not for
computing purposes. Early computer memories were based on vacuum tubes %. Beginning 1976,
other forms of optical storages were studied, ranging from optical bistability 1> to material-based
optical memories such as photorefractive holographic material 7 and PCM 47148 Qptical or photonic
implementations are shaded in grey.

Due to difficulties in storing light, signal information has been stored as optical bistable states

177178 'interference condition states 3* and structural states of non-volatile material 147148179181 Both

optical bistability and interference condition shifts for storage are induced using nonlinear effects.

Storage in optical bistable states exploits nonlinear optical effects in lasers (e.g., cross gain modulation

182,183 184

, cross phase modulation ¥, injection locking #1), while modulations to the interference

condition occur due to refractive index shift 1**¥7_ Such nonlinear approaches require high energy to
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sustain optical nonlinearity 12130133 To store information in the structural state of a non-volatile

material, optical pulses generate heat in the material to induce reversible structural state in the

material. To retrieve stored information, a separate optical signal can be sent to measure the

transmission through the material 147148179181 Examples of such materials are PCM 147148188 gng

holographic storage material ’°8!, Table 2.2 compares the optical storages.

Table 2.2. Comparison of optical storages.

Optical cavity

superconducting
Fabry-Perot cavity at
5.9 mm wavelength &

Fabry Perot microwave
cavity, additional energy
is required to cool
superconducting perfect
electric conductor (PEC)
mirrors (e.g., to T~ 1K
189).

. . Storage trigger Power efficienc
Optical Signal storage 8 . 88 Y .
. and retrieval 5 Density
storage duration . To trigger or
rate To sustain storage
release storage
Very short Not available High High Medium
~0.1 ps in WGMs at No additional signal Comparable to Generally inversely
1.52 um wavelength required to sustain cavity signal proportional to storage
&S storage. amplitude (~ duration and
~0.1sin For superconducting mW range). wavelength.

Can range from ~ um3to
0.1 mm?3 (with ~ um to ~
10 mm? area)

for WGM at near-
infrared wavelengths
158,190‘

~ 10 cm? for microwave
Fabry-Perot cavity in &°

shift storage

via change in
refractive index from

index change in
the photonic

storage.

ps pulses) 134

i Very short Not available High Not available Low
Delay line ~ us on-chip ! No additional signal ~ 0.1 cm? on-chip °*
buffers ~ms using optical required to sustain ~ 0.1 m3using optical
fibre 164 storage fibre
Not available Not available High High Low
For linear optical Comparable to For photonic buffers
approaches %3167 no buffer signal (e.g., coupled-
additional signal amplitude (~ waveguides or
required to sustain mW range). resonators), tens to
storage. hundreds of pum?3 163,167,192
i For nonlinear optical For atomic vapours, ~
s':“f’f"ght approaches, additional hundreds of um?3 74
urers signal may be required For microwave buffers,
(e.g., to sustain gain ~ several to tens of cm?
medium %?) 171,173
For buffers using atomic
vapours, additonal
energy is required to
cool the atoms (e.g., to
= HK 174)
. Long High Low High Low
Nc?nllnear Signal state is Typically occurs | High optical power ~mW range On-chip photonic lasers
bistable indefinitely retained in ~ ps 177182186 required to sustain WD and optical amplifiers
storage so long as nonlinearity optical nonlinearity typically range in ~ tens
is sustained 177182186 of um?3 to ~ mm?3 182186
Long Not available High Low Low
. Signal state is Rate of change No additional signal ~GW range (2 Hundreds of pm3 134
Nonlinear permanently modified | of refractive required to sustain mJ energy with
interference

temperature 1*°

~ ns 117

several mW (~

optical nonlinear structure
pulses 34
Non-volatile Long Medium High Medium Medium
materials ~ 10 years at room Conventionally For PCM, ~ For PCM, ~ tens of um?

147,148
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No additional signal nJ energy with For photorefractive

required to sustain ns pulses) #7:148 | crystals, ~ 0.1 mm?3 18
storage. For
photorefractive
crystals, ~
several tens of
mwW 181
. Long Medium Medium Medium Medium
Electronically , - " . . 3
. Signal state is ~ 10- 100 ps Continuous electrical Typically ~0.1 mm
-mediated 139,142 ; ; 2 139
permanently set for as . signal supply required to | several tens of (~ several mm? area)
storage . . R VB
long as electrical sustain optical signal mWs

signal is supplied. state.

2.2.3 Photonic integrated circuit

The field of photonic integrated circuit began in earnest in 1969. In a seminal paper 3, Miller
envisioned microphotonic integration similar to electronic integration of circuit components onto a
single chip 1%. The proposal came at a time when optical modes were extensively studied *#'%, when
the high attenuation in glass optical waveguides was determined to be from impurities **® and when
the laser was invented by Maiman . Notably, the microphotonic basic building blocks identified by

Miller (lasers, modulators, photodetectors) still hold today. They are shown in Fig. 2.4.

a. Active components
Laser Amplifier Photodetector

QA SOAibalano’e(d detector pair
 AWRIEAN
el (\ T 1T BLH

IR ERN A1
TFRNN Ny 4

output

waveguide

b. Modulators
Amplitude modulator Polarization modulator

£ AF =% Heaters
PETRE S
" g = = " I

» |
~£r “*Z  Grating Couplers

Bond Pad

»

¢. Passive components
Waveguide Splitter/combiner Delay line Multiplexer/demultiplexer Wavelength filter

Fig. 2.4. Main components in integrated photonic circuit. Components can be divided into active

components (a), modulators (b), and passive components (c). Common active components include

lasers %8, amplifiers 1*° and photodetectors 2. Types of modulators include amplitude 2°!, phase 2%,
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and polarisation modulators. Common passive components include waveguide “*, splitter or

combiner 2%, delay line *°%, and multiplexer or demultiplexer 2% and wavelength filter 27.

It is desirable to have the components in Fig. 2.4 monolithically integrated onto a silicon chip,
using technology from the microelectronics industry. However, it is not straightforward to realise
silicon-based laser and photodetector, as crystalline silicon has an indirect bandgap of 1.1 eV (~ 1.12
nm wavelength) 2%, As such, other materials have been considered. They are compared in Table 2.3.
Hybrid and heterogenous integration of SisNg, silicon, InP system, LiNbOs and polymer are adopted for
cheap, practical and ubiquitious photonic system (details in Fig. 2.5). For example, due to the high cost
of InP system, monolithic integration of InP photonic components is less usual. Instead, the material,
which is typically used to construct lasers, is commonly co-integrated with silicon-based waveguides
(SisN4 and silicon) or LiNbOs modulators. It is usual to also co-integrate germanium (Ge) and cerium-
substituted yttrium iron garnet (CE:YIG) on silicon-based platforms. Ge — with direct bandgap of 0.8
eV (i.e., at 1.55 um wavelength) 2 — can be monolithically integrated on silicon for silicon-based
photodetection 2, with the two-step Ge-on-Si heteroepitaxial growth process widely adopted to
circumvent the 4% Ge-Si lattice mismatch problem 2. Ce:YIG have been bonded to silicon-based

waveguides to realize optical isolators and circulators 212,

Table 2.3. Comparison of materials for photonic integrated circuit.

o, CMOS .
Material Density ey fabrication Main
Laser Amp PD Modulator | compatibility features
Medium Medium Medium Medium Medium Medium Cheap
(nrer=2.1at | Hybrid 214, Hybrid 24 Hybrid, Medium (CMOS fab (abundant:27
1.55 um heterogenous 2. heterogenous | electro-optic | compatible % of Earth'’s
wavelength | Generally 2L (EQ) 213 but not crust is silicon
20 insulating (= 5 eV coefficient (= | CMOS 221), Process-
indirect bandgap 6 pmV-1218) compatible dependent
213) when low material
SisNg pressure properties 222,
chemical
vapour
deposition
(LPCVD)
annealed at
temperature >
1000°C 229)
High Medium Medium Medium High (when High 2%° Cheap.
(nref = 3.44 Hybrid 224, Hybrid 2%, Hybrid 23°, doped) Good for
at 1.55 um heterogenous %%, heterogenous | monolithic 2! Monolithic, electronic-
wavelength | monolithic 226, 222 with high EO photonic
228) epitaxial 2%7. coefficient (= integration.
Silicon Crystalline silicon 20 pmV-1232)
has indirect and doping-
bandgap of 1.1 eV. induced
Hydrogenated losses.
amorphous silicon
has direct
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bandgap of 1.84
eV (visible
wavelength) but
with higher
absorption 28
High High High 234 High High Low 2%° Good for laser
(nrer = 3.16 Direct bandgap of High High EO integration.
at 1.55 um 1.344 eV energy responsivity (= | coefficient (= Expensive.
wavelength | 2%° 7.5AW!at 20 pmV-!
233) 1.55 pum 236)'
InP wavelength But
system* ZB) modulation
temperature
sensitive
(band edge
moves with
temperature
237)
Medium Low Low Medium Very high Low Good for
(nrer = 2.21 Direct and indirect Heterogenous | High EO signal
at 1.55 um bandgap of 3.5- and coefficient (= modulation.
wavelength | 4.7 eV (mid- monolithic at 30 pmV-? Low damage
. ZB) infrared region =635 nm 242) Based threshold 243
LiNbO; 239,240) wavelength 21 | on Pockel’s
effect.
Modulation
at=50-100
GHz 142
Low Medium Medium Medium Varies Low Good for
(nrer= 1.5 at | Hybrid 2. Hybrid 247 Hybrid 248 EO integrating
1.55 um Bandgap varies. coefficient with silicon,
wavelength | Polymer lasers can be high silicon nitride
25) typically optically (=300 pmV-? and InP and
Polymer pumped 246 249) GaAs
platforms.
Low reliability
(thermal
management)

*The InP system covers llI-V semiconductors lattice matched to InP, for instance InGaAs , InGaAsP, InGaAlAs and InAIAsP 250251,

a. InP b. SOI

Grating coupler array

Grating couplers

Measurement Refere
detectors detectors

c. SiN, d. Polymer e. LiNbO,

Signal A 2x4 MMI
X

Submount

InP GC

2x4 MMI

Fig. 2.5. Materials for photonic integrated circuit. Common materials are a, InP which is optically
active 2, b, SOI 2%3, ¢, SisN4 2%, d, polymer which provides a low cost alternative 2*° to silicon-based
20



platforms in (c, d), and e, LiNbOs; which has high electro-optical coefficient for optical signal
modulation 2%,

2.3 Optical purpose-built computing hardware

While there is currently no competitive optical alternative to electronic CMOS digital switches, this is
not the case for analogue computations. Specialised analogue calculations can be readily performed
using optical signals. An example is the use of light for differentiation calculations based on Beer-
Lambert law dl/dz = -al, where one can carry out differentiation computations simply by measuring
optical intensity / of an optical signal traversing across a medium of attenuation constant a after z

distance %728, QOther reported optical analogue computations include basic operations (e.g.,

259

differentiation 2°%, integration 26261), mathematical transform operations (e.g., convolution %2, Fourier

264,265

transform 2%%) and other linear algebra calculations . As design requirements increase in

complexity, less-standard methods such as nonlinear optimisation 2°® and metamaterials %728 gre

adopted (compared to traditional platforms such as optical lenses and filters, and later optical
waveguides, and photonic crystals 2572°9-262264) to enable complex simultaneous optimisation of

interdependent optical parameters within a more spatially compact region.

Because optical analogue methods rely on physical phenomenon, they only accelerate certain

79,80,121-126

computations. They are not suitable for computations that rely on processing and storage

98-117 52,269-272

units in some way or another, or that is digital in nature For example, it is not

270271 ysing analogue platforms as digital logic gates are

straightforward to realise optical FPGAs
inherent to the architecture. Thus, when implemented optically, such optical hardware accelerators
have the same limitations as those in optical digital processing and optical storage, being generally

273

limited to electrically-modulated optical switches “’> or optically-induced structural state change in

material such as PCM ¥ and ion-implanted silicon 274,

2.4 Optical Al hardware acceleration

One class of purpose-built computing hardware is the Al hardware accelerator which solves Al tasks
more efficiently than is possible on software running on generic central processing units (CPUs) alone
7172 Such accelerators typically have distributed memories to represent Al network connection
strengths with large parallel input data that can be conveniently handled using optical WDM 772,

Because reliable fully-optical CPU is presently absent, Al accelerators are today co-processed with an
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electronic CPU via DACs and ADCs, although other hybrid co-processing architecture may be
considered. These are summarised in Fig. 2.6.

Al hardware accelerators can be classified based on its hardware reconfigurability: FPGA-
based Al accelerators allow their logic block interconnects to be reconfigured °¢, while non-
reconfigurable Al accelerators are conventionally in the form of crossbar array for matrix 9?75 or
tensor-multiplication %7277 (since the connections between nodes in successive layers in deep neural

networks (DNN) can be represented as matrix multiplication). Examples of such accelerators are GPUs

and TPUs for matrix and tensor multiplications, respectively.

a Digital-analog hybrid (using general purpose CPU) b Fully analog
| Electronics :
,  Voltage source |
[ < M — 1 1 (12 1 « —
) k| DAC (1 | 1 Photonics ! Input processing E’: Ca
Register [« | ALU | [€>1 1/0 unit L Analog Al | k/aIZZLIator ' “* | Analog Al
> [€—{ le—""" 1 [l ren
kol apc [i 1 |accelerator| | | [ EUEETT Output processing [<—]! : |accelerator
[ l—]. - . e.g., in- e «— . e.g., in-
I memory ' El\e/ctlromcs ! memory
I I T hardware ' A?n;neetteerr ' Other analog - hardware
Control i ! computing hardware P
Cache | [« unit < — ! Photonics ! e.g., differentiation PR |
* ! Photodetector ! or convolution solvers
¢ Fully digital (using general purpose CPU) d Fully digital
— P = > O —
PN e (3] : ”: Input processing (I
Register |«<—>{ | ALU | [ I/O unit =
] Digital Al Output processing 1 | Digital Al
l—. - . | accelerator | Digita
e.g., FPGA accelerator
I I I T Other digital e.g., FPGA
computing PEEY
Cache | [«{ Control e hardware e.g., CAM [« L il
<+ unit for look-up table

Fig. 2.6. Hybrid co-processing Al architecture. Architecture can be fully digital, fully analog, or hybrid.
a, Conventionally, analogue Al accelerator is co-integrated with the digital CPU processor, which
mainly consists of arithmetic logic unit (ALU), cache memory and register %, b, A distinct conceptual
architecture is the fully analogue architecture, which replaces the digital CPU processor with an
analogue input and output processing unit. ¢, d, In a fully digital architecture, the digital Al accelerator
is co-integrated with a digital CPU or other input/output processing units (I/O unit). Green arrows
denote processing. Red and blue boxes denote input and output sources to Al accelerator,
respectively. Abbreviated terms DAC and ADC respectively denote digital-to-analog converter and
analog-to-digital converter.

In electronic TPUs, the ability to process additional dimension of data is due to spatial
partitioning (or multiplexing) %°. However, it is bound to resistance-capacitor (RC) bandwidth-distance
tradeoff 278, where data channels cannot be too closely spaced, lest RC delay becomes significant. The

parallelisation can be streamlined using optically using WDM #76277 to provide a convenient means to
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tensor multiplication, and the option to further extend the parallelism via spatial multiplexing. This,

when combined with the Al accelerator implementations summarised in Fig. 2.7 (using spectral filters

279,280 281-283

, photorefractive crystals , semiconductor photodiodes 2%, interferometric modulators 2°

286)

and free-space scattering layers provides increase in signal throughput.

a. Free space
GaAs holographic layer Diffractive mlcrostructures Diffractive beads 3D printed diffractive layers
v

Mulily scateriog Camers
binary & wm e mockiior

ﬁ””%” 5

Telescope

UW

b. On-chip
Photodetector as
integrate-and-fire neuron

MRR as network weight

Fig. 2.7. Optical Al accelerator implementations. a, Free space approaches include using holographic
layer 2, diffractive microstructures 27, diffractive beads 28 and 3D printed diffractive layers % as
neural network layers. b, On-chip implementations include using photodetector as integrate-and-fire
neuron 28, Mach-Zehnder interferometer (MZl) 2%, microring resonator (MRR) %% and PCM ?7® as
network weights.

There has been an increase in interest in optical/photonic Al accelerators, with important
work in the field shown in Fig. 2.8. In conventional Al hardware accelerators, the network weights
(represented largely by the matrix/tensor multipliers) are numerically approximated 24%° to gradually
290291 develop a ‘perceived’ model representation of the input dataset it receives 3°. Such numerically-
approximated networks can be very adept at finding seemingly unrelated patterns in the datasets, but
do not understand how they arrive at the solution 3*33, A distinct form of hardware accelerator using
symbolically-detected associations finds patterns in input datasets, as will be described later in this
thesis. Current Al systems have either sophisticated learning capabilities (when solved numerically) or

reasoning capabilities (when solved symbolically), but not both %2,

The realisation of an Al hardware accelerator that is skilled at both learning and reasoning

tasks 632%3

, and efficient in both computational effort and energy consumption is expected to be of
great significance in the ‘fourth industrial revolution’” — which characterises the ongoing

decentralisation and integration of decisions from machines, devices and people to self-optimise, self-
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configure and self-diagnose #4%%. It demands enabling tools for the purpose. Prior industrial

296-298 299,300
’

revolutions have had requisite enabling tools: steam engine , internal combustion engine
electronic transistor 7980121126 and integrated circuit 1¥1%, |t is expected that the invention of strong
learning and reasoning algorithms that run on powerful Al accelerators would epitomise the fourth
industrial revolution that we are currently in. As with previous tools, the accelerator could project a

transformative economic, social and cultural impact to shape the underpinnings of our modern society

301
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Fig. 2.8. Timeline of Al and optical/photonic Al acceleration. Learning models can be divided to
neuron models 222, synapse 7 and associative learning > models. Optical or photonic implementations
are shaded in grey. Green bordered boxes denote the learning platform introduced during the
author’s DPhil studies. Abbreviated terms DNN, NSoC, and TPU respectively denote deep neural
network, neuromorphic system-on-chip, and tensor processing unit.

We have reviewed computing hardware in general, and placed the author’s DPhil research in the
context of Al hardware acceleration. Current progress in the field is provided, and motivations to
optically implementing the acceleration are examined. While speed and throughput are the main
motivations, it is shown that the implementations are not without difficulties, given the very
nature of light that does not naturally self-interact and which impedes confinement. The different
approaches that have been undertaken to overcome such limitations are discussed. Finally, real-

world impact of the effort to our society is projected.
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Chapter 3

3. Optical associative learning device:
Theory, design and fabrication

This chapter describes the optical associative learning device. The concept of associative learning
is first described. Then, the two complementary on-chip layout designs to measure the device,

and the steps to fabricate them are elucidated.

3.1 Introduction to associative learning

Associative learning is one of the basic forms of learning. It pertains a relatively enduring change of
behavior due to signal pairing(s) from the environment. In particular, a form of associative learning
known as ‘classical conditioning’ associates input stimuli from the environment >3, This learning

process can be graphically described using the neural circuit simplified in Fig. 3.1a 303394,

Unconditioned stimulus s b Steps in associative learning process
1

(Food) Before learning
i ; s, leads to Response
g e 4, Synaptic Response ! P No association
— « (/. weight w, (Salivation) s,does not lead to Response
A Y Aor I
/ . "} During learning
4 Both s and s, simultaneously sent to form association

l

Y ( (Bell) / Y y
Ty ™4 \ \ / After learning
- Synaptic
weight w, A i } Association

s,leads to Response

Neutral stimulus or
Conditioned stimulus s,

Fig. 3.1. Associative learning process. a, Simplified illustration of the neural circuitry for associative
learning. After the stimulus s is persistently paired with stimulus s, it is conditioned to the same
response as si. b, Steps in associative learning process. Before learning, only s input signal (Food)
produces a response (Salivation). When both s; and s, signals are simultaneously sent, association is
established between the two. After learning, s, input signal (Bell) comes to suggest s; input signal
(Food), as both the input signals produces the response (Salivation).
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In Fig. 3.1a, the motor neuron generates an action potential after receiving a sensory signal.
The sensory signal can be either the natural stimulus (‘unconditioned’ stimulus (s1)) or
neutral/conditioned stimulus (s;). The process of associating stimulus s, from a sensory neuron with
the natural stimulus s; is the process of association. This learning mechanism, first described by Ivan
Pavlov °, showed that salivation in a dog can be ‘stimulated’ by associating the ringing of a bell with
food. Once the association is established, the salivation response is triggered when either s; or s; is
sent to the motor neuron through a synaptic weight (w: or ws). Although it is straightforward to
simulate the entire associative learning process (summarised in Fig. 3.1b) on a general-purpose
computer using if-else statements, the learning process can be expedited when computed on a
dedicated hardware device that naturally implements the associative learning process: this shall be

discussed in this chapter.

3.1.1 Integrated optical waveguide

An associative learning hardware device processes input signals based on the concept of associative
learning. When implemented optically, these signals obey the electromagnetic wave equation 3%, This
equation encapsulates the optical field components (or modes) that are allowed to exist in the device
media.

In the design of the device, optical waveguide forms the main component. To establish the
qualitative aspects of the waveguide, we begin our analysis on a slab waveguide (1-dimensional
waveguide), in which the optical signal travels in a direction parallel to a two-dimensional plane (x-y
plane), and is uniform in the z-axis 3%. The signals within the plane are effectively decoupled as scalar

field W. In simple medium 3%, W(x,y,z ; t) satisfies

1 0%y
2 a2

Vi =
c ot (3.1)

where c is speed of light in vacuum. When the field propagates in the medium with refractive index n
only in the x-direction (3/dy = 0), and has sinusoidal space- and time-dependence (e and e™) with

propagation constant  and angular frequency w, the scalar W(x,y,z ; t) ~ Y(z)e™* where Y(z) satisfies

02
[8 2+k2nzz—ﬂ2}//=0
z (3.2)
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where n, denotes refractive index of the medium as a function of z. The solution for ¥(z) is

consequently

() {C“cos(Klz)+C12 sin(K,z) s B<kn,
Z =
C,e ™ B> hn, (3.3)

The field is normalised by C terms. The variables Ki = (k?n,2 — %)% and K, = (82 — k?n,?)2. To sustain
waveguiding, the field in the guide has to be oscillatory 3%°-3%7, This can be achieved using high
refractive index medium as the guide core (n, ~ ncore) placed between claddings of low refractive index
media (n; ~ Ncadding, Where the field exponentially decays).

We now consider a slab guide with core height h, and core-cladding boundary atz=0and z=
h. For simplicity, we assume vanishing field in the cladding and apply the boundary conditions ¥(z =
0) = W(z=h)=0. It follows that the guide supports fields of propagation constant  with discrete mode

m:

B. = lkn? —(’"—”JZ . m=123,..
h (3.4)
from which we can deduce the following:
e Discrete modes with distinct S exist in the waveguide
e The waveguide may support more modes when we:
- Increase waveguide height h
- Increase refractive index of waveguide core n; ~ Ncore
- Decrease signal wavelength A (given k = 2rt/A)
e There is a cutoff height h below which a mode ceases to exist (when fm < kn;).
e There is a threshold mode m beyond which the mode becomes radiative (when fim < kn,). The
maximum allowed number of guided/non-radiative modes is 2h/A (because sin 6., = mA/2h, where

Om is the angle between fm and kn,)

In an actual waveguide, the field diminishes exponentially (not abruptly) into the cladding.
The non-diminishing field can be compensated by slightly increasing the slab height by a small real
value 6h. We estimate this parameter by equating the critical angle for total internal reflection (which

forms the basis of waveguiding): 11 — 6 = cos™(Nciagding/ Ncore) With Om=1 = c0S™(Bm=1 /kNcore ):

oh= —h
k2 (ncore2 _nczladding) (35)
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As cladding refractive index ncadding increases, waveguide field confinement decreases (due to 6h
increase).

In a channel waveguide with confinement in the y- and z-axis, the wave equation is

2 2
(aa 5 +68 5 +k2nﬂ2 —ﬂzjl//=0
y* oz (3.6)

where ny, denotes refractive index of the medium as a function of y and z. The discrete propagation

e, o @2 l’lh_7l'2
ﬁm‘J" - ((WHI«N @.7)

The optical signal (electromagnetic field) consists of electric £ and magnetic H field

constants are given by:

components. On the boundary surface of an ideal waveguide, the E (H) fields tangential (normal) to
the surface vanishes 3307, We cannot generally satisfy these conditions at the same time in a
conventional waveguide. As a result, the waveguide supports two distinct types of modes: transverse
electric (TE) and transverse magnetic (TM) which are respectively H,- and E,- dominant. The solutions

for the wave equation are

¥, coS [wj cos ( T2 J TE mode
w

h
l//(y,z)= m niwz
wosin[ ”yjsin( n’” j TM mode
w h
(3.8)
which specifically indicate:
H (y,z)=H,,, cos (chas (M] TE mode
i w h
E (y.z)=E,,,sin (szm [Mj TM mode
' w h
(3.9)

307,308

Deriving from (3.6) using the usual method of separation of variables , we can retrieve the field

components for TE mode:
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E (x,y,Z;t): la)ﬂnhﬂ-E cos w Sl‘n w ei(atfﬂx)
y K . h

; w
E (xy,z;5t)= _w Eym Sin(mﬂyjcos (wj e
Kw ~ w h

h

mry cos ( mrz e
w h

H, (x,y,z ; t) = lﬂ’zhﬂHom S(m_ﬁ)}jsin(nhﬂzjei(aﬂx)
Kl h ' w h

H (x,y.z;t)=H,, cos (wj cos (M] e

H (x,y,z;t)zlﬁij sin
co,

and for TM mode:

X 0,mn W h
Ey ('x y Z, t) - lﬂ’;nﬂ- Eomn Cos(m szn[nhﬂ-zjez(atﬁx)
1 ’ w h
E,(x,y.z;t) :_lﬂr;h Eon Sln(—m” jcos(nhﬁzje"(""ﬂx)
1 ’ w h
H,(x,y,251)=0
H (x,y,z ; t) = lwg?hﬂHomn Sl.n(m_ﬂy cos 7z J@Po
' Kih ' w h

z 2 o,mn w h
1

From (3.7), the normalized mode cutoff frequency is

)

(3.10a)
(3.10b)

(3.10c)

(3.10d)
(3.10e)

(3.10f)

(3.11a)
(3.11b)

(3.11¢)

(3.114d)
(3.11e)

(3.11f)

(3.12)

For nontrivial solutions, m and n cannot be simultaneously zero. The lowest TE and TM cutoff

frequency is respectively when (m,n) = (1,0) or (0,1), and (m,n) = (1,1). For TE mode, it can be readily

ascertained from (3.10) that when m =1, and ny, = 0, the field component Ex = £, = H, = 0.

Itis usual to more rigorously examine waveguide modes using numerical or graphical methods

provided in 3% for greater accuracy. They involve theoretically solving transcendental equations which

do not have closed-form analytical solutions (and are thus less intuitive).
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Both silicon and silicon nitride have been widely used as waveguide material of choice due to
their low optical losses at telecommunications wavelength (~ 1.55 um). In particular, while silicon
enables better potential for device integration with smaller footprint, silicon nitride can support
optical power up to several Watts without introducing optical nonlinearity 222309310 has broader

spectral transparency (from 0.4 um to 4 um wavelength range %

, compared to 1.1 um to 4 um on
silicon), lower distributed backscattering (~ -35 dB/mm, compared to ~ -25 dB/mm on silicon) 3%,
higher versatility to stack layers (due to the use of plasma-enhanced, and low pressure chemical
vapour deposition (PECVD and LPCVD) 32, compared to wafer bonding on silicon 3!%) and has higher
switching energy efficiency when deposited with the phase change material Ge,Sh,Tes (GST) 34,
Although both platforms can be adopted to realise the associative learning hardware device, silicon
nitride is arbitrarily used as the waveguide material of the device. Later in Chapter 7, the realisation

of a different type of photonic ‘associative learning’ hardware known as content addressable memory

on silicon platform is discussed.

3.1.2 Integrated optical waveguide with memory element

In the previous subsection, an overview of optical waveguide modes was presented. With increasing
m, the waveguide mode is more prone to radiate (due to decreasing fm), and has higher propagation
loss (due to increasing total internal reflections to sustain mode, as indicated by the increase in 6n).
Waveguides described in this thesis are of single-mode guidance (m = 1) unless specifically mentioned.
As will be described, the associative learning device is made up of such waveguides placed in closed

proximity.

An associative learning device additionally requires a memory hardware to store information
about the different learning states (before and after learning). It is convenient to use the bistable
optical properties of non-volatile phase change materials '° for the purpose. Ellipsometry
measurements indicate that at telecommunications wavelengths (A = 1.55 um), the refractive indices
of the phase change material GST are n.r = 7.5+2.3i in the crystalline state and n.r = 3.8+0.1i in the
amorphous state. The imaginary nwt (Which contributes to imaginary S = 2mnes/A) indicate optical
transmission attenuation. This can be ascertained by considering a plane wave with sinusoidal

dependence e” that exponentially decays with increasing imaginary b.

The GST can be integrated onto an optical waveguide by depositing a thin film of it on the
waveguide . The deposition does not introduce abrupt change in field propagation, which would

cause optical backreflection 3315, To switch the GST from amorphous to crystalline, the switching
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temperature has to be above the material’s glass transition temperature (T = 125 °C) for a sufficiently
long time (= hundreds of ns). In contrast, to switch from crystalline to amorphous state, the switching
temperature has to be above the GST melting temperature (T = 600 °C) and then cooled rapidly (= 50
ns) 7. Such required heat can be provided by intense laser pulses via a material with good heat
conductivity (>1 W m™? K?) ¥, The GST is known to have high cycling endurance (~ 102 cycles 11>316),

and long retention time (>10 years at room temperature *°).

a
Ge Amorphous Crystalline Amorphous
§ o0
= Crystallization ‘ < Amorphization
GeTe Switching Switching
temperature temperature
Gel-,SbHs
Te
Sb,Te, Sb,Te Sb Time

Fig. 3.2. GST structural phase switching. a, Ternary Ge-Sb-Te phase diagram with common phase
change alloys indicated. Stoichiometric compounds along the red line i.e., GeTe-Sbh,Te; pseudo-binary
line, is found to have rapid and repeated structural phase switching properties 1. b, Structural phase
switching from amorphous state to crystalline state requires the switching temperature to be above
the material’s glass transition temperature for a sufficiently long time. On the other hand, the
switching from crystalline to amorphous state requires the switching temperature to be above the
material’s melting temperature and cooled rapidly after the trigger pulse is applied **’.

3.2 Theory and design of associative learning element

In this section, the optical associative learning device which consists of phase change materials-
deposited optical waveguides is described. Previous associative learning devices have been developed

330 "and synthetic biological 33! platforms. They rely on multiple

on electronic 317-32%, optoelectronic
elements (for example, arithmetic and/or Boolean logic gate circuit components) 3173, or large area
thin film structures that depend on free space data inputs 3°. In contrast, the associative learning
device described in this thesis is monadically realised, on-chip and triggered using all-optical signals.
The device is designed, fabricated, and corroborated using coupled-mode theory and finite-difference

time-domain (FDTD) numerical simulations.
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3.2.1 AMLE concept and device design framework

We can identify two main roles of the simplified neural circuitry in Fig. 3.1a: firstly, to converge
/ associate the two inputs (s; and s, sensory inputs) and secondly, to store memories of these
associations in situ. Such functionality can be realised optically using coupling between two modes.
There are at least two ways to achieve this — using multimode interferometer (MMI) or directional
coupler (DiC). MMI has broader waveguide width to support higher order modes to enable coupling,
while DiC consists of two distinct waveguides placed in close proximity likewise to enable coupling. A

comparison between the two is summarised in Table 3.1.

Table 3.1. Comparison of mode coupling approaches.
Factor taken into special consideration is framed in green.

Structure Design simplicity Bandwidth bR Polarisation Spatial density
crosstalk tolerance
Medium High Low Low High
Self-imaging Large MMI supermode Crosstalk is sensitive | Polarisation Can have 2-3 orders
method - guide separation to length 334 dependent 332 of magnitude
conventionally prevents coupling shorter coupling
1. MmI used to design and | between them 332, length than that of
analyse MMI —is Wavelength- DiC 334
less independent for strong
straightforward 33 | guided structures 333
High Medium Medium High Medium
Straightforward to A function of Crosstalk = High polarisation Higher coupling
design and analyse || wavelength. cot?((rt/2)(L/Lc)) tolerance when length with
using coupled Transmission variation coupling length for increasing etch
2. Dic mode theory 167335 || ATr/AA ~ several um™3% | [Insensitive to length | TE and TM mode depth (increasing
L within 10% of designed to be the from ridge to rib
critical coupling same, via careful waveguides in DiC)
length L. 33 design of ridge X
waveguide width
and gap 33

Although both structures have their own sets of relative advantages and disadvantages, DiC
is chosen over MM for the device as it is more convenient to design: the associative monadic learning
element (AMLE) consists of two cascaded coupled waveguides (or two cascaded directional couplers,
Fig. 3.3a), which are designed to support only fundamental TE waveguide modes (H, field component-
dominant). These segments are denoted as | and Il. They respectively associate s; and s,, and store
memories of the associations. The phase change materials thin film deposited on the lower waveguide
is the well-known GST alloy. A thin capping layer of indium tin oxide (ITO) is deposited on the GST to

prevent oxidation, and to help localise optically-induced heat to enable low-power GST structural
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phase switching 47:3%7

. The GST effectively modulates the optical field coupling between the
waveguides. It can exist in two states (amorphous or crystalline), and can be in between these two
states. These two states (and the fractional volumes between the two states) govern the amount of

coupling between the waveguides.

€MAp =371/2 1
ek
T 1L L I
|-1

Before learning (crystalline GST) h After learning (amorphous GST)

= e - > 0.3 2 034
s/ Untapered . 1 ~01]

15 152 154 156 158 16 15 152 154 156 158 16
Wavelength (um) Wavelength (um)
0.5
= L]
G R
Untapered  Tapered (w, = 0.8 um) . o000 00 OO0 O O eliEt
1.5 152 154 156 158 1.6 15 152 154 156 158 16
Wavelength (nm) Wavelength (um)

Fig. 3.3. AMLE design. a, Schematic of AMLE (boxed) which consists of segment | and Il, with inputs s;
and sy, and outputs ri; and r.. GST cell in yellow. b-e, Segment | design. With segment | in (c),
accumulated optical field | E| at site prior to GST cell is significantly higher when two inputs are sent
to AMLE at A = /2, compared to the case without the segment in (b). At Ap = /2 and at /2
respectively, field tends to couple to lower waveguide (in d) and upper waveguide (in e), as indicated
by the circles. Enlarged profiles (bottom plots of d and e) correspond to the boxed region in top plots.
f, Segment Il design. Field from s, in (g) is optimally coupled when GST-deposited waveguide is
tapered. g-h, Plots of r; and r; at 1.5 - 1.6 um wavelength range when GST is at crystalline (g; before
learning) and amorphous (h; after learning) structural state. Red (blue) bands denote learned (no
learned) response. The simulations are performed using the FDTD Solutions software from Lumerical
Inc.

Due to the deposited GST on the bottom waveguide of segment I, the waveguide is tapered
to enhance the coupling between the waveguides in the segment. The association between inputs s;
and s, during the learning process occurs only when the two inputs are paired at a specific optical

delay of the optical pulses At, resulting in a change in synaptic weight Aw between the s; and s, inputs

33



with ri and r; outputs respectively. In the AMLE, the optical delay At is represented by the relative
time delay introduced by the optical phase difference between the s; and s; inputs, i.e. At =t — ts,
where t.1 and t;; are the times at which the respective optical field input signals s; and s; are referenced

to the same optical phase.

The DiCs, made up of two optical single-mode waveguides in close proximity, allows optical
energy exchange between the waveguide modes. The lower waveguide of segment | is the site where
optical energy from s; and s, accumulate for GST structural phase switching to occur at the lower
waveguide of segment Il, thus regulating output field ri1 and r; respectively. We hereafter treat the

optical modes in AMLE, which has the lossy component GST, using the coupled-mode equations

— =ixb
dx
(3.13a)
db b
—=iKka 2
dx 2
(3.13b)

where g and b denotes normalised x-direction spatially dependent mode amplitudes of coupled upper
and lower waveguides; k is the coupling coefficient, and y is the loss coefficient of mode b due to GST
335 For (3.13) to be valid, the propagation constants between a and b has to remain the same even in
the lossy region. The difference in waveguide propagation constants is compensated by tapering the
waveguide with GST: this is comparable to those in passive parity-time symmetric directional couplers
338 which applies lossy material with diminishing real permittivity. Because segments | and Il are
respectively without and with GST, we first solve for modes in segment Il and conveniently obtain the
solution for segment | by simply letting y = 0, before cascading both matrices to solve for output field

r1 and r, with respect to input field s; and s; respectively.

For y/4k < 1, given the [-1, +1] range of a sine function, we let y/4«k = sin 6 to arrive at

b cos@ \ isin(kxcos@) cos(kxcos@+0) )\ b,

[aj_emme (cos(l(xcosg—ﬁ) isin(xxcos ) j[aoj Y <
e (3.14a)

where go and by are the fields a and b at x = 0. For y/4k > 1, we let y/4k = cosh 6 given [1, +o°) range of

a hyperbolic cosine function. Following the same procedure, we arrive at
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a) e ™ (sinh(kxsinh@+0)  isinh(xxsinh@) \(a, y
b) sinh@ isinh(kxsinh@)  sinh(kxsinh0-0) )\ b, 4x (3.14b)

We readily obtain from (3.14a) the input-output relation of segment | by letting y = 0. The derivation
steps from (3.13) to (3.14) are similar to those in 33533,

To describe output field r1 and r; as a function of input field s; and s, we multiply the 2x2
matrices that represent the segments: Segment | in (3.14a) after letting y = 0, and segment Il in
(3.14a) (when y/4k < 1) or in (3.14b) (when y/4k > 1). We next reduce the 2 x 2 matrix in segment ||
to a 1 x 2 matrix because output field r = r; or r; is taken from the upper waveguide of segment Il.

It follows that we can relate the AMLE input and output using r = Muy My s where s = (s1 s2)"
is the column vector that denote the respective inputs to AMLE while matrices My and M,
respectively describe the coupling tendencies in the cascaded segments of lengths x = /; and x = /5:

(U

~ [ cos () isin(xl, )]

isin(xl)) cos(xl) (3.15a)
—Kl, cosh® y
- (Sinh («, sinh@+0) isinh(xl, sinh H)) ,—— >1 (before learning)
M. = sinh@ 4k
(W —ii, sin
 (cos(xd,cos0—6) isin(kdycos0)) <1 (after leaming) (3.15b)
cos 4k

in which 0 = sin"(y/4«) when y/4k < 1, and 0 = cosh™}(y/4k) when y/4k > 1. Here, the inputs to the

segments | and Il are respectively at /; =0and /, = 0.

In (3.15b), we classify M, based on the calculated ratio y/4«k. This ratio can be estimated from
the parameter values k and y retrieved based on eigenvalue splitting equation AB: = + k (1 - (y/4k)?)¥?
which directly follows from (3.13) 3%. To retrieve the parameter values, we ran eigenmode simulations
of 0.33 um-thick silicon nitride SisN4 optical waveguide on SiO, undercladding with nominal width of
0.9 um and tapered width of 0.8 um. As will be depicted later in Fig. 3.5a, the structural transition
from nominal to tapered region is non-abrupt: it is linear within 0.5 um transition length. From the

simulations and eigenvalue splitting equation, we estimate the parameter values k = 0.157 um™, yerys
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= 7.65k and yam = 0.24k , where ycoys and yam are respectively the loss coefficient y when GST is at

crystalline and amorphous structural phases.

We have at this point described the parameters in the input-output relation of AMLE r = M,
My s when one input is sent at a time (or when two non-coherent inputs are simultaneously sent, at
different optical wavelengths A). Next, we consider the case when two inputs of same optical field
magnitude E, and same wavelengths A are sent to the AMLE. Here, the total optical field (from the
inputs) coupled to the respective waveguides at /; in segment | is scaled by the product of matrix M,
and column vector (et 1), In the column vector, At = t;; — ts; is the relative time delay introduced
by the optical phase difference A between the input field s; and s, where ts; and t.; are the times at
which the respective optical field input signals s; and s, are referenced to the same optical phase. At
is related to A from the relations Ag/2mt = At/T, where T=1/fis the period of the optical field. Because
optical frequency f = ¢/Aer Where c is the speed of light in vacuum and Aest = A/nesr is the effective
wavelength in medium with nes, it follows that the following relations hold: (A@/2m) Aet = CcAt.
Substituting the values when A = 1.58 pum and nes = 1.59, this gives At = 0.825 fs when A¢ = /2, and

At =2.475 fs when A = -11/2 in our case.

As a result of the scaling by the column vector (e7™2¢ 1)7, the inputs to AMLE becomes a, =
E.e™™ and b, = E,. Consequently the input field coupled to the ‘lower’ and ‘upper’ waveguide in

segment | (when ‘two’ inputs a, and b, are both sent) are

|E

upper |,

|Ee_' M(I)11+EM(1)12| = 1 sin(2xl )sin(a)At)) (3.16a)

2
two

E

lower

=|Ee” %21+EM(D22‘ = B, (1+sin(2xd, ) sin( o)) (3.16b)

This contrasts with the case when one input a, is sent:

el =|EoMo| = E;? cos® (i) (3.16¢)
By, =|EMo| =) sin* (x1,) (3.16d)
or when one input b, is sent:
e = EM || =B, sin® (2x,) (3.16¢)
Jower fonc ‘E (1)22‘ =E,’ cos®(2xl, ) (3.16f)

For the two-input case, (3.16,a and b) indicate that the field coupled to upper and lower waveguide in

segment | are respectively 0 and 2E, at k/1 = t/4 when wAt = 11/2. In contrast, for the one-input case,
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(3.16,c to f) indicate that the field coupled to upper and lower waveguide in segment | are respectively
0 and Eo when a, is sent, and Eo and 0 at when b, is sent at /1 = t/2. This implies that the beat length
(length at which field from two signals is completely coupled to one of the waveguides) is /; = t/4k
when two inputs are sent, and critical coupling length /1 = 1/2k when only one input is sent. The beat

length (at /1 = rt/4k) is thus half the critical coupling length (at /1 = rt/2k) 3°.

The fact the beat length is significantly shorter than the critical coupling length is crucial in our
AMLE design. We recall that it is important to sufficiently distinguish the field accumulation at the
region prior to GST cell upon two-input and one-input incidences, because AMLE associatively learns
(via GST switching from field accumulation) only upon two-input incidence. This is achieved with
segment | prior to GST cell to distinguish net optical field accumulated at the site prior to GST cell, as

shown in the three-dimensional FDTD numerical simulations results in Fig. 3.3, b-e.

We have discussed how the associative learning process can be optically realised in our AMLE
design by taking advantage of the difference between the coupling tendencies when one-input and
two-input signals are sent to the device. This difference allows AMLE to associatively learn only upon
two-input incidence. We next proceed to segment I, which regulates AMLE output based on GST
structural phase difference. It is shown in Fig. 3.6f that tapering the bottom waveguide of segment Il
to match the waveguide propagation constants is essential for optimal waveguide coupling. With

waveguide coupling optimised, we can regulate the AMLE output field r.

Having discussed the general design of the AMLE, we now delve into the AMLE design
specifics. To estimate the coupling length of segment | (/1) and segment Il (), we use the estimated k
and y values obtained earlier (k = 0.157 um™, yays = 7.65k and y.m = 0.24k). On segment |, the design
is based on two main considerations:

e AMLE ‘associatively learns’ via field accumulation at segment | (site prior to GST) only when two
inputs are sent to AMLE

e Qutput r is measured by separately sending one input to AMLE at a time (or two inputs
simultaneously when the inputs do not interfere). Regulation of output ris allocated to segment

I which has the modulating element GST for the regulation.

We normalise the input field magnitude Eo = 1, and compare the case when two inputs a, and b, are
sent at wAt = 1/2 (from (3.16b)) and when one input b, is sent (from (3.16f)). We determine /; =2 um
based on the above two considerations, such that ‘two-input coupling’ to the site prior to GST is high
(so that AMLE can ‘associatively’ learn when two inputs are sent, and not one input), and ‘one-input

coupling’ is low (so that we can allocate the regulation of output r to segment Il). We note that by
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reciprocity, we can reach the same conclusion on the coupling extent (change in optical intensity | E|?
as a function of /; relative to | E|? at /; = 0 at the lower waveguide) by plotting (3.13d) (when a, is sent)

instead of (3.16f) (when b, are sent).

On segment Il, the low ‘one-input coupling’ in segment | allows us to approximate the ratio n
= |ry/r1|? solely from segment Il, that is n = | Muy12 / M| This leads to ny = |sinh (klsinh6y) / sinh
(kI sinhB, + 0y)|? before learning (denoted by subscript ‘b’) and n. = |sin (kl, cost,) / cos (kl, cosO, -
0.)|? after learning (subscript ‘a’), where 6, is when y/4k > 1 and 0, when y/4k < 1. We determine [, =
15 um such that output r> upon s; input incidence transitions from a significantly low value (1, << na)
to that of s; (n. = 1), with outputs due to s; remain relatively within the same intensity range (the
difference of output intensity R1 = |r1|? before and after learning |Mji|? = | Muyi1a|? < 0.5). The
shorthand guide described above is corroborated with numerical simulations, as there may be slight

deviations (for example due to slight presence of gap mode between the waveguides).

a

Before learning (crystalline PCM) After learning (amorphous PCM)

s, input s, input

Fig. 3.4. AMLE input-output relations. Corresponding electric field profiles of AMLE before (a) and
after (b) learning. Inset: Output cross-section electric field at locations denoted by black vertical bars.
The colour bar is normalised. The simulations are performed using the FDTD Solutions software from
Lumerical Inc.

In the AMLE design depicted in Fig. 3.3, b-f, we have considered the case when the optical
wavelength of the inputs to AMLE is A = 1.58 um. To determine if the design is applicable across a
broader wavelength range, the AMLE is numerically simulated using FDTD across a range of optical
wavelengths from A = 1.5 um to A = 1.6 um at 10nm intervals (details in Fig. 3.3, g and h). The results
indicate that the optical field tendencies in AMLE from A = 1.54 um to A = 1.6 um optical wavelength

fits the learning tendencies of an associative learning device.
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The design described above is verified using numerical simulations. As shown in Fig 3.4a, when
the material is crystalline, there is no association between the inputs s; and s, However, when the two
inputs (learning pulses) arrive at the same time, the material has sufficient absorption to amorphise
the GST, changing the coupling between the waveguides. As the material amorphises, inputs s; and s;

begin to ‘associate’ as shown in Fig. 3.4b.

3.2.2 Approaches to configure phase-dependent inputs to AMLE

The optical phase-dependence of AMLE when two inputs are sent implies the need for the optical
phases to the inputs are stable. Because the slightest vibration and/or temperature change in the
measurement environment can cause the optical phases to vary erratically, specific on-chip layouts
are required to reduce or eliminate effects of environmental disturbances on phase control. Two
different layouts are considered here: ring-based layout, and heater-based layout. Layout 1 enables
the associative learning process to be observed in real-time while Layout 2 allows for the integration

of multiple AMLEs using wavelength-multiplexed inputs.

A, fors,
L 3 -
! A, fors ands, Input

Max
| s, only
s, only
. ==:Sands
Min 1 2

Fig. 3.5. Layouts to set A (or At) to AMLE. a, Schematic of AMLE. Accumulated optical intensity at
site prior to GST cell sgst varies depending on optical phase difference between the inputs Ag. b, Ring-
based layout seamlessly integrated to AMLE. s; or s; input are sent to AMLE (dashed box) when optical
signal to layout is of Resonator B (A) resonance wavelength A; (A2). Both s; and s; inputs are sent (at
A = i/2) at wavelength Ao. ¢, Heater-based layout seamlessly integrated to AMLE. Heating-induced
A1 and A, via voltage biasing on heaters modulates optical phases and amplitudes of s; and s,
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inputs. d, Plot of simulated sgsr, and AMLE output transmission r as a function of A@i and Ag,. Exact
A1 and Ag; to be induced is determined by measuring r.

Layout 1: Ring-based layout

To control the input signal combinations (s1 only, s, only, and both s; and s,) that make up the two
inputs, wavelength-selective critically-coupled ring resonators are coupled to each of the inputs
leading to the AMLE (shown in Fig. 3.5, a and b). This enables us to choose either or both the s; or the
syinputs to be active when the input to the on-chip layout is at the resonant wavelength of the bottom
or top ring resonator, respectively. By using different wavelengths for s;-only input, s;-only input and
both s; and s, inputs, simultaneous real-time monitoring of the AMLE can be carried out. The optical
phase difference between the inputs vary sinusoidically across the optical wavelength spectrum when
the optical path length difference between the waveguides leading to s: and s; inputs is unequal. As
such, the optical phase difference to the inputs can be precisely controlled by judiciously selecting the

optical wavelength to the layout.

Layout 2: Heater-based layout

Previous layout (Layout 1) enables real-time monitoring of AMLE which is important to characterise
and understand the workings of AMLE. However, in many practical cases, multiple AMLEs need to be
integrated on a single platform using multiple inputs. The use of rings with different wavelengths
depending on AMLE inputs to be activated impedes such integration. Crucially, we require the use of
same wavelength for both inputs to enable light accumulation from both inputs to the region prior to
GST. This is because the optical wavelength of the two inputs to AMLE has to be equal for the
pump/learning process. We use cascaded Mach-Zehnder Modulators (MZM) to enable wavelength-
multiplexed inputs on large-scale platform because MZMs provide a reliable means to split the signals

(to layout) equally with stable optical phases to the AMLEs.

The inputs to AMLE are controlled by heating (via voltage biasing) the thermo-optic heaters
placed on two MZM waveguides to enable on/off regulation of input fields, and fix A¢g. The schematic
of the layout is shown in Fig. 3.5c. Voltage biasing across the heater induces optical shift on top MZM
A@: and bottom MZM A, that respectively defines the optical phase difference to AMLE A¢ (or
optical delay of the phases At) and amplitudes of inputs s; and s,. The exact modulation is determined
by probing the output from grating coupler, which corresponds to the optical field of interest (that is,

Sest and rin Fig. 3.5a, b).
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By applying the usual 1/v2 and j/v2 field splitting steps 33°, we can express the optical field at
the region prior to GST cell sest, and AMLE optical output field r, both as functions of input field to the

layout ain, as

Sesr = ie"ﬁ(l“)(e"%(e"A“’2 —l)sinldl+e"'A"" (e’wz +1)cos1dl)ain
2 (3.17a)

—il,
e “*cosh@, [ - P_o ' :
.o .—b(e-/ﬁ([’l2+LA) (e_/A(pz _1) — o/Plrh) +idp (eJA(/’z +1)Q) a
25sinh 6,

n

(3.17b)
where P = sinh(«l, sinh 0, + 0, cos kI, - sinh (1, sinh 6, ) sin k1,

Q = sinh(kl, sinh 6, + 6, sin kI, + sinh (1, sinh 6, ) cos K,

L1> and La respectively denote the sum of nominal arm lengths of both MZMs, and the remaining arm
length of the top MZM. Fig. 3.5d plots (3.17). From the figure, when ris minimum, accumulated optical
intensity sast at site prior to GST cell is maximum (which is when Ag = 1/2). By simply measuring r, we

can determine the exact A@: and Ag; to be induced.

3.2.3 Design of layout components

The layouts consist of three main components external to the AMLE:

e On-chip coupler to couple light from fibre array to on-chip layout and vice versa.

e Optical resonator, in Layout 1 to activate the input(s) to the AMLE

o Multimode interferometers and integrated waveguide heaters, in Layout 2. These are essential

to MZMs which modulate the input(s) to the AMLE

On-chip coupler

As the inputs to AMLE are not supplied on-chip, the measurement of AMLE requires efficient interface
to enable optical signal to be sent to and from the on-chip layouts. The methods to achieve this can
generally be classified into end-fire 34357, adiabatic 38362, diffraction gratings %3372 and prism coupler

373377 methods. They are compared in Table 3.2.
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Table 3.2. Comparison of on-chip coupling approaches.

Factor taken into special consideration is framed in green.

Method Coupling efficiency Coupll‘ng Alignment tolerance Polarisation Spatial density
bandwidth tolerance
Medium High Low High High
To enhance coupling, (~100 nm -1 ~0.1-5dB/um Generally Facet size
inverted tapers pum 342348 342,350,352,356378  Sansitive to insensitive to TM | typically varies
(efficiency ~ 3 dB or RS both position and incident | or TE from several to
50 % 3°2), 2D spot size angle of input signal. polarisation tens of um?
converters (efﬁciency ~ 349,350,353,355. 349,350,352-356,378.
1to 3dB, or 50 % to Due to reduced on-chip Spatial density
80 % 3533%), trident waveguide to fiber optical typically
structures (efficiency ~ mode mismatch, inversely
3 dB or 50 % 3°%), alignment tolerance related to
1. End-fire subwavelength gratings typically increases with coupling
(efficiency ~ 1 dB or coupling enhancement efficiency.
80 % 378), heterogenous schemes (such as 2D spot
cladding (efficiency ~ size converters 3483543%5) |
0.6 to3dBor50to
88 % 3423%) and Simultaneous multiple
vertically-curved port coupling can be
cantilever waveguides achieved using glass
(efficiency ~ 1.6 dB or interposer 3! or photonic
69 % 3*7) have been wire bonding 343 344-346,357,
used.
High Low Medium High Medium
= 0.22 dB (95 %) 359:3%0 ~20 nm 36! ~ 0.02 dB/pum along Fibre taper ~ several to
Optical signal is waveguide optical axis, adiabatically tens of um?to
2. Adiabatic seamlessly coupled to ~ 0.5 dB/um perpendicular | coupled to on- hundreds of
(evanescent) on-chip waveguide (in a to waveguide optical axis chip waveguide (Ui LD,
directional coupler-like SEREED), is not
manner) via evanescent polarisation-
field. sensitive 362,
Medium Low High Low Medium
Uniform gratings can ~20to 50 nm Insensitive alignment Incident angle Grating area is
provide ~ 2.5 dB (55 %) B, requirement due to broad varies depending | typically ~ 100
efficiency 3%*. To Approach relies || grating width on TM and TE um?2 366,369-372,
enhance coupling, on wavevector- || (typically ~ 10 um which is modes, as these
gratings are apodised matching, comparable to different modes
(efficiency ~ 0.8 dB or which is conventional fibre mode have different
83 %) or directionality — | wavelength field diameter). wavevectors.
enhanced using dependent.
overlays 3%, interleaves Polarization-
3. Diffraction 366,367 or reflectors 368369 insensitive
gratings (efficiency coupling
~0.5t0 1.6 dB, or 70 to approaches

90 %).

(such as non-
uniform gratings
370,371 and 2D
gratings 372)
typically come
with tradeoffs in
coupling
efficiency (~ 7
dB, or 20% 370372
or structural
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complexity
(backside metal

mirror 371),
High Low Medium Medium Low
= 0.45dB Approach relies | Sensitive to incident angle Incident angle Ideal gap of 0.4

or 90 % 37>, Precise

on wavevector-

(~ 15 dB/deg 37°) of input

varies depending

mm and length

4. Prism coupler | control of gap required matching, signal. on TM and TE of 1 cm 37 for
(evanescent) for optimal coupling. which is modes, as these optimal
wavelength Angular aperture of <103 | different modes coupling.
dependent. rad required 377. have different

wavevectors.

End-fire and adiabatic coupling approaches can enable high coupling efficiencies at broad
optical bandwidth, but they have tight alignment tolerances. On the other hand, diffraction grating
and prism coupling approaches are less alighment-sensitive with varying coupling efficiency. In the
work described in this thesis, diffraction grating couplers are adopted in the layouts due to
convenience - it has high alignment tolerance, is in-built onto waveguide structures and can thus

fabricated in the same fabrication run.

a Scattered field 2 b

Gratings Spread

angle

Fig. 3.6. Grating coupler. a, Schematic representation. Diffraction period a; chosen such that
scattering from individual gratings constructively interfere at a certain spatial angle, that is when the
optical phase difference kia: — k20, are integer multiples of 2mt. b, Top-view schematic of apodised

grating coupler, with period a1. Segment f is apodised with increasing width w; while segment y has

fixed width wio. Apodisation enables a more Gaussian beam-like field scattering 37°.

As depicted in Fig. 3.6a, grating couplers rely on gratings (of period a1) to couple light into or
out of on-chip optical components. The scattered field due to the gratings supports a plane wave-like
optical field when they constructively interfere. This happens when the path length difference

between the scattered field k.a, — kia1 are integer multiples of 2rt:
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kra—kiar = 2mnx , m=0, £1, £2 (3.18)

where ki1 and k, are wavevectors of optical field at grating period a: and distance a,. The field at a:
and a, are respectively on gratings and in free-space (with effective refractive index nes).

Consequently,

ma (3.19)

= —"
Tett — 11Sin@

The coupling efficiency can be optimised only for a specific polarisation and wavelength range due to
its phase matching dependence (TM and TE waveguide modes have difference nes 3°°3%). It is

conventional to apply apodisation (as in Fig. 3.6b) to suppress backreflections 3.

Optical resonator

In Layout 1, two resonators are placed on the paths leading to the input(s) to the AMLE. The
inputs are activated when the resonator is not of the resonance wavelength. From the optical
resonator comparison summarised in Table 3.3, WGM resonators are straightforward to design, has
high resistance to backreflection, and has high wavelength selectivity. Due to these factors, these

resonators, in the form of ring resonators, are adopted in design of Layout 1.

The coupling between the waveguide and resonator can be simplified and analysed by

representing resonator mode a and optical waveguide mode ai, in the following equations:

da__ (ia)0+’(° 4;(“ja+ K, a, (3.20)

a, = 1-Jx.a (3.21)

after taking into consideration energy conservation and time-reversal symmetry 38!

. wo is the angular
frequency when the wavelength is at resonance, ko and kex are the optical losses due to the resonator,
and the waveguide-resonator coupling (a function of resonator-waveguide gap) respectively. The

resonator—waveguide system is depicted in the schematics in Fig. 3.7a.
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Table 3.3. Comparison of optical resonators.

Factor taken into special consideration is framed in green.

Resonator for on-chip
filtering purpose

Design simplicity

Resistance to
backreflection

Wavelength selectivity

Spatial density

simply requires a
waveguide coupled to a
microring resonator

(as microdisk resonator
supports higher-order
radial modes with
increasing radius) 3.

simply propagates
through the
waveguide 3%

Scattering due to
fabrication
imperfections on
resonators 3%
fabricated using
standard
microfabrication
techniques unlikely to
induce significant
backreflection

factor Q (e.g., Q ~ 200 million *38)
requires combination of standard
microfabrication techniques with
selective reflow process 3%.

Resonators fabricated using
standard microfabrication
techniques can have Q ~ 20k - 35k
(with radius from 50 um to 100
um) on SOI platform 3¥7, and Q ~
60k (with radius of 80 um) on
silicon nitride platform 388

1. Fabry-Perot Medium Low High Medium
(a special case For nanobeam Uncoupled signal is Q ~ 1 million using nanobeam ~ 100 pum?2382
of PhC approach, judicious backreflected *>* approach %2 and Q ~ 3.1k using 15 e
resonator) design of hole Bragg grating approach 3%3
dimensions required 382, on SOl platform
For Bragg grating
approach, mirrors can
be designed using Bragg
reflectors 3%,
2. WGM High Very high High Low
In the simplest case, Uncoupled signal Resonator with ultrahigh quality ForQ ~200

million, requires
~ 30 mm?

For Q ~ 50k,
requires 0.04
mm?

By taking the resonator field as a plane wave a = e, the derivative d/dt tends to d/dt - -iwt

at steady-state. The transmission at waveguide output port T = |aout|? can be written as

1 —

K

€X

2

K, + Ko

5 (3.22)

—i(0-,)
Critical coupling T=0 can be achieved at the resonance angular frequency w = wo, and when the losses
are equal ko = Kex. In general, for a certain mode number (number of field nodes), ko decreases (higher
quality factor) as the resonator radius increases. These are considered in the Layout 1 resonator design
shown in Fig. 3.7b. On matching the resonator-waveguide propagation constants, the conditions

involve transcendental equations provided in 3.
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Input Input

Fig. 3.7. Ring resonator-waveguide system. a, Optical micrograph of system. Field coupling between
waveguide and resonator is governed by the matching of field losses (coupling loss kex and resonator
loss ko) and propagation constants (in the resonator and waveguide). These factors, along with the
resonator resonant wavelengths, vary depending on the resonator radius. Waveguide is tapered at
the coupling region to match the propagation constants. b, Profile of simulated optical intensity | E|?
when input to layout is at A; (left) and A; (right), which activates s (s;) input to AMLE.

Multimode interferometers and heaters

In Layout 2, two cascaded Mach-Zehnder Modulators (MZMs) are used to modulate the inputs
to the AMLEs. The MZMs consist of 2 input x 2 output multimode interferometer (MMI) structure to
combine or split optical signals, with heaters to electrically modulate the MZMs. The MMls are
designed to split one input signal equally to two output signals, or combine two input signals of equal

amplitudes (at certain optical phase difference) to one output signal (details in Table 3.1).

The positions of input waveguides determine the types of modes that can be excited 332,
Positioning the input waveguide at half the MMI width W/2 would excite symmetric/even modes
(mode numberm=0, 2, 4, 6, ...), while positioning it at W/3, or 2W/3 would excite pairwise modes (m
= 0-1, 3-4, 6-7, ...). It is not possible to spatially position both input waveguides at W/2, thus the
waveguides are positioned at W/3 and 2W/3 in the MMI design. As it is sufficient to combine and split
optical signals with an MMI that supports modes m = 0 and 1 only (without having to consider other
modes which could complicate our analysis), the MMI width W is designed to support only these
modes. The excitation of the two modes (m = 0 and 1) at the same optical wavelengths indicate that
they can interfere/superimpose with one another. The ‘spatial period’ of such superimposed mode is
known as beat length Ly = 11/(f0 —f1). As summarised in Fig. 3.7a, the propagation constant S of mode
m can be retrieved from the dispersion equation that relates the lateral wavevector is kum = (Mm+1)/W,

and wavevector in MMI kon:
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2 2 _ 72 2
12, + B =kn

wm

(3.23)
Applying Binomial expansion with kym? > ko?n%:
2
m+l) 7
ﬁm = kon — ( ) AO 3 (3.24)
dn(Wey +W)
and plugging m=0 and m=1 into the equation, we retrieve:
dn(Woy + W)

L, = n(Fon + W) (3.25)

34,

where Wis the MMI width and the increase in effective MMI width due to Goos-Hanchen shifts Wgh

— comparable to (3.5) —is a function of mode polarisation (o = 0 for TE, and o = 1 for TM mode):

ﬁ 20
n .
ladding
Waon = 4 -
2 2 n
TN ncladding

(3.26)
For the field in MMI to split equally when an input is sent to the 2x2 MMI, the MMI length has
to be L./2. W~ 5.5 um is chosen to provide sufficient room for gap between the input and output
waveguides positioned at ~ W/3 and 2W/3. Although such large width supports about five modes,
excitation at ~ 1.55 um effectively excites only the first two modes. Then, based on shorthand
calculations from the above equations (Wsn= 0.26 pm and W = 5.8 pum) to yield L/2 ~ 25 um), 3D
numerical simulations of the structure is carried out. The results, shown in Fig. 3.8¢c, indicate field
splitting using MMI. By reciprocity, the reverse applies - two signals (at certain optical phase
difference) can be combined to a single output at L/2. The design is applied in MZMs on Layout 2 to

split and combine signals to and from the MZM arms.

— aoutl | El
—> Yout2 I

o

L
L=—=
2 «— [=25pym —

Fig. 3.8. 2x2 MMI components. a, Dispersion relation to retrieve propagation constant S from lateral
wavevector kym and wavevector in MMI core kon (of refractive index n). b, Optical micrograph of MMI
to highlight the excitation of m = 0 and 1 to split or combine signals. ¢, Simulated plot of cross-sectional
field in MMI (as a splitter). The simulations are performed using the FDTD Solutions software from
Lumerical Inc.
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As will be described later in Chapter 6 of the thesis, 1x2 MMI splitters are used in the scaled-
up associative learning hardware. In the splitter, the input waveguide is placed at half the MMI width
W/2 which excites symmetric/even modes (mode number m =0, 2, 4, 6, ...) 3*2. The MMl is designed
such that the input excites mode m = 0 and 2, as depicted in Fig. 3.9a. These modes

interfere/superimpose with one another. Plugging m=0 and m=2 into (3.24), we retrieve:

81

Bo—PB, = z (3.27)

Because it is unlikely for modes m = 0 and m = 2 to couple with one another, the field in the

MMI can be adequately represented by a linear combination of guided modes:

CoWo (y)e.i((vf*ﬂox) +o,, (y)ej(wt—ﬁzx)

— e./(wt*ﬂux) (Col//o(y)+ e, (y)e./(ﬂo*ﬁz)x)

w(x,y) (3.28)

where ¢o and c¢; are normalised constants of guided modes W, and W,. By substituting fo - S into
(3.28), it is clear that the cross-sectional field at L = 3L /4 is identical to the input. The field is split
equally at L = 3L /8. For W~ 5 um, the 50:50 splitting length is estimated to be at 3L /8 ~ 15 um. This
is corroborated in the 3D numerical simulation results shown in Fig. 3.9b. By reciprocity, two signals

(at certain optical phase difference) can be combined to a single output using the same design.

“——— =14 pm —>

Fig. 3.9. 1x2 MM splitter. a, Optical micrograph of MMI to highlight the excitation of m=0and 1 to
split or combine signals. b, Simulated plot of cross-sectional field in 1x2 MMI (as a splitter).

On the MZM heaters, voltage applied across the heater deposited on one of the MZM arm
introduces change in effective refractive index of arm waveguides to introduce optical phase shift
essential for field modulation. The heating is enabled by the high thermo-optic coefficient dn/dT =
2.51+0.08 x 10 K at 293 K (room temperature) 3%° and fairly high thermal conductivity K = 43 Wm"
1 K139 of SisN4, and high resistivity p = 1100 nQ m 3%2 of NiCr alloy. As the heaters are typically optically

lossy (due to their negative relative permittivities € < 0), a layer of SiO, (which can thermally conduct
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K=1.4W m1K?33)js added as isolation layer to reduce the losses. A balance between layer thickness

and electrical driving voltage is required to effectively modulate the MZMs.

3.3 Fabrication of AMLE

Based on the design described in the previous section, the layouts seamlessly integrated to
AMLE (Fig. 3.10a) are fabricated using the equipment shown in Appendix A. The geometrical
dimensions for each fabrication layer are designed using the script-based functionalities of computer-
aided design (CAD) software AutoCAD 3% and gdsHelpers 3°° to enable convenient sweep of specific
geometries by programming a loop counter. Libraries are created to easily call functions with basic

geometrical shapes and elements.

a Associative monadic learning element (AMLE) b Layoutl ¢ Layout 2

Fig. 3.10. AMLE seamlessly integrated to the layouts. a, SEM image (false coloured) of a fabricated
AMLE, consisting of SisNs directional couplers (cyan), SiO, undercladding (grey) and GST cell
(marigold). Inset shows detail of coupling area with GST. b, SEM image of the ring-based layout. Main
components in boxes. ¢, Optical micrograph of heater-based layout.

The fabrication of AMLE on Layout 1: Ring-based layout (Fig. 3.10b) follows the following sequence:

a. Fabrication of markers and frames.

Gold markers are used to align the different fabrication layers: it can be viewed clearly on electron
beam lithography writing tool (JEOL 5500FS; as gold is electrically conductive) and mask aligner (Karl
Suss MJB3). Gold frame is fabricated in the same layer to ease identifying the devices on the sample.
The steps to fabricate these are:

i.  Si3Ng substrate (330nm SisN4/3.3um SiO,) is cleaned.
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vi.

The substrate is spincoated and pre-baked with positive resists 495 PMMA at 4% and 950 PMMA
at 2% (MicroChem Corp.) at 150°C for 5 and 15 minutes respectively.

The substrate is patterned using electron beam lithography (JEOL 5500FS) at 50kV.

The patterned resist is developed in IPA/MIBK:EMK (15:5:1; MicroChem Corp).

Au is deposited via thermal evaporation (Edwards 306 Vacuum Coater/Deposition Systems).

The remaining resist is removed by Remover PG (MicroChem Corp.).

b. Fabrication of silicon nitride SisN4 structure.

To define the SisNs waveguide structures, the following steps are carried out:

vi.

SisN4 substrate (330nm SisN4/3.3pum Si0O,) is cleaned

The substrate is spincoated and pre-baked with Ti-Prime adhesion promoter (Microchemicals
GmbH) at 120°C for 2 minutes, and ma-N2403 negative resist (microresist technology GmbH) at
90°C for 2 minutes.

The substrate is patterned using electron beam lithography (JEOL 5500FS) at 50kV.

The patterned resist is developed in MF-319 developer (Dow Chemical Company).

Reactive ion etching (PlasmaPro 80, Oxford Instruments) is performed in CHF3/O/Ar to fully etch

the exposed SisNa.

The remaining resist is removed by mr-Rem 700 (micro resist technology GmbH).

c. Deposition of GST/ITO patches.

To define the GST cell with a thin ITO layer, the following steps are carried out:

vi.

The substrate is cleaned.

The substrate is spincoated and pre-baked with positive resists 495 PMMA at 4% and 950 PMMA
at 2% (MicroChem Corp.) at 150°C for 5 and 15 minutes respectively.

Similar process as in a.iii. is performed to define GST/ITO patch patterns.

The patterned resist is developed in IPA/MIBK:EMK (15:5:1; MicroChem Corp).

The substrate is sputtered with 10nm GST/10nm ITO using sputtering tool (Nordiko RF Sputter

Deposition tool, Nordiko Technical Services Ltd.).

The remaining resist is removed by Remover PG (MicroChem Corp.).

The fabrication of AMLE on Layout 2: Heater-based layout (Fig. 3.10c) follows the following sequence:

a. Fabrication of markers and frames.

Gold markers and frames enable good alignment and convenience to locate the devices on the layout.

The steps to define the markers and frames are the same as those for Layout 1.
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b. Fabrication of silicon nitride SisN4 structure.

The optical waveguide structures on the layout has a SisNs core, with SiO; undercladding and air

overcladding. To define the SisNs waveguide structures, steps defined for Layout 1 are carried out.

c. Deposition of SiO; isolation layer.

The SiO; isolation layer is deposited onto the SisN4 waveguiding structure to create a gap between the

waveguide on the MZM and the NiCr heaters used for the modulation. This gap is necessary to

significantly reduce the optical loss from the NiCr metal alloys.

The steps to deposit the isolation layer are as follows:

i.  The substrate is cleaned as in a(i).

ii. The substrate is spincoated and pre-baked with positive photoresist S1813 (Microresist
Technology GmbH) at 120°C for 1 minute each.

iii. Photolithography is performed using mask aligner Karl Suss MJB3 (SUSS MicroTec SE) to define

SiO; isolation layer patterns.
iv. The patterned resist is developed in MF319 (Microresist Technology GmbH).

v. SiO; layer (1 um) is deposited onto the substrate using sputtering tool (Nordiko RF Sputter

Deposition tool).

vi. The remaining resist is removed by mr-Rem 700.

d. Deposition of NiCr heater.

A layer of NiCr heater enables heating on the SisNs MZM waveguides, which induces optical phase
shift on MZM waveguide arm to modulate the optical signals. In this fabrication layer, steps (i) to (iv)

in b are repeated before depositing 200 nm NiCr using sputtering tool (Nordiko RF Sputter Deposition

tool).

e. Deposition of Au (gold) electrodes.

The NiCr heaters require on-chip electrical pads so that electrical voltage across the heaters can be
applied. In this fabrication layer, steps (i) to (iv) in c are repeated before depositing Au via thermal

evaporation (Edwards 306 Vacuum Coater/Deposition Systems).

f. Deposition of GST/ITO patches.

The memory cell on the AMLE waveguides is GST with a thin ITO layer to prevent oxidation. To define

the patches, the same steps as those for Layout 1 are carried out.
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Note: In realising the heater-based layout, difficulties were faced in depositing the SiO, deposition
layer. It is conventional for Si-based structures to deposit SiO; layer before buffered oxide etching the
exposed oxide layer without affecting the Si layer. However, this is challenging for SisNs-based
structures (as in this work) as SiO,/ SisN, etching selectivity is not substantial 3%. Thus, windows are
opened on a thick S1813 photoresist to deposit the SiO; layer instead. As the deposition rate of SiO,
is typically slow and requires high RF power (~ 4 nm/min at 150 W), the lift-process has been
challenging, presumably due to the heat from sputtering process which ‘bakes’ the resist. It requires

at least 4 days of heating at 80 °C in mr-Rem 700 for complete resist removal.

Reactive-ion etching (RIE) was attempted as well - using 3 um-thick post/hardbaked (at 100
°C for 90 seconds) for both 495K and 900K A4 PMMA as etching mask to selectively etch SiO,, but this
was found to introduce high waveguide transmission losses. It was also not possible to use thicker
PMMA resist (A8) as the resist tends to crack at the baking temperature. Due to cleanroom restrictions
that forbade etching samples with chromium (to ensure RIE chamber remains ‘uncontaminated’), no

attempts were made to use chromium hardmask, although it could be a viable alternative 3%,

On the modulation efficiency of integrated waveguide heaters on silicon nitride (SizNa4)
platform, the temperature sensitivity of SisNs is ~ 2.5 x 10° K. This is about a magnitude lower than
the temperature sensitivity of silicon (which is ~ 2 x 10 K). As a result, higher voltage is required to
modulate the signals via the integrated heaters. Thermal isolation can be applied to reduce the

modulation voltage .

We have studied the design of the optical associative learning device. Starting from the concept
of Pavlovian associative learning, a design of the optical associative learning device is presented.
A problem to observing the learning process is identified, and two different complementary
layouts are proposed to solve the problem. Different choices of materials and approaches to
realising the layout are carefully considered. Finally, the steps to experimentally realise the device

and layouts are laid out. Problems encountered during the fabrication steps are highlighted.
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Chapter 4

4. Experimental setup for AMLE characterisation

This chapter introduces the measurement setups to approach the erratic fluctuation of optical

phases due to measurement environment, and describes in detail the equipment in the setups.

4.1 Measurement setup

The equipment configured to probe the AMLE state, and to induce learning process in the AMLE are

described in this section.

4.1.1 Setup to probe AMLE state

Itis important to probe the AMLE state to determine if the learning process occurs. In the probe setup,

continuous-wave (CW) lasers provide the essential optical signals for the optical probing process. The

lasers are coupled via single mode fibre to the polarisation controller where signal coupling to on-chip

layout - which is polarisation dependent (due to the grating couplers 3%63%9) —

is optimised.

To couple signal to the layout, a fibre array is used. It consists of equispaced fibres slanted at
an angle (8° in our case) for optimal coupling to the layout. The layout is configured such that the
grating coupler pitch matches the fibre array pitch to enable coupling of signal into- and out of the

layout. The output port of fibre array is then connected to a photodetector (PD) to detect the incident

output optical signal. The PD is electrically connected to the data acquisition unit (DAQ) to analyse the

results on computer.

To enable fibre array to be aligned with the on-chip grating couplers, a motorised stage is

required. The stage is automatically controlled using a computer user interface. The location of grating

couplers relative to fibre array ports is monitored using optical microscope and camera and viewed

using a dedicated computer software.

4.1.2 Setup to induce AMLE learning
As the AMLE state transitions only when specific optical signal is sent, a separate (pump) setup to
induce AMLE learning is required. In the setup, CW laser provides the optical signal. It is coupled via

single mode fibre to the polarisation controller (PC) to optimise signal coupling to electro-optic
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modulator (EOM; which is polarisation-dependent 3%°). The EOM receives electrical pulse from

arbitrary function generator (AFG) or pulse generator, and transfer pulse shape it receives electrically

to the optical pulse. A small fraction (in the author’s case, 1% or 10%) of the optical pulse is sent to
high-speed PD, which is connected to the oscilloscope to be analysed. The remaining fraction is
amplified by erbium doped fibre amplifier (EDFA), spectrally filtered by optical tunable filter (OTF; to

eliminate broadening effects from amplifier gain spectrum #°94%1) and sent to PC to ensure optimal

coupling to the layout via fibre array.

4.1.3 Integrated setup

Although the setups (introduced in previous sections) can be separately configured, it is
convenient to integrate them. This ensures smooth running of measurements without unnecessary

interruptions.

1 GHz

CW laser EDFA  Oscilloscope EOM photodetector Computer

Pulse generator

[t

Photodetector

Polarization

Optical filter
controller

Motorized stage

Fig. 4.1. Image of pump-probe integrated setup. Main components labelled.
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There are at least two ways to integrate the pump and probe setups:

e Send pump and probe signals at different wavelengths to layout. This enables real-time probing of

AMLE without signal interference. The ring-based layout (Layout 1) adopts this approach

e Use optical switch to temporally activate either pump or probe lines (but not both). This is

particularly useful when we require using the same wavelengths for the signals (which would
otherwise introduce signal interference). A downside of this approach is loss of real-time
information. The heater-based layout (Layout 2) adopts this approach

Fig. 4.1 shows the integrated setup that forms the basis for other setups (with different

configurations).

4.2 Optical measurement of AMLE (Layout 1: ring-based layout)

SEM image of the ring-based layout seamlessly integrated to AMLE, is shown in Fig. 4.2. The inputs to
AMLE are regulated by two ring resonators (rings A and B). Ag can be precisely defined because the

input signal to layout is split from a common point.

Pump A,

QD) 90 ’ ')
10,
Computer AFG

Probe A, Y
:

Probe A,

Fig. 4.2. AMLE measurement on ring-based layout (Layout 1). Schematic of experiment setup to
measure AMLE. Two probe lines operating at wavelengths A; (blue) and A, (red), and one pump line at
Ao (purple). A1 (A2) correspond to ring B (A) resonant wavelengths, to regulate s; (s2) input to AMLE.
Output readouts monitored in real-time.

The experiment setup to measure AMLE consists of two probe lines operating at wavelengths
A1 (blue) and A; (red), and one pump line at Ao (purple). Light sources are CW lasers (probe: N7711A,
Keysight Tech., pump: TSL-550, Santec Corp.) operating at low power and coupled to single-mode
fibres. Signal output is split at 50:50 ratio, filtered by optical tunable filter (OTF; OTF-320, Santec Corp.)
respectively at A; and A,, and detected by 200 kHz photodetector (PD; 2011-FC, Newport Spectra-
Physics Ltd.). Pump signal, which induces the learning process, is modulated by an electro-optical
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modulator (EOM; 2623 NA, Lucent Tech.) via arbitrary function generator (AFG; AFG 3102C,
Tektronix). The modulated signal is amplified by an erbium doped fibre amplifier (EDFA; AEDFA-CL-23,
Amonics Ltd.) while monitored (on remaining 10%) using 1 GHz PD (1611FC-AC, Newport Spectra-

Physics Ltd.) connected to an oscilloscope (TDS 7404, Tektronix).

4.3 Optical measurement of AMLE (Layout 2: heater-based layout)

Optical image of the fabricated heater-based layout seamlessly integrated to AMLE, is shown in Fig.
4.3a. The layout consists of two cascades of MZM to control the optical phase difference Ag and

amplitudes of the inputs to AMLE (via A@; and Ag; on the MZMs).

The experiment setup to measure AMLE consists of two probe/pump lines operating at A; =
1550.92 nm (blue) and A; = 1552.0 nm (red). The CW laser (N7711A, Keysight Tech.) inputs are
combined at 50:50 ratio to an optical switch (GZ-1x2-SM, Gezhi) which selectively routes the signals
to either probe or pump line. A second optical switch (GZ-1x2-SM, Gezhi) channels the signal (probe
or pump) to an optical coupler to split the signal at 50:50 ratio before the signal is respectively filtered
at A; and A, and coupled onto the chip. The output signal is filtered by OTF (OTF-320, Santec Corp.)
and then detected by PD (2011-FC, Newport Spectra-Physics Ltd.). During pumping, an optical
attenuator (V1550PA, Thorlabs Inc.) connected prior to the OTF is activated to null the signals to PD.
The same optical pump approach as in previous ring-based layout (details in Section 4.2) is applied.
The sourcemeters (Keithley 2400, Keithley 2614, Keithley Instruments) provide voltages to on-chip
MZM waveguide heaters to induce optical shifts A@; and Ag, on the MZMs that respectively defines

Ap and amplitudes of inputs s1 and s; to AMLE.

Fig. 4.3. AMLE measurement on heater-based layout (Layout 2). Schematic of experiment setup to
measure AMLE. Voltage biasing on waveguide heaters (using source meters) modulates optical phases
A@ and amplitudes of s; and s, inputs to AMLE (boxed). Two lines operating at wavelength A; (blue)

and A; (red).
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4.4 Components in measurement setup

The measurement setup described in prior sections contain optical, electrical and mechanical

components. These are detailed hereafter.

4.4.1 Optical components

Laser. Two different lasers are used in the setup. They are TSL-550, Santec Corp. and N7711A, Keysight

Technologies. Both are tunable lasers in telecommunications wavelength (TSL-550 at 1.5 — 1.63 um,
N7711A at 1.57 — 1.608 um). Wavelength tuning using TSL-550 takes place almost instantaneously,
while N7711A requires about five seconds. TSL-550 has maximum output power of 13 dBm, with 90
dB/0.1 nm signal-to-noise ratio and +20 pm wavelength accuracy. N7711A has a maximum output

power of 15.5 dBm, with 60 dB/0.1 nm signal-to-noise ratio and +0.8 pm wavelength accuracy.

Optical fibre. The optical fibres in the setup are mainly single mode fibres (SMF-28e) with mode field
diameter of 10.4 um (or effective mode area of 85 pum?). Most have 8°-angled polished ferrule

connectors (FC/APC; P3-SMF28E-FC-5, Thorlabs Inc.), which prevents parasitic backreflections #0%403,

For equipment that require flat polished connectors, for example EOM 2623 NA, Lucent Tech., FC/PC

to FC/APC single mode patch cables (P5-SMF28E-FC-1, Thorlabs Inc.) are used to enable APC to PC

conversion. To split optical signals, 1x2 wideband SMF-28 fibre optic couplers are used (50:50 ratio

using TW1550R5A1, Thorlabs Inc.; 90:10 ratio using TW1550R2A1, Thorlabs Inc.) These couplers have

a 100 nm bandwidth with insertion loss of < 3.6 dB.

a Fiber array b Holder

Optical fiber

Front view

5.5 um

Optical fiber
V-groove

Fig. 4.4. Fibre array. a, Image (left) and schematic (right) of fibre array. Fibres are fastened to V-
grooves and lid. b, Fibre array holder. Fibre array is held onto flat groove on the holder, and screws at
the sides. It has an 8°-tilt. Inset: Schematic of holder.
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Fibre array. In the fibre array, there are eight single mode fibres spaced 250 um apart. The fibres are
of Borofloat 33 G657A1 type, with 9 um Si core, 125 um SiO; cladding and 8°-angled polished
connectors. They are coated with 242 um Acrylate, and 900 um Hytrel resin jacket for better
protection, and assembled in v-grooves with 5 mm overall width. The fibre array is held tightly to its
position using an aluminium fibre array holder (details in Fig. 4.4).

Polarisation controller. The polarisation controller (FPC030, Thorlabs Inc.) provides flexibility to adjust

the fibre mode polarisation. This is required because the on-chip grating coupler and EOM are both
polarisation-sensitive. In the controller, the fibre is spooled (mechanically bent) to introduce
polarisation shift 4%#%%>  The number of spools is adjusted to mimic half-wave and/or quarter-wave
plates (as in free space optics) 4°%%97 so that any desired polarisation can be attained. Although

polarisation-maintaining fibres 4%84% (for example, P3-1550PM-FC-2-PM, Thorlabs Inc.) could instead

be used, not all equipment is keyed to the required polarisation.

b Fc/PC c

) (.

FC/APC

8° angled
contact

Fig. 4.5. EOM connected to bias-Tee. a, Schematic of connection. Bias-Tee enables EOM output to be
referenced during modulation. b, The EOM 2623 NA has FC/PC connections, which requires
intermediary FC/PC to FC/APC cables to connect to other setup components. ¢, Image of connection.
EOM and bias-Tee respectively in blue and purple boxes.

EOM. The optical output signal from the EOM (2623 NA, Lucent Tech.) mirrors the RF signal it receives.

The RF signal introduces optical phase shift on the MZI (in the EOM) to modulate the optical signhal 3.
The EOM has an insertion loss of 3.7 dB, and can be amplitude modulated to 13 dB at modulation
speed of up to 10 Gbits/s for 1.525 to 1.62 um optical wavelength range. For maximum extinction

ratio, a bias-Tee (ZFBT-4R2GW, Mini-Circuits, which combines DC and RF signals) is connected to the

EOM so that the DC signal can reference the EOM output to the minimum (details in Fig. 4.5a). Because
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the EOM has FC/PC connectors - distinct from FC/APC connectors in the setup as depicted in Fig. 4.5b,
intermediary FC/PC to FC/APC cables are required. Fig. 4.5¢c shows the overall connections. Optical
pulses from the EOM, when amplified, introduces GST structural phase transition essential for AMLE

learning.

EDFA. The EDFA (AEDFA-CL-23, Amonics Ltd.) amplifies optical pulse from EOM, so that the net optical

pulse power is sufficient to switch the structural phase of GST for AMLE learning. It can receive input
signals from -6 dBm (0.25 mW) to 3 dBm (2 mW), and amplify them up to 23 dB (0.2 W), for optical
wavelengths between 1.528 to 1.562 um, and 1.57 to 1.603 um. The two main components in EDFA
are erbium gain material doped in fibre, and a 980-nm wavelength internal pump laser to excite the
erbium ions. Light amplification takes place when the input signal traverses through the excited

erbium ions.

OTF. The OTF (OTF-320, Santec Corp.) selectively transmits light only one narrow wavelength, and is

used for example to filter out white noise due to spontaneous emission in EDFA amplification. It has
insertion loss of 7 dB, and 0.25 nm bandwidth at -3 dB optical power. Structurally, it is a mechanically-
rotatable thin film with layers that form optical cavity to provide the narrow passband. The passband

is tunable by tilting the incident angle to shift the resonance frequency via change in wave vector

PD. The fibre-coupled PD (2011-FC, Newport Spectra-Physics Ltd.) allows optical transmission

measurements (of up to 200 kHz modulation). Information about the optical power of incident light
can be retrieved from the characterised responsivity 1° (0.85 A/W at around 1550 nm). It comes with
in-built transimpedance amplifier #'! to increase signal-to-noise ratio. The fibre-coupled 1 GHz PD

(1611-FC, Newport Spectra-Physics Ltd.) allows high-speed (1 GHz; 400 ps rise time) optical

transmission measurements. Information about the optical power of incident light can be retrieved

from the characterised current gain (~ 700 V/A at 1550 nm) responsivity (~ 1.04 A/ at 1550 nm).

Optical attenuator and switch. The optical attenuator (V1550PA, Thorlabs Inc.) nulls the pump signal

to protect the PD. It can provide attenuation of up to 30 dB with an applied voltage of 5V, and has a
modulation speed of 1 kHz. When voltage is applied to the attenuator, a tilt to a micro mechanical
mirror in the attenuator is induced to misalign the input signal **2. The optical switch (GZ-1x2-SM,
Gezhi) likewise tilt to a micro mechanical mirror in order to couple light to a different pathway. It has

a switching speed is 125 kHz.
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4.4.2 Electrical components

AFG and oscilloscope. The AFG (3102C, Tektronix) generates electrical pulses that defines the optical

pulses sent to AMLE (via EOM). The oscilloscope (TDS 7404, Tektronix) graphically displays the optical

pulses detected by PD. It has four separate channels — each can capture pulses of up to 4 GHz with 20

GS/s sample rate in real-time.

Source meter. The sourcemeters (K 2400, 2614, Keithley Inst.) provide and/or measure electrical

signals through NiCr heaters on heater-based layout. K 2400 has £ 0.2 t0 200 Vand t1pto 1 Aratings. K
2614 has £ 0.2 to 200 V and £0.1u to 10 A ratings.

Electrical probe

bTop view

Fig. 4.6. Electrical probe. a, Photo of electrical probe (green boxed) supported by a home-built stage.
The position of the stage is manually adjusted such that the electrical probe is on the on-chip electrical
pads. b, Top view of electrical probe. c, Side view of electrical probe.

Electrical probe. The electrical probe (TITAN Multi-contact, MPI Corporation) provides electrical

signals to on-chip electrical pads. It has 15 beryllium-copper probes (used due to low gold contact
resistance ~ 45 mQ) spaced at 125 um, with contact width of 20 um each. They are customised to
ground, RF (up to 6 GHz) and logic (up to 500 MHz) signal configurations. To connect the multiprobe
to source meter, RF cables with SMA connector and MMCX plug are used. Fig. 4.6a shows an image of
the electrical probe, with top and side views depicted in Fig. 4.6, b and c respectively.
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Microscope with charge-coupled device (CCD) camera. The microscope (Navitar 12x Ultrazoom) with

CCD camera (DCC1240C, Thorlabs Inc.) is crucial to align the fibre array to the grating couplers. The

microscope has a 3 mm fine focus and 0.58x to 7x zoom range, connected to a 24 W white LED light
source to enable viewing. The CCD camera, connected to the microscope and computer, captures top

view image of fibre array relative to grating couplers. It produces 1280 x 1024-pixel images

4.4.3 Mechanical component

Motorised stage. The motor (Picomotor 8742, New Focus; Fig. 4.7, a and b) moves the sample/chip

stage. It can move in 4 axes (in relative or absolute positions) at ~ 30 nm resolution and 115 Kbps
translation speed (which is about 100 us character?). Details of the actuator is described in Fig. 4.7, c

and d.

a b Side view (motor)
4 outputs to picomotor FOWER it

[ )~ew Focus connectors (12 V)
" RS-485 A

PICOMOTOR™ CONTROLLER / DRIVER USB /]
Model 8742 L =
P/ANIEN [
AR L i
Z D BB Power d -
______________ switch Side view (actuator) _—
FEEE T Il|| lIIl Ball bearing (manual option)
‘ i Piezo
Ground 4 motor outputs Power input Shaft screw
(o actuator) connectors (12 V) Connected to. /E

motor outputs

Fig. 4.7. Motorised stage. a, Image of motor. Red, green and blue shades indicate communications,
power supply and actuator signals. b, Side-view schematic of motor. ¢, Image of on-chip stage, which
has three linear actuators (in x,y and z-axis; boxed). d, Side-view schematic of actuator. When voltage
is applied (blue shade), the piezo in the actuator changes in length thus rotating the shaft.

4.4.4 Data acquisition device

The data acquisition device (DAQ, NI-USB 6008; Fig. 4.8, a and b) centralises retrieving and sending
signals to equipment from the computer. As BNC and SMA connections are mainly used in the setup,
wires to/from the DAQ are connected to the respective solder connectors (shown in Fig. 4.8, c and d).

To provide analogue and digital functions in real-time, Ni-DAQmx library is accessed using Virtual
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Instrument Software Architecture (VISA) driver. Although other alternatives exist (for example, HiSLIP
or VXI-11 over TCP/IP and USBTMC over USB), the VISA standard allows access to the library regardless
of interfaces / bus systems (such as GPIB, VXI, PXI, Serial, Ethernet and USB), and is convenient to
configure. The overall communication is established using Standard Commands for Programmable

Instruments (SCPI) commands. Command line examples are shown in Fig. 4.8e.

Analog Digital

Analog Digital

RGEEGANG 06

= DI/DO

= Al == PF|
- AQ -+2.5V
- 15V

scope = rm.open_resource('GPIBO::1::INSTR',write_termination= ‘\n')

Fig. 4.8. Data acquisition device (DAQ). a, Image of DAQ, which supplies or receives analogue (left)
and digital (right) signals. b, Analogue input and output lines are denoted as Al and AO respectively.
Digital lines can be programmed as digital input (DI) or output (DO), or programmable function input
(PFI; clocking input signal for synchronisation or trigger). Additionally, the DAQ provides high-purity
reference voltage (+2.5 V) and a +5 V 200 mA power source. ¢, Image of wires connected to the DAQ,
with wire shielding to reduce electrical interference. ¢, To reduce magnetic interference, the wires are
twisted. The wires are connected to BNC and SMA solder connectors. e, On Python IDE, PyVISA and
PyQt modules are called to respectively communicate with equipment and to create graphical user
interface for the purpose.

We have analysed the experimental setup to observe associative learning using two separate
layouts. These layouts are conceived to solve the optical phase stability problem. The setups are
devised to prepare the pulse phase in order to trigger (pump), and to observe (probe) the learning

process. The main setup components are scrutinised.
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Chapter 5

5. Observation of all-optical associative learning

This chapter shows experimental results using the setups described in previous chapter. As will be
described, these setups exhibit complementary features - allowing us to cross validate the

measurement results and extract important information about the learning process.

5.1 Methods to observe associative learning

Previously in Section 3.2.2, two complementary layouts to observe the associative learning process
are introduced. They are ring-based (Layout 1) and heater-based (Layout 2). Whereas Layout 1 enables
the associative learning process to be observed in real-time (due to the different wavelengths used -
which do not optically interfere - for the inputs to AMLE), Layout 2 allows for the integration of

multiple AMLEs using wavelength-multiplexed inputs. A summary of the two layouts is depicted in Fig.

5.1.
s b
Layout 1: Ring-based layout Layout 2: Heater-based layout
Probe Probe
S S1
A — —— r A —>> — r
MRRs | ¢ AMLE = MZMs| s | AMLE =
Az _) _2> /\2 ) >
Pump Pump
s s
1 1
— A —> —
A, ==9| MRRs s, AMLE MZMs| s | AMLE
_> Az _) »
Enables the associative learning process Allows for the integration of multiple AMLEs
to be observed in real-time using wavelength-multiplexed inputs

Fig. 5.1. Summary of layouts to observe associative learning. a, Layout 1 enables the associative
learning process to be observed in real-time. Microring resonators (MRR) filters the wavelengths of
the inputs to the AMLE. Probe and pump input wavelengths are different. b, Layout 2 allows for the
integration of multiple AMLEs using wavelength-multiplexed inputs. Mach-Zehnder modulators
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(MZMs) precisely define the amplitudes and optical phases of the inputs to AMLE. Probe and pump
input wavelengths are the same.

5.2 Probing the associative learning process in real-time (on Layout 1)

It is important to characterise the AMLE in real-time to understand its dynamic response. To this end,
different wavelengths are used for the pump and probe lines. This allows us to retrieve the process

dynamics without introducing optical interference to the lines.

5.2.1 AMLE input settings

The ring-based layout is designed such that two ring resonators are coupled to the paths leading to s;
and sy inputs. s1 (s2) input signal is sent to AMLE when input to the layout is of ring B (A) resonant
wavelength A; (A2). Numerical simulations, performed to confirm the signal propagation on the layout,

corroborates this (results in Fig. 5.2a).

1 I S A : ;
1.58 1.59 1.6 1.61
Wavelength (um)

=
=

1.54 1.55 1.56 ;
Input Wavelength (um)

Fig. 5.2. Input settings (Layout 1). a, Profile of simulated optical intensity |E|? when input to layout is
at A; (top) and A, (bottom), which activates si1 (s2) input to AMLE. b and ¢, Optical transmission
spectrum in experiments (b) and simulations (c). Transmission spectrum envelope in experiments is
due to broad resonance of grating couplers. Arrows denote A; = 1578.3 nm (blue), A, =1579.4 nm (red)
and Ao =1581.9 nm (purple). Free spectral range in experiment corresponds well to that in simulations.

Fig. 5.2b highlights A; and A; in the transmission spectrum obtained from experiments (setup

shown in Fig. 4.2), indicated by red and blue dashed lines respectively. Arrows denote the A; and A;
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wavelengths at which measurements are carried out when s; and s, probe inputs are sent to AMLE.
Probe measurements are carried out at these wavelengths (A1 = 1578.3 nm and A; = 1579.4 nm) after
ensuring ring A and B are critically coupled to the waveguides (by measuring the waveguide-ring
resonator structures of same dimensions adjacent to the layout). Ring A and B respectively have full
width at half maximum (FWHM) of 0.21 nm and 0.39 nm, and extinction of -29 dB and -26 dB. The free
spectral range in experiments (Fig. 5.2b) matches with that in simulations (Fig. 5.2c). Two-input pump
signals (which induce learning) are sent at the non-resonant wavelength (Ao = 1581.9 nm). From the
spectrum in Fig. 5.2¢, Ap can be determined. The fringes in the spectrum are attributed to wavelength-

dependence of Ag.

5.2.2 Demonstration of associative learning

Having determined the input optical wavelengths after performing spectrum sweep shown in Fig. 5.2,
the GST state in the AMLE is stabilised by applying a set of “‘amorphising’ (set) and ‘crystallising’ (reset)
pulses. These switching pulses serve to prepare the AMLE for the learning process, by conditioning
the phase change materials on the AMLE to achieve reproducibility. Here, the set of amorphising
pulses are the consecutive 100 ns-wide pulses at 0.66 nJ, 0.87 nJ, 1.26 nJ and 1.45 nJ, while the set of
crystallising pulses are the 100 ns-wide pulse at 0.43 nJ for ten times, followed by five 0.19 nJ 100 ns-
wide pulses at 1 MHz repetition rate for ten times. As will be described, these sets of pulses are exactly

the same as the pulses for the ‘associative learning’ and ‘forgetting’ process.

The starting point of the AMLE for the experiments is its crystalline state. The output
transmission r; and r, of AMLE is probed in real-time using wavelengths A; and A,. As shown in the
bottom plot of Fig. 5.3a, the transmission readouts r; and r; remain the same for single input pulses
at 1.45 nJ (pulse widths T =100 ns) as expected (for events 1 to 4). However, when inputs s; and s; are
sent simultaneously at pump wavelength Ao with a fixed phase delay of 71/2 at 0.66 nJ (t = 100 ns) each
in event 5, the transmission change Ar; and Ar; for the s; and s, probe readouts are ~ -4% and ~ +4%
respectively. As the input pump pulse power is increased from 0.87 nJ (T = 100 ns) to 1.45 nJ (T = 100
ns) in events 6 to 8, probe readouts change by approximately —-7% and +7% respectively, both of which
are well above the transmission threshold of rin ~ 5%. Effectively, these experiments show that the
two inputs can be ‘taught’ to associate with each other such that either triggers the response: the

associations are learned.

These learned associations can also be reversed. A set of pulses at 0.43 nJ (=100 ns) in event

9, followed by 0.19 nJ pulses (tr = 100 ns) in event 10 result in the ‘forgetting’ process, where the
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readouts r revert to the baselines (r; ~ 0.14 for s; input probe and r.~ 0 for s; input probe). For the

measurements, readout above ri, ~ 0.05 is designated as the learned state,
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Fig. 5.3. Photonic Pavlovian learning process. a, Input-output relation of AMLE. s; and s, inputs
denote ‘Food’ and ‘Bell’ inputs; the corresponding output transmission r (bottom plot) represents the
transmission response r; and r,. Blue, red and purple bars of the top and middle charts denote s, s;
and both s;1-s; input incidences (A1, A2 and Ag are the wavelengths used to selectively address each
one). The change in transmission response is attributed to the relative differences in both the real and
imaginary refractive indices between GST at crystalline and amorphous structural states (values
provided in Section 3.1.2). These real and imaginary refractive index contrast both lead to distinct
coupling strength between the waveguides that constitute the AMLE, respectively due to changes in
optical phase and optical absorption on the device. b, Corresponding real-time measurement of
output probe transmission r of a single cycle learning and forgetting processes in a. ¢, Repeatability of
the processes on AMLE over 80 cycles. The levels are denoted by filled circles of different colours that
correspond to b.

Fig. 5.3b shows a single cycle of the real-time output readout of associative learning in events
5 to 8 and the forgetting process in events 9 to 11 of Fig. 5.3a. To test the repeatability of associative

learning and forgetting processes, the AMLE is subjected through 80 learning cycles, examined over a
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period of 40 minutes. After 80 cycles (Fig. 5.3c), the individual learning weights are clearly identifiable

with standard deviation of + 0.69% in readout transmission.

To better understand the A@-dependence of AMLE, the accumulated optical field |E| at the
site prior to GST cell (depicted in Fig. 5.4a) is simulated with respect to A¢g. The results, summarised
in Fig. 5.4b, clearly indicates that the field varies with Ag. Based on the results in the figure, it is verified
that the two inputs can be ‘associated’ when the accumulated field is sufficiently large. Input pump
pulses (pulse width =100 ns, from 1.3 nJ to 2.9 nJ) are sent to the AMLE and the output transmission
ry is experimentally measured using the setup described in Fig. 4.2. The measurement results shown
in Fig. 5.4a indicate that the two inputs are indeed ‘associated’ (manifested by high r;) when the
accumulated field is large (at A@ =1/2). Although structural state switching of GST cell is possible when
a single input signal (either s; or s3) of sufficiently high optical energy is sent, this has to take into

account the optical field coupling at the first segment of the device.

a
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Fig. 5.4. Ap-dependent change in learning readouts. a, Schematic indicates location y = 0 in AMLE.
GST cellin yellow. b, Plot of simulated cross-sectional optical field | E| across y with respect to Ag. | E|
is maximum at A = 11/2 and minimum at A = 371/2. ¢, Plots of r; against A when input pump pulses
are sentto AMLE at 1.3 nJ to 2.9 nJ (pulse width =100 ns) in experiments is consistent with simulation
results in (b), that r; is indeed dependent on Agp.

5.3 Demonstration of associative learning on Layout 2

Previous demonstration of associative learning is carried out with different wavelengths for

the input cases: A; for s;-only input incidence, A; for s;-only input incidence and Ao for both s; and s;
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input incidence. However, to scale the AMLEs up, it is desirable to be able to demonstrate associative
learning process with the fixed wavelength(s) for the associated inputs. This section describes the

measurement using on-chip heaters to achieve this.

5.3.1 AMLE input settings

The exact modulation to be induced can be determined by probing AMLE output transmission r. As
indicated in Fig. 3.5d (which is plotted from (3.14) in Chapter 3), when r is minimum, accumulated
optical intensity at site prior to GST cell sgst is maximum (that is when A@ = 11/2). Before the

experiments, the cases when the input(s) are sent are deduced using this scheme (details in Fig. 5.5).

r(a.u.)

Fig. 5.5. Input settings (Layout 2). Plot of r as a function of Agp: when s; only, s, only and both s; and
s, are sent, at two different wavelengths (A; = 1578.3 nm, A; = 1579.4 nm) in our measurements. From
the plot, the cases when the input(s) is sent is deduced based on the relations between sgst and r in
Fig. 3.5d.

5.3.2 Demonstration of associative learning

Using the setup in Fig. 4.3, three sets of measurements (summarised in Fig. 5.6a) are carried out. They
correspond to the following configurations:

i. Teacher and Input signals as s; and s, (using single wavelength A;) respectively

ii. Teacher and Input signals as s; and s, (using two multiplexed wavelengths A; and A;) respectively

iii. Teacher and Input signals as signal A; and signal A, respectively
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The abstraction layer (‘Abs.” in Fig. 5.6a) consists of MZMs with heaters to precisely define Ag
and amplitudes of inputs to AMLE (details in Fig. 5.4a). Fig. 5.6b, i shows AMLE measurement results
based on Fig. 5.6a, i. Transmission above ri ~ 5% is designated as learned state. Transmission readout
remains at baselines after s; pump input pulse (pulse width T = 100 ns) is sent at 1.47 nJ in events 2
and 3, and s; pump input pulse (t = 100 ns) at 1.47 nJ in events 4 and 5. Sending both s; and s, pump
pulses together (at A = 11/2) at 1.47 nJ results in transmission probe change Ar; ~ -8% and A~ +7%
respectively for s; and s, probe readouts. The same is observed in Fig. 5.6b, ii (based on scheme in Fig.

5.6a, ii), with Ar;1~ -8% and Ar,~ +7% respectively in event 6.

a i. Teacher as s, Input as s, ii. Teacher as s, Input as s, iii. TeacherasA,, InputasA,
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Fig. 5.6. AMLE measurement results on heater-based layout. a, Schematic of heater-based layout.
Signal(s) to layout sent to AMLE via abstraction layer (‘Abs.’, consists of MZMs). With the layer, there
are three ways to represent Teacher and Input signals (denoted by yellow highlights), using: (i) single
wavelength A4, (ii) two multiplexed wavelengths A1 and A;, and (iii) wavelengths A; and A.. b, Output
transmission r (bottom plot) when Teacher (top blue chart) and Input (top red chart) signals are sent
to AMLE in the experiments. Plots i to iii correspond to that in (a). Dashed lines indicate transmission
threshold for learned response.

For the measurement schemes using A1 and A, respectively as Teacher and Input signals in Fig.
5.6b, iii (based on scheme in Fig. 5.6a, iii), transmission remains at the baselines (r1 ~0.15 and r, ~ 0)
after Teacher and Input pump pulses are sent at 1.47 nJ each in events 2 and 3, and events 4 and 5
respectively. Ar1 ~ -8% and Ar, ~ +7% (learning) are respectively observed when both Teacher and

Input pump pulse are sent at 1.47 nJ in event 6. This results is consistent with that in Fig. 5.6b, ii.
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Regardless of the optical wavelength used for the Teacher and Input pump pulse, the combined optical
pulse has to be sufficiently high for the switching of GST structural state to occur. In subsequent large-
scale pattern and image recognition experiments, this scheme is used, so that the heaters do not need

to be continuously modulated to activate the different inputs during training.

We have presented the measurement results of the optical associative learning device. Two
separate sets of measurements are carried out on two different layouts, respectively. The
methods to determine the input configurations to the device are examined. Whereas Layout 1
enables real-time monitoring of the learning states of the device, Layout 2 provides the option to
observe the learning process when the inputs to the device are of the same wavelength(s). The
dependence of learning extent on the optical phase difference between the two inputs are

experimentally characterised.
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Chapter 6

6. Associative learning for supervised learning

This chapter discusses the scaled-up implementation of the associative learning device based on
the similarities between the concept of supervised learning and associative learning. The scaled-

up hardware is used to solve pattern and image recognition tasks.

6.1 Supervised learning concept

Up to this point, we have discussed associative learning as a single element. Associative learning (Fig.
6.1a) and supervised learning (a class of machine learning; Fig. 6.1b) are in essence comparable — both
involving the pairing of input (/N) with the correct output (Teacher) to supervise the learning process.
However, the exact network constituents that map the input to output in conventional supervised
learning architectures are somewhat distinct —the Teacher signal propagates backward layer-by-layer
to collectively adjust the network weights such that the actual output R better resembles the desired
output (Teacher) after each learning iteration. To reinforce the relation between the two, a scaled-up

design for AMLEs (illustrated in Fig. 6.1c) is required.

Associative learning

Teacher —>| R IN
|
i, — T

Output layer

b Two-input supervised learning
y Teacher
(Backpropagation method)

Teacher Input layer

Associative layer

[J Not learned
M Learned

Teacher

Fig. 6.1. Supervised Pavlovian associative learning. a, Pavlovian learning involves pairing the inputs
(IN) with the correct outputs (Teacher) to supervise the learning process. b, Current conventional
supervised learning networks use backpropagation. The network diagram depicts the network for
supervised learning. ¢, Optical on-chip hardware diagram of supervised learning with two inputs using
AMLE. Input signals IN1 — IN, fed into the system during the learning process to be supervised by the
Teacher input signal. IN; - IN; and Teacher inputs leading to the AMLE are controlled by thermo-optic
(with NiCr heaters) MZMs. d, Network representation of the hardware diagram in c.
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The model (schematic drawn in Fig. 6.1c, and in Fig. 6.1d) is implemented to an integrated
chip. There are six fabrication steps in the hardware design, as discussed in Section 3.3 of Chapter 3.
To define the structures in these steps, photolithography is used (instead of electron-beam
lithography) when the required thickness of resist window exceed 100 nm - such as that for markers
and frame, isolation layer, thermo-optic heaters, and electric pads. The CAD and mask design are
shown in Fig. 6.2 and Fig. 6.3, respectively. The mask base material is soda lime glass (1.6 mm-thick)

with low-reflective chrome plating (4 inch).
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Fig. 6.2. CAD design. a, Single device and scaled-up structure design on a single chip. b and ¢, Zoomed-
in view of scaled-up (b) and single device (c) structure design. The single device design include: i.
bottom MZM cascade to characterise A¢g,, ii. top MZM cascade to characterise Ay, iii. Full single
device, with both top and bottom MZM cascades.

The resulting hardware is shown in Fig. 6.4a. It consists of the associative layer (purple
bordered boxes) between an input layer (input data and input Teacher label, denoted using red and
blue arrows respectively) and an output layer (response R; green arrow). The NiCr thermo-optic
heaters (green bordered boxes) enable the control of optical signal paths between the input layer and
the associative layer. Optical micrographs with an enlarged view of the AMLE and thermo-optic
heaters are shown in Fig. 6.4b, and Fig. 6.4c respectively, with the depiction of AMLE consistent with

prior descriptions in Fig. 3.2a. The thermo-optic heaters, which control the optical phases and thus
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connections between the input layer to the associative layer, are modulated using external voltage

sources via on-chip gold electrodes (see Fig. 5.5 for details on the modulation)
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Fig. 6.3. Photolithography mask design. a, Optical image of mask. b, Optical image of mask. Design of
structure from several layers on a single mask. c-f, Zoomed-in view of markers and frame (c), isolation
(d), electric pad (e), and NiCr heater (f) layer design.
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Fig. 6.4. Supervised associative learning hardware. a, Optical micrograph of supervised learning
hardware (compare with schematic in Fig. 6.1c), which consists of four AMLEs (boxed, purple). The
arrows show the optical input-output connections coupled to the on-chip hardware via grating
couplers. b, ¢, Optical micrographs of a single AMLE and heaters respectively correspond to those in
a. d, Image of amplifier circuit on PCB to increase voltage supplied from LTC2668 DACs to control A
and Ag:. e, Image of chip PCB connected to amplifier circuit and wirebonded to electrical pads on
AMLE hardware in (a).

Voltage biasing on the heaters (supplied via wire-bonded on-chip electrical gold pads, details
in Fig. 6.4a) are delivered from the digital to analogue converter (DAC) microcontroller (LTC2668,
Analog Devices *'%) amplified by electronic amplifier circuit on the printed circuit board (PCB) shown
in Fig. 6.4d. The amplifier circuit, developed by the author based on circuit design shown in Fig. 6.5,
conveniently and sufficiently ramp up the voltages on-demand from a computer connected to a
microcontroller. Circuit simulations are run on this circuit design using circuit simulator software
(LTSpice) to replicate the behaviour of an actual amplifier circuit. The amplifier circuit uses a voltage
divider network to bias the operational amplifier in a non-inverting gain mode with resistors to form
the required feedback loop, depending on the manual settings of the electro mechanical switch.

Bypass capacitors are connected in parallel to the power supply to remove AC noise signals. Then, the
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circuit design is transferred to the PCB layout design software (Autodesk Eagle). The circuit
connections are optimised using the functionalities provided by the software. The resulting optimised

PCB layout is shown in Fig. 6.6.
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Fig. 6.5. Circuit design. a, Design as simulated on circuit simulator software. b-d, Zoomed-in view of
the circuit main components: Variable gain amplifier, which consists of manual switch, operational
amplifier, resistor, and bypass capacitors (b), inputs to amplifier connector (c) and outputs from
amplifier connector (d).

For scaled-up experiments described in this chapter, measurement equipment in addition to
that in Chapter 4 is shown in Fig. 6.7. White CW laser source and spectral filter (Fianium WhiteLase
Micro and SuperK Split, NKT Photonics) amplified using EDFA cascades (FA-15 and FA-33-10, Pritel)
provide input signals of broad wavelengths (for WDM) from a single source. The EDFA cascades supply
amplification with higher gain — this is required as white laser typically operates at low power (optical
signal power is shared with signals of many wavelengths). Other equipment includes pulse generator
(HP 8133A, Hewlett Packard, which provides GHz-rate electrical modulations), and remote-controlled

OTF (OTF-930, Santec Corp, which allows operating the OTF remotely from a computer).
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Fig. 6.6. PCB layout design. a, Layout design transferred from circuit design in Fig. 6.5 - optimised

using automation software. b-d, Zoomed-in view of the layout main components.
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Fig. 6.7. Equipment for scaled-up experiments (in addition to that is discussed in Chapter 4). a, White
CW laser - source (Fianium WhiteLase Micro, NKT Photonics) (i) and spectral filter (SuperK Split, NKT
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Photonics) (ii). b, Cascaded EDFA - (FA-15, Pritel) (i) and (FA-33-10, Pritel) (ii). ¢, Pulse generator (HP
8133A, Hewlett Packard). d, Remote-controlled OTF (OTF-930, Santec Corp.).

The measurement equipment in Fig. 6.7 are detailed hereafter.

Optical components

White laser. The white laser (Fianium WhiteLase Micro) is used in the scaled up experiments

to increase signal throughput (via wavelength division multiplexing (WDM)) over the signal channels
in the experiments. The spectral shape and stability of white light spectra is attributed to nonlinear
effects governed by optical dispersion in the optical medium, pulse length and peak power #1441,
which can be analysed via the nonlinear Schrodinger equation. Because it is conventional to solve the

416-418 it is less straightforward to retrieve the exact basis of the

equation using numerical methods
phenomenon. The supercontinuum effect involves a complex interplay of multiple nonlinear effects,
which in combination leads to spectral broadening. These effects include self-phase modulation,
cross-phase modulation, Raman scattering, four wave mixing, modulation instability, soliton
formation and soliton fission #'°. To increase nonlinearity, structures with high effective area *?° (such

as microstructured optical fibers - which also enables optical dispersion tailoring 4*°) are typically used.

The optical output from the supercontinuum laser is typically pulsed, although continuous
wave supercontinuum lasers have also been realised %422, There are generally two approaches to
generate supercontinuum optical signal: by sending optical pump input to a nonlinear medium in the
normal or anomalous dispersion region. A comparison of the two approaches are summarized in Table
6.1. As indicated in the table, to generate a supercontinuum optical output with high spectral width,
the pump signal is sent in the anomalous dispersion region; albeit with lower spectral flatness with
less regular and consistent pulses. The Fianium WhiteLase Micro white laser is pumped at anomalous
dispersion region to generate optical output with spectral range from 0.4 pm to 2 um . The optical
output consists of a train of ~ 10 ps pulses with ~ 30 MHz repetition rate is produced at ~0.2 - 0.5 W

total output power (~ mW/nm power density).

Spectral filter. The spectral filter (SuperK SPLIT) is used to split the optical signal free-space
beam from the white laser to two spectral free-space outputs: Visible/Infrared region (400 — 830 nm
/ 915 — 2400 nm wavelengths) and near infrared/infrared region (400 to 1120 nm / 1180 to 2400 nm
wavelengths. The optical signal from the filter is coupled from free-space to optical fibre by fitting it
with a separate broadband optical fibre delivery.
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Table 6.1. Comparison of supercontinuum generation

from pump input sent in normal and anomalous dispersion region.

Parameter

Normal dispersion pumping

Anomalous dispersion pumping

1. Spectral width

Medium
> 0.5 um 2-dB spectral bandwidth 4%,

Pump pulse induces self-phase modulation, which in
turn induces a combination of four-wave mixing and
stimulated Raman scattering to broaden the optical
spectrum 424426,

High
~ 1 um 15-dB spectral bandwidth 427428

Pump pulse induces Raman scattering that forms
soliton to broaden the optical spectrum 2. Spectral
width can be further increased when the nonlinear
medium has two zero dispersion wavelengths. The

wavelength of generated solitons red-shifts to
approach the second zero-dispersion wavelength.
This effectively acts as a second pump pulse, thus
extending the continuum #2743,

2. Spectral flatness High Low
~ + 1 dB uniformity for 0.5 um wavelength range ~ + 8 dB uniformity for 1 um wavelength range
(1.4 um —1.8 um wavelength) 4> (0.5 um — 1.5 um wavelength) 427428431

Varies (generally depending on pulse width)
~ 75 % with ~ 50 W input pump power 2

3. Energy efficiency Varies (generally depending on pulse width)
~60% with~0.1 W input pump power
(low spectral uniformity (+ 10 dB)) 432 ~ 40 % with ~ 20 kW input pump power 433
~ 30 % with ~ 0.35 W input pump power 42 ~1 % with ~3 mW input pump power
~ 35 % with ~ 1 W input pump power 426 (on tapered fibers) 43
Efficiency generally dependent on pulse width. Efficiency generally dependent on pulse width.
Picosecond pulses generally enable low power input Picosecond pulses generally enable low power

pump power 432, input pump power 4%,

4. Pulse stability High Medium

Low amplitude noise and timing jitter Higher timing jitter
(e.g., amplitude noise is 1 % across 30nm optical (e.g., amplitude noise can vary between ~ 10 % -
bandwidth. Timing jitter is comparable to timing 30 % across 30 nm optical bandwidth. Timing jitter
is about an order of magnitude higher than the

timing jitter of pump input #34).

jitter of pump input 434).

EDFA. The pre-amplifier (FA-15 Pritel) and amplifier (FA-33-10 Pritel) are used to sufficiently
amplify the white laser signal (which is typically weak, due to shared energy across the laser spectrum)
for both probe and pump purposes. Compared to the Amonics EDFA introduced in Chapter 4, this pre-
amplifier and amplifier cascade provides a higher amplified optical output. The amplification occurs in
two stages: the pre-amplifier converts the weak signal from white laser into an output signal strong
enough to be further amplified by the subsequent amplifier. The pre-amplifier can receive input
signals from -30 dBm (0.001 mW) to 10 dBm (10 mW), and amplify them up to 15 dBm (31.6 mW), for

optical wavelengths between 1.528 to 1.565 um. The subsequent amplifier can receive input signals
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from -10 dBm (0.1 mW) to 20 dBm (100 mW), and amplify them up to 33 dBm (2 W), for optical
wavelengths between 1.535 to 1.565 um.

When the amplifier is fed with pulsed optical signals, the maximum optical pulse peak power
Ppeak that the amplifier can sustain defines the amplified pulsed signals - based on the relation: average
POWer Payerage = Ppeak * frepetition * Tpulse, Where frepetition and Touise are respectively the pulse repetition rate
and temporal optical pulse width. The amplifier has been tested to be able to support Ppeak ~ 500 W
at frepetition ~ 10 GHz and tpuse ~ 1 ps. Taking the maximum Ppeak s 500 W, when frepetition is decreased,
Touise has to increase (for example to Tpuise ~ 300 ps at frepetition ~ 30 MHz). Such constraint on Tpuse can
be removed by limiting the power supplied to the amplifier to reduce Payerage (for example, Paverage ~

150 mW for tpyise ~ 10 ps).

OTF. The OTF (OTF-930, Santec Corp.) enables remote tuning of filtered wavelength. It has
insertion loss of 6 dB, and 0.3 nm bandwidth at -3 dB optical power. It has 80 nm tuning range, from

1.53 to 1.61 um; and tuning resolution of 0.01 nm.

Electrical component

Pulse generator. The pulse generator (HP_8133A, Hewlett Packard) generates RF pulses at

high modulation speed, to define the optical pulses sent to the AMLE (via EOM). The pulse generator
supports 15 MHz to 3.35 GHz modulation speed, with less than 100 ps transition times, £ 100 ps width

accuracy and + 150 ps delay accuracy.

6.2 Pattern recognition

Rapid pattern recognition task is carried out on the AMLE scaled-up hardware chip in Fig. 6.4a to verify
that once the associations are formed by the AMLEs, simultaneous parallel recognition can be
achieved. The pattern-recognition experiment consists of two steps: pattern programming and

pattern detection.

6.2.1 Network settings and pattern recognition results

Pattern programming

The experiment setup to programme a set of patterns to AMLEs (on the hardware shown in
Fig. 6.5a) is depicted in Fig. 6.8a. Input signals IN1 to IN4, controlled by variable optical attenuator

(VOA; V1550PA, Thorlabs Inc.), holds the pattern to be encoded to the AMLEs, and are represented as
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optical signals wavelength-multiplexed from the spectrally filtered (SuperK Split, NKT Photonics) laser

(WhiteLase Micro, NKT Photonics).

A separate supervisory ENABLE Teacher signal from CW laser (TSL-550, Santec Corp.), likewise
controlled by VOA, is distributed to each Input signals. The Teacher signal is centred at 1553.4 nm
wavelength. The Input signal wavelengths are C33 to C36 (based on ITU-T G.694.1 spectral grids for
dense wavelength division multiplexing WDM): A = 1550.92 nm, 1550.12 nm, 1549.32 nm, 1548.51
nm. Although these wavelengths are used, the MZMs can be designed and set for many other

wavelengths.
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Fig. 6.8. Pattern recognition experiment — measurement setups. a, Schematic of measurement setup
to programme bit patterns. ENABLE Teacher signal (blue) is distributed to each Input signals IN1 to IN,
(red; wavelength-multiplexed from spectrally-filtered (SF) white laser (WL)). Input is activated using
VOA when bit patternis ‘1. b, Measurement setup for pattern recognition. Bit patterns to be detected
‘0110’ are associated into the AMLE via a learning step. 1 GHz optical detection pulses defined by
computer-generated pseudo-random bits at wavelengths from C33 to C36 (1548.51 nm to 1550.92
nm) are sent through AMLE devices and detected by photodiodes. Measured average output
transmission R cumulatively summed to determine if pattern is recognised. c, Eye-diagram obtained
from non-return-to-zero (NRZ) pseudo-random binary sequence (PRBS) pulses modulated at 1 GHz
shows clear distinction between states ‘0’ and ‘1.
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The selected signal from the combined signals is modulated by EOM (2623 NA, Lucent
Technologies) via AFG (AFG 3102C, Tektronix), and amplified by EDFA (FA-15, Pritel and FA-33-I0,
Pritel) while monitored using 1 GHz PD (1611FC-AC, Newport Spectra-Physics Ltd.) connected to an
oscilloscope (TDS 7404, Tektronix). Amplified signal is split and filtered (OTF-320, Santec Corp.) to the
respective Teacher and Input signals IN:1-IN4, before they are sent to two 1x4 optical switches (GZ-1x4-
SM, Gezhi) and coupled onto the AMLE hardware (via fibre array). To debug the signals sent to AMLE,
probe debugging signals are sent through the AMLEs, coupled out of the hardware via fibre array, and
filtered by OTF (OTF-930, Santec Corp.) to be detected by PD (2011-FC, Newport Spectra-Physics Ltd.).

During pumping, optical switches (GZ-1x2-SM, Gezhi) are activated to null the signals to PD.

A set of amorphising and crystallising pulses defined in Section 5.1.2 are sent to the AMLE.
While the Teacher signal sent is continuous wave (CW), the Input signals —which define the bit pattern
to be detected — are pulsed (as the white laser emits picosecond pulses). As such, the optical power
effectively sent to the AMLEs (average power) has to take into consideration the pulse repetition rate
and pulse width. The average power is given by Paverage = Ppeak * frepetition * Tpulse, Where Ppeak, frepetition and
Touse are respectively the peak power, repetition rate (frequency) and temporal width of the optical
pulses. It follows that for a train of optical pulses with 6.6 mW measured average power, 30 MHz
repetition rate and 15 ps pulse width (considering pulse broadening effects on the measurement
setup), the peak power of the pulse is ~ 15 mW. With both the Input optical pulse width Tpuse (~ ps)
and optical pulse repetition interval (1/ frepetition = 1/30 MHz ~ 30 ns) being substantially lower than the
pulse width defined by the EOM t (100 ns), the pulses defined by the EOM would cover multiple pulses
from the amplified white light signals. Thus, pulse synchronization between the white light laser and

EOM is not required.

The GST cells on the AMLE are initially set to their crystalline states. The bit pattern ‘0110’ is
then programmed to the AMLEs by respectively sending the pump Teacher signal T=1.47 nJ (t = 100
ns) and pump Input signals IN; = 0, IN; = 1.47 nJ (t = 100 ns), IN3 = 1.47 nJ (T = 100 ns) and IN; = 0
simultaneously — essentially associating the ‘Program bit’ with the ‘Program 0110 bit pattern to
AMLEs’ signals within the AMLE hardware. After the pulses are simultaneously sent, the bit pattern to
be detected —which is ‘0110’ —is effectively stored in the PCM on the AMLE. The PCM structural states
are respectively crystalline, amorphous, amorphous, and crystalline on the AMLE hardware. As in the
single device measurement case (described in Chapter 5), heat from the optical pulses effectively

induces GST structural phase switching on the AMLE for the associative learning process.
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Pattern detection

After the pattern programming step, rapid pattern recognition task is carried out on the AMLE
network chip in Fig. 6.4a to verify that once the associations are formed by the AMLEs, simultaneous
parallel recognition can be achieved. As summarised in Fig. 6.8b, a series of randomised optical binary
signals modulated at 1 GHz speed is sent to the AMLEs (with 0 mW for ‘0’ and 0.7 mW for ‘1’), using
different wavelengths (in the range 1548.51 nm to 1550.92 nm, C33 to C36 in the telecoms band) for
each of the individual AMLE inputs — see Fig. 6.9a. The optical signal source prior to the EOM is the
CW laser source (TSL-550, Santec Corp.) The 50 random signals sent to the devices are generated from

the following numpy.random.seed in SciPy.org Python module #°;

(IN1, IN>, IN3, IN4) at C33: (seed 1, seed 2, seed 1 inverse, seed 2 inverse)
(IN1, IN>, IN3, IN4) at C34: (seed 3, seed 4, seed 3 inverse, seed 4 inverse)
(IN1, IN>, IN3, IN4) at C35: (seed 5, seed 6, seed 5 inverse, seed 6 inverse)
(IN1, IN>, IN3, IN4) at C36: (seed 7, seed 8, seed 7 inverse, seed 8 inverse)

The AFG (AFG 3102C, Tektronix) specifically picks the continuous 32-bit 1 GHz pulses from the
3 GHz pulse generator (HP 8133A, Hewlett Packard). The EDFA (AEDFA-CL-23, Amonics Ltd.) amplifies
the pulse from EOM (2623 NA, Lucent Tech.). The AMLE output pulses coupled from the layout are
detected by 1 GHz fibre optic PD (1611FC-AC, Newport).

The output from each AMLE device in the scaled-up hardware is channeled to four
photodiodes to generate the system outputs (or responses), R. The output transmission response of
single AMLE r; measured from the photodetectors is then summed to obtain the cumulative
transmission response Z;r; for the different wavelengths, where R;is the measured output transmission
of i" AMLE after normalising (between 0 and 1 range) using ri = (ri— rbase)/rase, that is the average value
of two consecutive output transmission values using a trigger pulse (with rp.se being the baseline of
the optical transmission. The average value is taken to minimise the effects of electrical or optical
noise. The corresponding output response of the AMLEs when the inputs (in Fig. 6.9a) are sent at the
four different wavelengths C33 to C36 is shown in Fig. 6.9b. A high output response above the shown

threshold indicates that the bit pattern ‘0110’ is detected.

Having shown in the experiment how the associative learning hardware can detect a
programmed bit pattern individually with respect to the optical signals sent at the different
wavelengths, we now set the goal of systematically retrieving the cycle(s) at which the cumulative

output response R is above a pre-determined learning threshold. In the experiment, the cumulative
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response R is recorded from the output pulses retrieved at the four optical wavelengths. The results,
shown in Fig. 6.9¢, pinpoints cycle 30 as the cycle at which the input signals from all four wavelengths
match the bit pattern ‘0110’, as the cumulative response R exceeds the learning threshold only at the
cycle. This ability to simultaneously detect matching patterns could find useful practical applications
in parallel object detection. The parallelization increases object detection throughput. The extent of
latency reduction due to such throughput improvement scales linearly with the number wavelength-

multiplexed optical carrier signals used in the detection process.
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Fig. 6.9. Pattern recognition experiment results. a, Inputs IN; to IN, sent at the four different
wavelengths i.e., C33 to C36 (input = ‘1’ represented in red, yellow, green and blue respectively).
Purple shades represent ‘0110’ pattern sent to the devices. b. Output response r when inputs IN; to
IN4 are sent for the four different wavelengths (C33 to C36). Purple shades represent ‘0110’ pattern
detected. ¢, (Top) Cumulative response R obtained for the four respective wavelengths and detection
cycles to recognize the same pattern ‘0110’. Values above cumulative transmission threshold R = 7
(the dashed black line) denote all-matching response (that is in cycle 30). Notably, the cumulative
response R in cycle 18 is close to the threshold: upon closer inspection from b, the cycle has three
(out of the total four) matching responses. (Bottom) Calculated error R — Realcuiated (difference between
measured average transmission response and expected response) shows mean error is negligibly low
with standard deviation well within the 0.5 threshold band. d-f, Pattern detection error analysis. In
(d), image plot of kernel density estimation of calculated Error = r — reicuates When reiculated is O
(horizontal axis) and 1 (vertical axis). Distribution is skewed due to contributions from null signals
when IN = 0. In (e) and (f), histogram of distribution counts of Error when IN = 1, with reicuiated = 0 and
1 respectively.
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6.2.2 Pattern recognition error analysis

The bottom plot of Fig. 6.9c shows the performance of the AMLEs for detection predictions. The
prediction error Error = R — Realculated iS measured from the difference between output transmission R
and the calculated transmission Rcaiculateds. The error is within the £ 0.5 threshold bands. Fig. 6.9, d-e
provides a more thorough analysis of the calculated Error. In Fig. 6.9d, the kernel density estimation
of the Error is shown. The estimation is centered at around (0.03, — 0.05) with skewed distribution
(elongated in the y-axis) because the null output signals from IN = 0 are considered in the plot. As

shown in the distribution counts in Fig. 6.9, e-f, the Error is generally within £ 0.2.

6.3 Image recognition

Having demonstrated pattern detection, we next discuss how the AMLE-based hardware can achieve

generalisation on an image recognition task using associative learning.

6.3.1 Scaling architecture of associative learning network

To demonstrate generalisation, the network architecture shown in Fig. 6.10a is experimentally
implemented. The network is similar to those in Fig. 6.1d, which consists of three main network layers

(that is the input layer, associative layer and output layer) 43¢
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Fig. 6.10. Scaling architecture for image recognition using associative learning network. a, The
general associative neural network composed of an input layer (IN1-IN1ss, T1-T1os), associative layer
(stimuli s1-s, association) and output layer (transmission R). The input signal is the pattern (pixels from
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image) to be classified, and the external teacher provides the desired set of output values chosen to
represent the class of patterns being learned. During training, the input layer (IN1-IN1gs, T1-T19s) is fed
into the associative layer. Associative layer consists of AMLEs with states that are modified when both
the input and external teacher signals are paired together. A model representation of the trained
images is then obtained by sending a preprocessed input signal of blank white image to propagate
through the layers. b, Optical on-chip implementation of the input layer, associative layer and output
layer respectively. The associative layer, which consists of thermo-optic NiCr heaters, distributes the
combination of the input and external teacher signals (from the input layer) as s; and s; inputs to the
respective AMLEs. The output layer consists of a summation unit to sum up the output response from
the AMLEs to form the net output.

During the training process, images to be trained are first pixelated to 15x13 input pixel data
(195 pixels altogether). These data IN:-INigs are then sent to the associative layer, whilst
simultaneously the Teacher signals are likewise preprocessed and sent to the associative layer. The
change in the learning states of AMLEs is determined from their transmission readouts, when
preprocessed Input data of maximum amplitude and the same dimensions as the training pixel data
(blank white image) is fed through the layers. The transmission of these individual AMLEs is summed
up at the output layer and rearranged to form a 15x13-pixel model representation. The complete
computation is obtained by cumulatively adding the model representation from each training pair.
Pixel-by-pixel comparison between the model (which generalises the training images) and

measurement is then made to determine if the testing images are of the image to be detected.

6.3.2 On-chip implementation of associative learning network

The photonic implementation of associative learning network architecture for the image recognition
is shown in Fig. 6.10b. Here, the GST elements on the AMLEs are first initialised to the crystalline state
before the signals are sent to the on-chip photonic structure. During training, depending on the optical
input signal and the input pump power sent to the AMLEs, the state of the GST cells on AMLEs either
remain in crystalline, or structurally switch to amorphous state. This results in a change in optical
probe output response of the AMLEs. In our experiment, because we only have 4 AMLEs, the 195 pairs
of input pixels are rastered across the 4 AMLEs. The rastering process is carried out by sweeping
horizontally from left-to-right four training pixels at one go and recording the measured probe output
responses from the computer, before resetting the AMLEs to their crystalline states, and then
repeating the process until the 195 pairs of input pixels are completely covered. As the rastering
process is implemented through the 195 pairs of input pixels, the cat representation is built from the

probing of the respective AMLE output responses. Due to limitations on the number of AMLEs (four
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in this case) in the associative learning hardware, the current image recognition system is dependent
on an external memory from the computer to perform the post processing step of building the cat
representation. Such dependence can be removed using a hardware with AMLEs of at least the same
number of image pixels to be trained and tested. The overall detection speed is projected to be ~ us
using high-speed modulators *? with a complete set of AMLEs on the hardware (195 AMLEs in this
case), limited only by the phase modulation speed and computer processing latency. There is an
inherent ~ 3 dB loss from the use of conventional MMI for the summation process, which is used in

the on-chip realization of scaled-up associative hardware.

Training images

Teacher

Input

Fig. 6.11. Training the associative learning network to identify cat images. Bounding box corners
indicate region of interest.

To examine image classification capabilities of the associative learning network, the ‘Dogs vs
Cats’ dataset from fast.ai **7 (single dataset collected from CIFAR10, CIFAR 100 2, Caltech 101 *3,
Oxford-1IIT Pet #*° and Imagewoof %) is examined. Cat images used for the training process are shown

in Fig. 6.11.

Fig. 6.12 shows the integrated pump-probe measurement setup for the image recognition
experiment. Input signals IN1-IN19s are represented as wavelength-multiplexed optical signals from the
spectrally filtered (SuperK Split, NKT Photonics) supercontinuum laser (WhiteLase Micro, NKT
Photonics). Another set of separate supervisory Teacher signals Ti-T1gs is represented from CW laser
(TSL-550, Santec Corp.) to each Input signals. These signal pairs are rastered across the 4 hardware
AMLEs (shown in Fig. 6.4a), details of which are described earlier. The multiplexed wavelengths are
C33to C36 (A = 1550.92 nm, 1550.12 nm, 1549.32 nm, 1548.51 nm) for the Input signals. The Teacher

input signal is centred at 1553.4 nm.
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Fig. 6.12. Image recognition experiment — measurement setup and transmission data. a,
Measurement setup. A set of supervisory Teacher signals (blue) is distributed to each of the Input
signals (red; wavelength-multiplexed from spectrally filtered (SF) white laser (WL)) and switched
between pump and probe lines. 195 pairs of Teacher and Input pixels are rastered across the four
hardware AMLEs. b, Plot of measured output transmission R after the training process (for training
sets 1-5 shown in Fig. 6.11). Transmission values are divided into that above and within the yellow
bands, bordering at threshold R = 0.05. ¢, Transmission plots rearranged to form a 15x13-pixel image
for each training sets. d, Normalised cat representation after cumulatively adding the transmission
values in (c).

For both Input and Teacher training signals, the threshold for the grayscale pixels (normalised
to unity) is set at 0.5 such that the pump signals for each pixel combinations are sent to AMLE at either
0 or1.47 nJ (T=100 ns) for our case. These signals are combined and selectively routed to either probe
line or pump line amplified by EDFA (FA-15, Pritel and FA-33-10, Pritel). The routed signals are then
channeled to an optical coupler each to split them at 50:50 ratio and filtered by OTFs (OTF-320, Santec
Corp.) such that they now consist purely of Teacher or Input pump/probe signals. These signals are
then connected to two 1x4 optical switches (GZ-1x4-SM, Gezhi) and coupled onto the on-chip
hardware (via fibre array). The out-coupled output transmission R is sent to the PD (2011-FC, Newport

Spectra-Physics Ltd.) through a VOA (V1550PA, Thorlabs Inc.) and OTF (OTF-930, Santec Corp).
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6.3.3 Model representation of training images

After training, a blank white 15x13 pixelated image of maximum probe input power magnitude is fed
to the on-chip hardware and measure R for each training set (five sets altogether, details in Fig. 6.11).
Patterns (in the form of pixel amplitudes) are searched from the 15x13 pixel image sent to the network
of monadic AMLEs in single steps. The R plots shown in Fig. 6.12b are then rearranged to form a 15x13-
pixel image: these are shown in Fig. 6.12c, with upper and lower cutoffs respectively at R = 0.08 and
R = 0. The images constitute the cat representation for the training sets. The net cat representation -
depicted in Fig. 6.12d - is obtained by cumulatively summing up the transmission values R of the cat
representations (for each pixel location) from the training iterations. After each training iteration, the
network’s ability to distinguish the appearance of a cat improves. The feature subtleties can then be
captured from the net cat representation, giving us a valuable means to distinguish a cat from other

objects.

b Testing Image c Cat Not cat —

Cat representation

Testing image
N w

\il

A

N

UOISSIWISUB.} PIZI|eWION

0 10 15 20 25 30
Error X(rep, - imj)’

Fig. 6.13. Cat representation and testing images: comparison. a, Cat representation obtained from
measurements (Fig. 6.12d). b, Testing images to test if the network can correctly classify pictures as
cat and non-cat. ¢, The network successfully recognised cat and non-cat images based on the squared
Euclidean distance I (rep; — im;)*> measured over the testing images for each of the 15x13 pixels.

To test the model representation, the testing images shown in Fig. 6.13b are used to compare
them (im) with the representation of the cat rep in Fig. 6.13a. The threshold min(Error) + (max(Error)
- min(Error))/2, which is 22.625 for our case, is set to determine the Testing Images that resemble the
model representation in Fig. 6.12d. The results, summarised in Fig. 6.13b, reveal that Testing Image
1, 3 and 5 resemble the cat representation. With the error (Error = squared Euclidean distance Z (rep;
—im;)?) of Image 2, 4, 6 above the threshold, the network predicts that these images are not of a cat.
The associative learning network thus accurately classifies images of cats from the model

representation obtained from the training iterations.
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In the experiment, the AMLE hardware is able to associate (but not de-associate) pixels. It is
expected that a hardware that can both associate and de-associate will be of considerable practicality,
given the behavioural tendency of biological beings to remove non-reinforced conditioned responses
over time **1, The ability to de-associate enables hardware systems to invalidate associations formed
by erroneous and/or spurious signals: this would otherwise be mistakenly regarded as valid data
signals. On a more far-sighted perspective, such ability to de-associate would enable hardware
systems to dynamically learn associations — by shedding associations that would eventually turn out
to be little to no relevance, while forming new associations of greater significance at a particular time

of computation.

6.4 Evaluation metrics for AMLE

The application-specific system offers convergence in one training step due to its
straightforward approach of detecting similarities without having to randomise network weights and
perform back-propagation as in conventional neural networks. Relevant device-level evaluation
metrics can be identified by contextualising the AMLE with a typical machine learning data load, which
requires data to be transferred back and forth from data source to be run using cloud computing
and/or supercomputers. For a more energy-efficient locally-run neural network, it is important to
shrink the network for greater portability and reduce the energy consumption of the learning process.
Table 6.2 summarises the minimum active device volume (volume of GST) and learning energy of other

associative learning devices 3173%,

Table 6.2. Comparison of active volume and learning energy in associative learning devices

Type Active volume (um?3) Min. learning energy (nl) Ref.

Electronic

=  Memresistive

i. Chalcogenide 0.12-10.5 4.7 x 10* 3
8 2.63 318

ii. Manganite ~0.1 1.35 x 103 319
1.25 x 10%° 1.02 x 10° 320

iv. Nickelate 4.7 x 103 7.20 x 10° 321
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(excluding volume of
integrated waveguide
heaters, which is 4.4 x
10° um?3in this work)

(excluding energy required to
prepare the modulation state
of the integrated waveguide
heaters, which is 2.1x 10° nJ in
this work)

4.8 x 10* 2.04 x10° 322
v. Metal oxide ~10-900 ~103-10° 323,328
vi. Organic ~0.1-05 ~103-10% 324,329
*  Electrochemical 6 x 10° 6 x 10 325
9.6 x 10° 125 326
* Memcapacitive 26.9 ~30 327
Optoelectronic 1.62 x 10° 2.1x103 330
Optical AMLE 0.12 1.8 (this work)

The electronic and optoelectronic associative learning devices range from ~ 0.1 to 10 pm?3in

active volume and consume ~ 2.63 to 10° nJ of energy per learning event. In comparison, the all-optical

AMLE fares favourably relative to these devices in terms of dimensions and energy usage, with a low

active volume at 0.12 um3 and minimum learning energy at only 1.8 nJ. The overall size of the single-

element device is of dimensions 2 um x 17 um x 0.33 um. The calculation steps to obtain the values

in Table 6.2 are:

a. Memristive

Ziegler, M., Soni, R., Patelczyk, T., Ignatov, M., Bartsch, T., Meuffels, P., Kohlstedt, H. An

electronic version of Pavlov’'s dog. Adv. Function.

doi:10.1002/adfm.201200244 3Y

Active volume calculations

From ‘Section 4: Experimental Section’ (Page 2748 and 2749 of manuscript),

Active area

Thickness of chalcogenide, GeosSeo s

Thus, active volume

Area x thickness
(2 um? to 150 um?) x (60 nm to 70 nm)

2 um? to 150 um?
60 nmto 70 nm

Mater 22, 2744-2749 (2012).
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= 0.12 um3to 10.5 um?3

Minimum learning energy calculations
Assume Is; = Is1
Ie = Im = 0.05 mA
Etota = Esi+ Eo
= Vis1 X Isy x At + Vi X o x At
= (0.2 V) x (0.025 mA) x 3.75 + 0.3 x 0.025 x 3.75
= 47 w

b. Electrochemical

Wan, C., Zhou, J., Shi, Y., Wan, Q. Classical conditioning mimicked in junctionless 1ZO electric-
double-layer  thin-film  transistors. |[EEE  Electron. Dev. Lett. 35 (2014).

doi:10.1109/LED.2014.2299796 3*°

Active volume calculations
From ‘Section Il. Experimental details’ (Page 414 of manuscript)

Area of 1ZO film 150 um x 1000 pm

Thickness of 1ZO film = 40 nm
Thus, active volume = Area x thickness
= (150 pum x 1000 um) x 40 nm
= 6 x 103 um3

Minimum learning energy calculations
From Figure 3b (Page 415 of main manuscript),

Va1 = 2V

Va2 = 2V

Jsa = 100 pA
Iso = 20 A
Nsipulse = 5 pU|SES

Ns2pulse = 5 pU|SES

From ‘Section IIl. Results and discussion’ (Page 416 of main manuscript),
At = 50 ms

Thus, Eotal = Eai+Es
= Vsl X lsl x At x Nucs pulse + VsZ X /52 x At x Ns2 pulse
= 2V x 100 pA x 50 ms x 5 pulses + 2 V x 20 A x 50 ms x 5 pulses
= 6 x 10%n)

c. Memcapacitive
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Wang, Z., Rao, M., Han, J.-W., Zhang, J., Lin, P., Li, Y., Li, C., Song, W., Asapu, S., Midya, R.,
Zhuo, Y., Jiang, H., Yoon, J. H., Upadhyay, N. K., Joshi, S., Hu, M., Strachan, J. P., Barnell, M.,
Wu, Q., Wu, H., Qiu, Q., Williams, R. S., Xia, Q., Yang, J. J. Capacitive neural network with
neuro-transistors. Nat. Commun. 9, 3208 (2018). doi:10.1038/s41467-018-05677-5 3%

Active volume calculations
Estimating from the scanning electron micrograph in Figure 1a (Page 3 of manuscript),

Active area = (18.98 x 23.33) um?
Active thickness = 60.76 nm
Thus, active volume = Area x thickness
= (18.98 x 23.33) um? x 60.76 nm
= 26.9 um?

Minimum learning energy calculations
From Figure 2 caption (Page 5),

Capacitance of synapses 680 pF

From Figure 3c (Page 6),
Vsl = VsZ =2V

The current pulse magnitude is significant after 12" UCS and 11*" NS/CS pulse

ThUS, Etota| = Echarging

0.5 CV2 X Npuises

0.5 x (680 x 102) x (2 V)? x (12 pulses for s; + 11 pulses for s,)
30n)

R

Despite the relatively low AMLE active volume (of GST), compared to electronic hardware, the
devices are still larger; however, the speed of photonic devices can lead to higher computational
density. Experimentally, with two coupled waveguides (width = 0.9 um each and length = 17 um) in
the AMLE, the area of our AMLE is calculated to be 2 um x 17 um. Thus, in the experiment with 1 GHz
modulation speed with 4 multiplexed wavelengths, this gives computational density of (4 x 1 GHz) /
(34 um?) = 118 TOPS/mm?2. The 118 TOPS/mm? computational density is limited by the available setup
in the lab. Scaling the device to more wavelength channels and modulating at higher speed potentially
leads to significant gains in the compute density. Considering for example modulation at 50 GHz 4
and using 16 wavelengths, the device would deliver approximately (16 x 50 GHz) / (34 um?) = 2.5 x
10* TOPS/mm?2. The overall net energy usage of the learning system is directly related to the number
of iterations required to train a learning system. The energy-speed tradeoff — particularly evident in
CMOS devices *? — is another important evaluation metric that requires further investigation and
research. The all-optical AMLE learns in ~ 100 ns, compared to ~ ms in a previous associative learning

device 38, Commercial photonic foundry services could facilitate further scale-up efforts.
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We have mapped the concept of supervised learning in Al with Pavlovian associative
learning, and presented a simple architecture to solving pattern and image recognition tasks.
Equipment in addition to that is discussed in Chapter 4 are indicated (HP 8133A pulse generator,
FA-15 and FA-33-10 optical amplifiers, DAC and the specially-designed peripheral amplifier circuit).
High-speed (1 GHz) parallel recognition are experimentally demonstrated using WDM, and
generalised patterns in the form of images by experimentally building a model representation of
the training images presented. Comparison on active volume and minimum learning energy shows
that the AMLE (device realised by the author) fares favourably compared to other reported
associative learning devices. The computational density of the device is calculated to be ~ 118
TOPS/mm?, and projected to reach ~ 2.5 x 10* TOPS/mm? using 16 wavelengths at 50 GHz
detection modulation speed. This is several magnitudes higher than that in current state-of-the-
art photonic tensor core that has 162 TOPS/mm? computational density using 16 wavelengths at

18 GHz detection modulation speed 6.
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Chapter 7

7. Associative learning: Summary and outlook

This chapter compares associative learning and ‘deep neural network’ (a conventional machine
learning approach), and lays out open questions about associative learning. Then, other

associative learning devices are reviewed.

7.1 Associative learning for Al hardware acceleration

We have discussed how associative learning scaled-up hardware can be used to solve pattern
recognition and image recognition tasks. To illustrate the general features of learning methods, the
governing equations of deep neural network (using backpropagation method) and associative learning
is derived in this section. After identifying the limitations in the ‘symbolic’ model applied in Chapter
6, a ‘numeric’ use of associative learning that enables extracting complex salient features in data is

briefly discussed.

7.1.1 Deep neural network (using backpropagation method)

It is conventional to apply backpropagation method using deep neural network (DNN) architecture to
solve supervised learning tasks. In the method, calculations proceed backwards across the network to
update the network weights, such that the error gradient tends to zero. Ideally, after each forward-

backward iteration, the output better resembles the desired output.

a Layer 1 Layer 2 Layer J

(Input) (Output) R~

Wlli-ll,k[i]

w, .
s KU1 < Backpropagation
@ f(aKU-ll)

Fig. 7.1. Deep learning network architecture using gradient descent algorithm. a, Deep learning
consists of at least one hidden layer of nodes (that is, at least two layers of weights). Nodes (red circle)
in each layer are connected to those in subsequent layers with connection strengths represented by
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weights (yellow). b, Model of deep learning network node. Except for those in input layer, each node
is a nonlinear activation function f(-) of the weighted sum of the nodes in previous layer (f{ax fiayer j-17) X
Whode k [layer 1)- Gradient of error function is computed by layer by layer.

As summarised in Fig. 7.1, the network output f(ak=) of the k™ node in layer j ay; is compared
with target function tey- for all k’[j=J] € {1,2,..., K[j=J]} at each forward iteration, before the weights
are successively adjusted layer-by-layer in the backward direction (from layer J to layer 1). The
calculation of error E at learning rate n for connection weight wy, «j+1; between nodes k[j] between

k[j+1] relies on differentiation, based on the update rule:

oF
Mg a1

Mapign =1 (7.1)

The derivative exploits the chain rule (to increase computational efficiency) *:

oF

—a
oF aak[/‘]

a"Vk[/'],lc[/'ﬂ] aaE f(ak[i]) ,ifj¢1 (72)
a

0] ,if j=1

K7

with the right-hand side derivative of (7.2) in turn, given by

K['+11 K[l J J K[J]

OE
oa :f,(ak[/'])E z z Hf'(ak’) Wikt Z (f(@)-1) (7.3)

k171 K=k K=k k=kLJ]

7.1.2 Associative learning

The scaled-up architecture adopted in the experiments (summarised in Fig. 7.2a) is distinct
from deep learning network. In the architecture, there are three layers (input j=1, associative j=2 and
output j=3 layers, with each layer having K [j=1], K [j=2], K [j=3] number of nodes respectively). This is
after an additional layer that maps the inputs to their input combination to the architecture is included

to also consider nonlinear classification tasks, for completeness.
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Layer 1 Layer 2
(Input) a Layer 3
Layer 3 = Wpp
(Output)
N Oy Waran ° @ T(a,)
@ : :
Wita1113
Az Forward propagation

Teacher

Fig. 7.2. Associative learning network. a, Associative learning consists of one hidden layer of weights.
Outputs from layer j=2 nodes are sent together with the teacher signals by to the weights. Weights are
adjusted when both layer j=2 outputs and b carries a signal. Node in layer j=3 outputs the thresholded
weighted sum of layer j=2 outputs. b. Computation proceeds in forward direction.

Details of the layers are summarised as follows:

e Input (j=1) layer. This layer takes the combinations of all j=1 nodes ay=1; € {0,1}.

e Associative (j=2) layer. This layer ‘associates’ the signal received from input (j=1) layer with the

Teacher signals. The number of nodes in layer j=2 is the total number of input combinations of all

j=1 nodes (that is K[j=2] = 2KU=1]),

e OQutput (j=3) layer. This layer sums the respective layer j=2 weights wyj-2; multiplied by their

corresponding nodes axj=2.

The output node, depicted in Fig. 7.2b, takes the form

K [j=2]

akD':3] = chz[flz] Wy, (7_4)

and is sent to the threshold function Ty(:) that produces an output if the weighted sum exceeds a
certain value. When ayj=2; (which is from Input ay-1;) and Teacher by € {0,1} signals are simultaneously
sent, change in wy=y; is induced. Its extent depends on the state of the current weight w2 relative

to the maximum weight Wmax:

Train =2 b, Witi=21 < Winax
w , otherwise (7.5)

max

AWy = {

for learning rate Nain. Weight wyg=y is iteratively updated as

96



) )
MS": Mgﬂnﬂ o (7.6)

or (with respect to net weight at m = 0):

n
(m=n) __ (m=0)
Wwﬁ - Wkl/fzj + z AwkUZZ]
m=0 (7.7)

For the nontrivial case when there exists k’[j=2]€{1,2,..., K[j=2]} for which Awy- # 0, the summation
term for the particular k’[j=2] reduces to nnwain. Given convergence when wiii=2™™" = wmay and initial
weight we(i=2™® = 0, the number of iterations to convergence n = Wmax/Nuain. This indicates single-

shot learning (n=1) when Nrain = Wmax = 1.

7.1.3 Convergence comparison

Given the symbolic nature of the training process in the associative learning scaled-up model, the
model would expectedly deliver significantly faster training convergence as we scale up the training
task. For the sake of comparison, simulations on solving learning tasks are carried out, using the
associative learning network and other conventional methods: deep neural network (DNN, using

gradient descent algorithm GD) and evolving neural network (ENN, using genetic algorithm GA) 443,

In the simulations, the Inputs of associative learning network are mapped to their
combinations before they are paired to their corresponding Teacher signals. The DNN has one hidden
layer of nodes (that is, two hidden layer of weights), with the number of hidden layer nodes arbitrarily
set as the round down of 1.5 times the number of inputs (that is, 3, 6 and 10 hidden nodes when the
number of inputs is respectively 2, 4 and 7). Logistic sigmoid is used as the nonlinear function, as is
convention for binary classification problems. To promote convergence, the weights in DNN are
randomised using the random generator function seed (0) to seed (19) from Numpy **°. The ENN
parameters in the simulations are based on default settings in . Table 7.1, a-c shows the training
data used in the comparison with two, four and seven Input (IN) signals (which has 22 =4, 2* =16 and
27 = 128 signal combinations). The corresponding expected outputs R are randomly generated using

the random generator function seed(0) from NumPy library 4%
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Table 7.1. Training data for the comparison. Randomly generated **° output R (actual R) for two (a),

four (b) and seven (c) Input (IN) signals.
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To compare the number of n iterations to learn the patterns defined in Table 7.1, the learning

% (actual R— measured R)?> measured

rate is standardised at Nnin = 0.1 and mean squared error MSE

at each iteration. Fig. 7.3a shows the MSE after n iterations. The plot indicates that n to convergence
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is respectively about 10!, 10* and 10? for associative learning, DNN and ENN. For more complex

patterns (for example, in pattern c case), n to convergence for ENN increases significantly.

Next, for a more holistic comparison, the simulations are extended to the cases when the DNN
has one to three hidden layers of nodes, while also varying the learning rate from n.in = 0.1 to 1. The
number of first, second and third hidden layer DNN nodes are arbitrarily set as the round down of 1.5,
2 and 1.5 times the number of inputs. For instance, for the case of seven inputs, there are 3, 6 and 10
nodes respectively for the first, second and third hidden layers. The simulation results in Fig. 7.3b
confirm the orders of magnitude fewer n to convergence of associative learning network (~ 10!
iterations) relative to the other conventional architectures and algorithms (~ 10% to 10* iterations for

DNN and ENN).

2 pattern a Pattern b Pattern c b Pattern a
0.5 0.5 0.5 11 I I
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Fig. 7.3. Number of iterations comparison. a, Plots of mean squared error (MSE) against n number of
iterations to convergence (to successfully learn pattern in Table 7.1), using associative learning
network, DNN (gradient descent (GD) algorithm) and ENN (genetic algorithm (GA)). Learning rate set
at 7frain = 0.1. Mean values and standard deviations (for 20 cycles) represented as solid curves and
error bands. b, Plots of n iterations to convergence for associative learning network and DNN with
varying number of hidden layers (from 1 to 3, labelled 1h - 3h) and learning rates (from 0.01 to 1).
Single-shot learning using associative learning network when 7in = 1, regardless of number of inputs.

As with most (if not all) other symbolic approaches %%, the associative learning network
described here may be advantageous for problems that require quick detection, and that do not
require complex feature extractions which may not be needed for many less complex machine
learning tasks. A network that scales linearly with number of inputs (without mapping them to their
combinations) can readily be applied for practical applications such as pattern and image recognition
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(details in Chapter 6), but such direct approach does not address nonlinear classification problems.
While self-organising mappings ®>*® can be used to identify and remove redundant weights, the
scaling extent varies depending on the training data (which can still scale nonlinearly). The nonlinear
scaling for nonlinear classification problems may be circumvented by introducing numerical methods
to the network. This would allow us approximate the weights within a limited number of nodes, and/or

by adding more layers to the network.

7.1.4 Extracting high-level features with associative learning

DNN using backpropagation method has shown outstanding feature extraction performances .
Having deep layers (Fig. 7.4a) enables the network to progressively extract higher-level features. Such
complex features is not attainable using the associative learning scaled-up model applied in Chapter
6. In the spirit of extracting complex features, the direct random target projection (DRTP) *** is placed
in the context of associative learning. The method is simplified from DNN based on the fact that it is
not required to use exactly the same parameters in (7.1) to update the weights during the training
process, as information is distributed across the network. For example, convergence can be likewise
reached by projecting a separate set of modified weights Ty, ¢+1 in the same direction as the actual

weights w i, k+1 *°:

0 < z Tt Wer g
2 (7.8)

Consequently, (7.3) simplifies to

K[+ K[ J ] K[J]

oF
o :f’(ak[j])( Z z Hf'(ak’)];c’,k’ﬂ z (f(ak’)_tk’) (7.9)

ki1 k'=k[j+1]  k'=k[j'] j~+1 k'=k[J]

where we have substituted w, ¢+1 with the Teacher signals Ty v.1. Its significance can be appreciated
by noting that the exact w, v+1 values need not be explicitly measured at each iteration. Instead, a

constant predetermined set of Ty, .1 values can be used for the update: this is depicted in Fig. 7.4b.

Interestingly, the condition in (7.8) need not be rigidly followed afterall ***. Any Ty, v+1. having
random values can be used, as there are other contributing terms in (7.9) that can drive the error E to
global minimum (notably, while retaining higher-level feature extraction capabilities **® and order of
iterations to convergence *>#%), All in all, although the weight terms have been simplified, the node

terms still have to be calculated in each iteration.
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Fig. 7.4. Applying associative learning in DNN. a, Simplified depiction of DNN architecture (compare
Fig. 7.1a). At each iteration, weights wy; ;1) have to be calculated (in forward direction) before they are
refined during training (in backward direction). b, Modified DNN architecture (modified DRTP) to
simplify (a) %, after applying associative learning. An a priori determined static set of Teacher signals
Tiij+1 are instead sent during training without having to calculate the weights wij 1.

One straightforward simplification to the DRTP introduced here by the author is to use
discrete rather than continuous randomised values for the Teacher signals. The efficacy of such
simplification should come to no surprise, given the frequent use of ‘regularisation’ in conventional

448 Because the method to recognising the patterns is numeric in nature, the initial

networks
conditions of the weights (and Teacher signals) can tolerate deviations from ideal conditions to some
extent. To test the simplified approach, the ‘modified DRTP’ is tasked at recognising the expected
output Oute =[1,1,0,0,0,0,0,0,0,1,0,0,1,0,1,1] for a four-input case, using one hidden layer of nodes,
with the number of nodes arbitrarily set as the round down of 1.5 times the number of inputs (which
is 6), and using logistic sigmoid nonlinear function. The network weights are randomised arbitrarily
using the random generator function seed (19) from Numpy *** with high and low values of -0.5 and
0.5. The Teacher signals take the binarised initial weights values, such that if the value exceeds 0, it is
assigned 0.5, else -0.5. The convergence results of DNN and modified DRTP shown in Fig. 7.5, aand b
are compared, after varying the learning rates from 0.005 to 0.1. The plots indicate that although the
convergence is higher for the modified DRTP case, the order of iterations are similar with the DNN
case. Further improvements to the simplification is anticipated. On a hardware level, the AMLE

hardware depicted in Fig. 6.2 can be readily used to implement the network in Fig. 7.4b by outsourcing

the loss calculations electronically via ADC and DAC (as described in Fig. 2.6).
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Next, the network feature extraction is studied using 9 hidden layer nodes. Features extracted
from the modified DRTP network, summarised in Fig. 7.5, c-e, indicate complex representations where
there is always subtle exceptions to perceived generalisations. It can be prohibitively difficult to

acquire such complex representations via symbolic Al means (for example, that in Chapter 6).
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Fig. 7.5. Modified DRTP: Convergence and feature extraction. a-b, Convergence comparison between
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DNN (a) and modified DRTP (b). The two approaches are within the same order of convergence. c-e,
Feature extraction from hidden layer nodes. Although the expected output Out, =
[%,%,%,%,0,%,%,%,0,%,X,X,X,X,1,x] generally leads to the shown feature in third hidden layer node when
Input =[1,1,1,1] (details shown in (d)), there are subtle exceptions to such generalisations (as shown
in (e)). It can be prohibitively complex to take into account all details in the generalisation using if-else
conditions. Such complex features can be readily extracted using numeric Al approaches (such as DNN
and modified DRTP — as shown here). In the plots, H[15] represents the hidden layer nodes with such
Input combinations, while x denote ‘don’t-care term’.

7.2 Other associative learning devices

Besides Pavlovian associative learning (which underpins AMLE), there are other related ‘associative
learning’ concepts. Implementations of such concepts include Y-combiner with memory cell, mutual-
two way associative learning and photonic content addressable memory which are summarised

hereafter.

7.2.1 Y-combiner with memory cell

Although signals can be correlated using Y-combiner with memory cell, the criteria that forms the

basis of the devices are different. To compare, we shall consider two designs: ‘Y-combiner 1’ (with GST
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cell on bottom input waveguide) and ‘Y-combiner 2’ (with GST cell on output waveguide). We recall
that the ‘Pavlovian associative learning device’ needs to fulfil the following criteria:

e Before learning, the two inputs lead to different outputs

e After learning, the two inputs lead to same output (one of which remains the same).

e The learning process only occurs when two inputs are sent to device.

On Criteria 3, the accumulated field when both s; and s; are sent to the device has to be significantly

larger than the case when only s; or s, is sent, in order to ‘associate the two inputs’.

1@ Before learning b After learning i ic Before learning d  After learning ie 2.0
| s, input s, input |1 H I s, input s, input : . ==
1 1 1 1
1 1 1
1 1.54
Do v
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[ 1 ®©
;! 110
s, input b s, input T
1 1 1
1 1 1
: ! ! 0.5
S5 —> 52*) : : :

Y. Y. Y AMLE

Y-combiner 1 Y-combiner 2

Fig. 7.6. Comparison between AMLE and GST-deposited Y-combiners. a-d, Optical field | E| profile of
Y-combiner 1 (a,b) and Y-combiner 2 (c,d) at 1.58 um wavelength when GST cell (yellow outline) are
at crystalline (a and c; before learning) and amorphous (b and d; after learning) structural state. Inset:
Output cross-section | E| profiles at locations denoted by black vertical bars. Colour bar is normalised.
e, Bar plot of normalised | E| profile at site prior to GST cell for Y-combiner 1 (both inputs at 1.58 um
wavelength, labelled Y1), Y-combiner 2 (both inputs at 1.58 um wavelength, labelled Y,), Y-combiner
2 (top input at 1.55 um wavelength and bottom input at 1.58 um, labelled Y’), and AMLE (both inputs
at 1.58 um wavelength). |E| normalised to amplitude of single input.

FDTD simulations are carried out for the comparison. The length and thickness of GST cell and
ITO capping layer is 15 um and 10 nm each. The tapered width of the GST-deposited Y-combiners is
0.8 um, while the width of input and output waveguides to the Y-combiner is 1.3 um. The thickness of
the waveguide structure is 0.33 um. These dimensions are consistent with that in AMLE. To test
Criteria 1 and 2, input s; or s; is sent to the Y-combiners. From the simulation results in Fig. 7.6, a-d,
only Y-combiner 1 satisfies both the criteria. To test Criteria 3, further simulations are performed to
measure the field intensity at the site prior to GST cell when both s; and s; are sent to the devices. The
results, summarised in Fig. 7.6e, indicate that Y-combiner 2 and AMLE satisfies the criteria.
Summarising the overall results, Y-combiner 1 can satisfy Criteria 1 and 2 (but not Criteria 3), while Y-
combiner 2 can satisfy only Criteria 3 (but not Criteria 1 and 2). The AMLE fits all the criteria of

Pavlovian associative learning.
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7.2.2 Mutual two-way associative learning (s1 2 s2)

In Pavlovian associative learning, after the learning process, input s; comes to suggest the
same output as that from input s;. This reflects one-way learning s, = si. A distinct two-way
associative learning can be realised: inputs s; and s, come to suggest the same output as those from

s; and s; respectively.

b

a After learning (amorphous GST)

s, input

Before learning (crystalline GST)

s, input

s
|E] (a.u.)

Fig. 7.7. Mutual/two-way associative learning s; 2 s,. a-b, Profile of simulated optical field |E] in
device before (a, crystalline GST) and after (b, amorphous GST) learning. Resulting outputs ri’ (r2’) is
comparable with r; (r1). Inset: Cross section of output field at locations denoted by black vertical bars.
Colour bar is normalised to enhance output visual contrast. ¢, Corresponding output |E| cross-
sectional curve, showing distinct contrast between r; and ry’ (blue band) with r; and ry’ (red band). The
transmission tendencies are signatures of s; 2 s,.

The device is designed by reducing the device refractive index (n.s = 2) and segment | length
(h = 1.5). Fig. 7.7, a-b shows input s; 2 input s, association in our 3D FDTD simulations. The

corresponding plot of cross-sectional output field | E| in Fig. 7.7¢c corroborates the association.

7.2.3 Photonic CAM for accelerating search operations

Content addressable memory (CAM) is a hardware conventionally used for very-high searching
applications. It is traditionally used to search for data in parallel on the basis of data content rather
than by specific address or location as in standard memory structures. However, its applications
extend beyond that. They include correlations, parallel computations, combinatorial optimisation, and
specific machine learning tasks ¢°#4%9_ |n all cases, the operation of a CAM is based on the comparison

of symbols or bits, which are referred to generally as content and search symbols/bits.

104



To retrieve the address location of the content stored in CAM, it compares a search bits with
the preloaded contents of the CAM blocks, and generate a given output signal depending on how
many matching bits are there between the search bits and preloaded contents. So far, commercial
CAMs are electronic and/or magnetic. Although optical CAMs have been realised optically, they are

451

implemented on free space 28¥%0, opto-electronic **'or nonlinear platforms %2,

Towards the end of the author’s DPhil studies, the author conceived an all-optical on-chip
CAM architecture shown in Fig. 7.8a. Each content word is wavelength-multiplexed such that when
they are sent to each CAM row, the content word in each row is selectively assigned to the associative
element (purple boxes) in each column, using resonators to selectively filter the content depending
on the respective wavelengths of the content. The search data is likewise wavelength multiplexed

such that each search bit, assigned to the different CAM columns, are sent equally to the CAM rows.
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Fig. 7.8. Photonic CAM architecture. a, Schematic of architecture. Search data in each n column is
divided equally (by M+1 rows) to the respective matrix cell in the column using a set of directional
couplers. Content in each m row is sorted and distributed (based on their designated wavelengths) to
the respective matrix cells using a set of optical resonators. Information in the content and search
data can be masked when queried to infer associations, i.e., to search for content which have some
part (but not all parts) in common with one another. Output from each matrix cell is collectively
coupled via set of directional couplers to a shared output line. This combines the signal with those
from other matrix cells for the respective row, to form a resulting matching response rm. b, Schematic
of CAM array unit that corresponds to that in (a). Input signals from content (red arrow) and search
data (blue arrow) are filtered in red and blue boxes respectively before being sent to matrix cell
(purple). Remaining signals channeled to other units (in the next row or column; via black outgoing
arrows) for the same process. Output signal from associative element combined with that of preceding
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column (black incoming arrow) in green box. The resulting output matching response (green arrow)
combined with output signals from other units.
The elements in the CAM matrix are the associative element, which has memory cells. When

implemented using phase change material as the memory cell, the memory state is set at crystalline
state before the searching process. Then, signal(s) from content and/or search bits are respectively
sent. The memory switches to amorphous state when the accumulated signals are sufficiently high, to
result in a change in optical transmission response of the individual CAM elements (Fig. 7.8b). The net
matching response is the sum of the changes from the elements the respective rows. Depending on
applications, here are at least three different methods to run the hardware:

e Send both the content and search bits simultaneously to the CAM. To take into account matching

0 bits, content and search bits are temporally toggled during the searching operation.

e Represent each content and search bits in two matrix rows and columns respectively. Here, the

second rows and second columns of each content and search bits are respectively the toggle of the
first. The content and search bits are simultaneously sent during the searching operation. This
enables one-shot searching capability, without having to temporally toggle the bits.

e Only the content is first sent to the CAM such that the content is programmed into the CAM

elements. Here, the signal from the content has to be sufficiently high to switch the phase change

memory on the elements. The searching speed is not limited by the memory switching speed.

Other ‘associative elements’ can be used besides the AMLE, for example a simple 2x1 MMI
with memory cell. The photonic CAM layout using 2x1 MMI fabricated on silicon-on-insulator (SOI)
platform is shown in Fig. 7.9. The fabrication steps - summarised in Appendix B - are comparable to

that is provided in Section 3.3 in Chapter 3.
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Fig. 7.9. CAM design layout. a, Photonic CAM with 4 rows and 4 columns. The layout corresponds to
the architecture in Fig. 7.7a. b, CAM array unit based on schematic in Fig. 7.8b.
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The design rule of thumb of the CAM components are as follows:

a. Waveguide crossing. The local half angle of the tapers in waveguide crossing is chosen such that
the diffraction spreading of the fundamental mode is sufficiently large to form the first self-image
at the centre of the crossing’s MMI structure (or centre of MMI crossing, where another
intersecting structure is perpendicularly placed), and such that the second self-image forms at the
output of the crossing. This typically results in an MMI crossing width that supports the first five
MMI modes “*3. Field profile of finalised structure is shown in Fig. 7.10a. Due to mirror symmetry,
when two separate signals (regardless of wavelengths) are simultaneously sent to the two
intersecting waveguides respectively, the signals would propagate through the intersecting
junction seemingly unperturbed (in contrast to that in directional couplers DiCs).

b. Combiner. There are at least three possible options to realise the combiner:

i. Y-combiner. Two separate waveguides are seamlessly merged to form a single output.
Conventionally, when a single input or two non-interfering inputs are sent to the Y-combiner,
the signal transmission through the Y-combiner is ~ 50%, as indicated in Fig. 7.6, c and d. Less
seamless taper design — such as that in Fig. 7.10b —supports radiative modes at the output
waveguide walls. This leads to increasing signal transmission loss as output waveguide length
increases.

ii. 2x1 MMLI. The structure is the spatial inverse of 1x2 MMI splitter (design approach in Chapter
6). Similar to Y-combiner, when a single input or two non-interfering inputs are sent to the MMI,
the signal transmission through the structure is ~50%, as indicated in Fig. 7.10c.

iii. Cascaded 2x2 - 2x1 MMI. The structure capitalises on the abilities of 2x2 MMI to split equally
when a single input or two non-interfering inputs are sent (design approach in Chapter 3), and
of 2x1 MMI to combine with ~100% transmission when two inputs of the same optical phase
difference are sent (design approach in Chapter 3). The optical phase of the g output of the
2x2 MMl is (2 - g)gm/2 3244 which are 0 and 11/2 respectively. Provided that the input optical
phases to the 2x1 MMI is compensated such that they are both equal, the signal transmission
through the cascaded 2x2 - 2x1 MMl is ~ 100% when a single input or two non-interfering inputs
are sent to the overall structure, as depicted in Fig. 7.10d.

c. Optical wavelength filter. It is convenient to use ring resonator as wavelength filter. When coupled
to two separate perpendicular waveguides, the resonator enables signals of certain wavelengths
to be routed to a perpendicular direction. Signal coupling between the resonator and waveguides
can be better understood by modifying from (3.17) and (3.18) in Chapter 3 - using coupled mode
equations to describe the field coupling of resonator mode a to optical input ain and output aout
waveguide modes:
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7.10
(i B o o, (7.10)

= 7.11
aout - 1_ ch2a ( )
wo is the angular frequency when the wavelength is at resonance, ko and (Kex1, Kex2) are the optical
losses due to the resonator, and the (input, output) waveguide-resonator coupling of respectively

38145 Following the derivation steps described prior to (3.19) in Chapter 3, the transmission at

waveguide output port T = |aout|? can be written as

T — 1 _ KeleeXZ

Ky +K,+K., —i(a)—a)o)

exl

5 (7.12)

It is straightforward to show from (7.12) that waveguide-resonator critical coupling can be attained
when Ko = Kex1 = Kexz and w = wo.

. Optical splitter with variable splitting ratio. It is convenient to use directional couplers (DiCs) to
split optical signals at a certain splitting ratio. The input-output relations of a DiC is encapsulated
in (3.12a) in Chapter 3; from which the transmission of coupled signal (as function of coupling
length /) is

T = sinz(/d) (7.12)

where « is the coupling coefficient of the coupled waveguides 3. In the CAM layout (Fig. 7.8 and
Fig. 7.9), DiCs are used to:

i. Distribute search bit signals to the CAM elements in each row equally. This is achieved by setting

the m™ row DiC coupled signal transmission to be T = (m+1)/(M+1) x 100%, where M is the total
number of rows in the CAM.

ii. Accumulate the constituent output responses from the CAM elements in each column. This is

achieved by setting the n™ column DiC coupled signal transmission to be T= (N —n + 1)/N x
100%. The use of DiC in the architecture leads to signal loss due to the symmetric coupling of
the directional coupler. This can be mitigated by replacing the DiCs with an asymmetric couplers
- structures that channels the output response signal, while also allowing output response
signals from the columns before to transmit through; for example that in #*®.
For N = 4 and/or M = 4, the relevant T are 100%, 75%, 50% and 25% (intensity profile | E|? in Fig.
7.10f).
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Fig. 7.10. CAM components on SOl platform. a, Optical field | E| profile of waveguide crossing. b-d,
| E| profile of combiners. Conventional 2x1 MMI combiner (based on 1x2 MMI design described in Fig.
6.2 in Chapter 2, for example in c¢) has transmission ~ 50%. Other structures with seemingly 100%
transmission (such as that in (b)) excites radiative modes at the output waveguide walls: this causes
signal loss. To circumvent such loss, cascade of 2x2 and 2x1 MMI can be used (d). e, | E| profile of ring
resonator coupled to two waveguides. f, Optical field intensity|E|? profile of optical splitter
(directional coupler). Signal energy transfer is a function of coupling length.

One common application of CAM is to implement the Hopfield network ® to solve constraint
problems, for example the typical benchmark constraint problem known as the ‘traveling salesman
problem’. The problem seeks to find ‘the shortest possible route that visits each city exactly once and

7 457 In

returns to the original city, given a list of N cities Fig. 7.11, a and b, a comparison between all-

parallel electronic Hopfield network and the equivalent photonic Hopfield network is presented. It is
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apparent from the figure that the photonic approach greatly simplifies the network, due to the
availability of WDM to transmit data in parallel without interaction. The photonic Hopfield network is
simulated to solve the traveling salesman problem for the shown coordinates in Fig. 7.11c, based on
the steps provided in ®’. The network weights are optimised using the numpy.random.seed 0 to 3 #*°.
The input initial value and step sizes are set as 0.0006, and 0.0004 respectively. After 103 iterations,
the solution converges (Fig. 7.11d): all four trials indicate that the shortest routeisC > D - A - B.

The correct solution can be readily ascertained by testing each possibilities by brute force.
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Fig. 7.11. Photonic CAM for Hopfield network: comparison and applications. a,b, Comparison
between all-parallel electronic and photonic Hopfield network. All-parallel electronic network can
achieve full parallelisation, but at the expense of complex wiring that scales ~ exponentially with the
number of inputs. Photonic network can implement parallel processing using WDM. ¢, The photonic
Hopfield network is simulated to solve the traveling salesman problem for the shown coordinates (A,
B, C, and D). The shortest possible route is shown (C 2> D = A - B). d, Energy (convergence) plot. The
route converges as the energy is low (within ~ 50 a.u.).
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As depicted in Fig. 7.12a, the connections in each row of an electronic CAM is similar to those
in perceptron (compare with Fig. 1.2 in Chapter 1). With WDM, instead of using distinct channels,
weighted inputs can share the same channel (details in Fig. 7.12b). The photonic CAM thus provide a

cost-effective, convenient and highly-scalable alternative to the electronic CAM.
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Fig. 7.12. Perceptron-like simplification in CAM. a, The row elements in CAM can be likened to a
perceptron. The weights are modified when both ‘search’ and ‘content’ data is respectively sent. b,
The weighted sums can be parallelised on a single channel when implemented photonically.

We have discussed the limitations of the architecture proposed and adopted in Chapter 6.
Although the architecture is capable of association detection, inductive learning, and deductive
reasoning (as summarised in Fig. 1.5 in Chapter 1), the features extracted from the presented
patterns and images are apparent in contrast to conventional DNN that can handle complex
feature extractions. Attempts to apply associative learning for such complex extractions — by
modifying from DRTP — show that the same order of iterations to convergence as DNN can be
reached. Other devices in the broader family of ‘associative learning’ devices such as Y-combiner
based device, mutual two-way associative learning and photonic CAM are also discussed. In
particular, a highly-scalable photonic CAM is designed by the author to be used for solving the

practical benchmark constraint problem (travelling salesman problem).
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Chapter 8

8. Conclusion

This chapter concludes the thesis by summarising key results in this thesis, determines the current
limitations of the device and system, and projects future directions and implementations to

overcome them.

The work described in this thesis mainly investigates photonic Pavlovian associative learning elements,
and a scaled-up implementation of pattern and image recognition using these elements. A learning
framework that facilitates the transition from a monadic Pavlovian Input-Teacher association to any
arbitrary n Input-Teacher associations is provided. The inner workings of the hardware, that

spatiotemporally correlates two initially distinct inputs (s; and s2) to the same output is elucidated.

The learning approach is benchmarked with other conventional methods. Based on the
comparison, it is determined that the architecture can be advantageous for problems that require
quick detection and inferencing, and for problems that do not require complex feature extractions.
For such higher-level features, a modification of DNN that applies associative learning is examined.
The results obtained in this work demonstrate the practical use of the element for learning
applications, and offer new insights for future developments in the nascent yet rapidly expanding field

of hardware accelerators based on input associations.

8.1 All-optical associative learning element

An outline to realise photonic associative learning is provided in Chapters 3 and 4. It consists
of seamlessly cascading two directional couplers, with distinct functionalities for each cascade
segment. The first determines the input combinations that induce the learning process, while the
second regulates the output signal response. On the first segment, optical superposition or
interference accumulates signals at the region prior to modulating element GST (to sufficiently heat
up the GST for GST structural phase change) when two-input, and not one-input is sent to the element.
On the second segment, the coupling extents of waveguide modes varies asymmetrically depending

on ‘before or after learning’ states. The signal regulation is allocated here due to the modulating
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element GST. To this end, the length of coupled waveguides, and the effective loss from GST thickness

are judiciously determined.

As the signals have to constructively interfere (and not destructively interfere) for the learning
process, stable control of input optical phase is essential. However, it is observed that optical phases
vary erratically upon the slightest vibration and/or temperature change in the measurement
environment. Two layouts are devised to eliminate this: ring- and heater-based layouts. The ring-
based layout enables real-time observation of associative learning. To scale up the devices (by
integrating multiple elements using wavelength-multiplexed inputs), heater-based layout is required.
It consists of cascaded MZMs to modulate input amplitude and optical phases to the element. It forms

the basis for subsequent learning demonstrations.

8.2 All-optical associative learning for Al acceleration

The element is placed strategically in the context of Al hardware acceleration, given the comparable
concepts of Pavlovian associative learning > and supervised learning in Al **4. Both involve pairing of
input with correct output, in one way or another. To reinforce the relation, a scaled-up integration of

the elements is implemented.

In the hardware network, the cascaded MZMs (modulated using NiCr thermo-optic integrated
waveguide heaters) enable optical signal control between the layers. They provide reliable means to
wavelength-multiplex on a large scale. Multimode interferometers (MMls) split the output signals
from the elements to separate paths each. The first path forms the individual outputs while the second

are cumulatively summed with outputs from other elements.

Al acceleration using associative learning hardware is demonstrated to solve pattern and
image recognition tasks. In the pattern recognition task, the hardware recognises specific patterns.
Once bit patterns to be detected are programmed to the elements, simultaneous detections can be
carried out via WDM. In the image recognition task, the hardware creates predictive model of the

object-to-be-detected to generalise a set of images.

The hardware is benchmarked with other conventional approaches. From simulations on
solving tasks of varying sizes and network depths (in DNN), the associative learning network requires
fewer iterations (~ 10 compared to ~ 10% to ~ 10* in other approaches), as with other symbolic

d 445

methods. A numeric metho placed in the context of associative learning is proposed to extract

higher-level features in data.
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8.3 Concluding remarks

Although the results demonstrate promising use of optical associative learning element as building
blocks for Al hardware acceleration, more could be done. On the learning architecture and algorithm,

the following improvements can be made:

e Anarchitecture that can detect associations, generalise both apparent and complex patterns, and
deductively reason based on explicit similarities. The approach discussed in Chapter 6 lacks
complex generalisation abilities.

e A platform that supports learning process guided by automatically-created and passively-
retrieved labels (or in general objective). Currently, the device supports learning process that rely
on actively-retrieved labels.

e An architecture that addresses the conventional tradeoff between the ability to acquire complex
features and the computational efficiency **®. In addition to the approach discussed in Chapter 6,
numeric approach to associative learning modified from DRTP in Chapter 7 to acquire complex
features has low computational efficiency. We may perhaps address this by finding answers from

biologically-plausible models 3537 ,

The prospective research streams summarised from the points above is depicted in Fig. 8.1. This work
represents the first implementation of associative learning as a building block in learning scaled-up
hardware, and could potentially open up new avenues of research in machine learning algorithms and

architectures.

Association
detection
Complex generalization \ . .
\ Association detection . Associative system using Computationally-efficient
L learning & reasoning automatically-created & + associative system
Apparent generalization — 5 passively- retrieved labels ?
/ y

Symbolic logic

Fig. 8.1. Prospective research streams on associative learning Al architecture. Architecture proposed
and adopted in Chapter 6 enables associative detection, apparent (but not complex) generalisation,
and deductive reasoning (or symbolic logic) on actively retrieved labels. It is desirable to embed the
ability to infer/generalise complex features from datasets that are automatically-created or passively-
retrieved labels. Attempts to link associative learning for complex generalisation in Chapter 7 are
based on simplifications from DNN, and are thus computationally-intensive. It is advantageous to have
an algorithm that offers higher computational efficiency.
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More can also be done on the hardware device. Currently, the associative learning devices are

limited by the factors outlined in Table 8.1.

Table 8.1. Limitations of AMLE device.

GST switching speed
(~10 to 100 MHz)

Pumping Probing
Parameters Lo _— . . . .
(switching or training) (testing, detection or inferencing)
Limited by Limited by signal-to-noise ratio of probing signal
EOM modulation speed (to resolve the pulse signals).
(currently ~ 10 to 100 GHz) and
1. Speed

Signal power is conventionally limited to ~ 1 mW to ensure
stability of GST structural state >° - which limits the probing
speed at ~ 50 GHz

~ several tens of pJ tonJ)

2. Energy consumption .
to switch GST structural state

~f) per bit

Not applicable

3. Throughput

Number of wavelengths for signal multiplexing is limited by the
maximum signal power that can be supported by GST-deposited
waveguide without affecting stability of GST structural state,
which is ~ 1 mW 45, This is projected to be ~ 50 wavelengths.

Not applicable

4. Computational density

Limited by signal-to-noise ratio of probing signal and spatial
density of optical waveguides. This is projected to be
approximately ~ 10° TOPS/mm?, considering 50 wavelengths
modulated at 50 GHz) for device spatial area of 30 pm?

5. Spatial density ~30 um?

On learning speed (from pump pulses), the speed is limited by the EOM modulated speed —

which in turn is limited by RF signal modulation speed (~ several hundred of GHz). If the modulation

from EOM is to be ruled out as the limiting factor, then other phase change materials (for example

metal antimony %°) with lower glass transition temperature over melting temperature ratio can be

considered 112, On the probing speed (from probe pulses), the signal power is limited by the

instability of the structural state of phase change material beyond ~ 1 mW. It would be necessary to

study in further detail the cause for such an observation, as this limits the signal throughput and

computational density as well (details in Table 8.1).

On energy efficiency, the energy consumption mainly lies in switching the phase change

material. This energy could be further reduced by using shorter pulse lengths, for example ~ 15 pJ

switching pulse energy at ~ 2 ps pulse length %6, The switching energy efficiency improves with the
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reduction of programming pulse width, as thermal confinement can be achieved by limiting the heat

diffusion time for short pulses 62,

Currently, the element relies on near-field coupling to switch the GST on a waveguide, which
is not spatially concentrated and is thus energy inefficient. Moreover, such near-field coupling
approach for GST switching could also lead to overall switching latency: as the GST structural phase
switching relies on optical pulse heating on the GST material, the heat from the optical pulses would
have to be transferred over a relatively considerable distance to the GST material for the switching to
occur. Further well thought out approaches to couple light efficiently to the phase change material

could mitigate these. On the spatial density of the device, both the large optical waveguide mode size

and optical waveguide coupling length impede integration densities. On reducing mode size, although
plasmonic waveguides have been proposed %3, its lossy nature renders it impractical. Ways to

approach these may include device optimisation %%,

All in all, these limitations have to be placed in the ‘co-processing’ context to consider
bottlenecks in the system as a whole. On the computation speed, although multiple signals at different
wavelengths can be simultaneously sent to increase detection or inferencing speed, the overall speed
bottleneck mainly lies in ADC/DAC conversion and CPU computations. As Al computations tend to
involve multiple types of calculations, hardware with co-processing capabilities is key in the effort to

truly accelerate the computations.

Other future work that could follow on the work presented in this thesis include

e Removing the optical phase-dependence of the device. The element, in its present form, relies on

specific optical phase difference between inputs to induce learning, to compensate the lack of light-

128130 However, it fluctuates with the slightest

light interaction in linear optical medium
disturbance to the measurement environment. Although different layouts have been conceived to
address this, they come at the expense of consuming large physical space prior to the inputs on
the on-chip layout, and tighter parameter restrictions (for example, wavelength range, modulation
speed, cascadability, ability for real-time measurements). Solutions may include optical phase-

insensitive signal propagation.

e Solving the ‘fan-in_and fan-out problem’ of optical interconnections. Optical interconnections -

conventionally realised via MMls and DiCs — either rely on optical phase difference between the

input signals (when their optical wavelengths are the same) or standard MMI/DiC structures meant
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to split signals equally. For example, using a 1 x N MMI optical splitter for a N x 1 MMI optical
combiner would introduce N-fold loss %°. Other more specialised optical interconnections e.g.,
asymmetric optical splitter (such as those applied in photonic CAM — discussed in Section 6.2.3)
likewise introduce loss as well. Unless interferometer-based structures are used for the optical
interconnections (which requires electrical/RF-modulation), such optical loss can be prohibitively

high when the optical circuit is significantly scaled-up.

Identifying memory materials that addresses speed, energy efficiency and structural stability issues

(highlighted earlier). Current lack of other viable ‘optical memories’ (discussed in Chapter 2)

implies that these may remain relevant for a foreseeable time. Although GST phase change
material is commonly used, combination of Ge, Sb %6, Te 110, Al, In %7, V %68 Nb, Ti, S %° Mo #’°, and

C “* may be considered.

Identifying and applying other associative learning elements into new learning architectures. In

Chapter 7, a two-way associative learning process (distinct from the AMLE, which is based on
Pavlovian associative learning) is proposed. Such ‘associative learning elements’, applied as a

building blocks in a hardware network, could accelerate certain forms of associations.

In this concluding chapter, a summary of the author’s research work, and limitations of the devices
implemented by the author are described. Future projections from the work and prospective
research streams are laid out, which consist of two main points:

e Firstly, a computational architecture and algorithm that addresses all constituents of a truly
intelligent construct depicted in Fig. 8.1 (association detection, inductive learning - both
apparent and complex generalisation - and deductive reasoning).

e Secondly, a more exhaustive co-processing approach to Al acceleration that is unbounded by
electronic parameters (for example, electrical or RF modulation speed on the EOM) —that can
be drawn upon from the limitations presented in Table 8.1.

These shall be reserved for a future time.

117



Appendix A: Fabrication and characterisation equipment

The equipment used to realised the associative learning hardware is shown in Fig. A.

P Thsefo

Fig. A. Fabrication and characterisation equipment. a, Electron beam lithography tool (JEOL JBX-
5500ZC). b, Thermal evaporator (Edwards 306). ¢, Sputtering tool chamber (i) and control system (ii)
(Nordiko). d, Reactive-ion etching (Plasmalab 80Plus). e, Mask aligner (Karl Suss MIB 3). f, Plasma
cleaning tool (Henniker Plasma HPT-200). g, Profilometer (DektakXT Bruker). h, Spincoater. i, Wire
bonder (K&S 4524 Manual Ball Bonder) j, Scanning electron microscope (Hitachi S-4300). k, Optical
microscope (Nikon Eclipse LV100 ND).
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Appendix B: Electron-beam proximity effect correction

During electron beam lithography, the electron beams to draw custom shapes on the resist
experience diffuse backscattering as the beam hits on the resist and/or substrate. This causes the
electron beam exposure to not be as uniform as intended — in certain cases with apparent under-
exposed regions. Such underexposure is more pronounced with closely-packed regions and sharp
corners; and less pronounced when the pattern is isolated. The dimension and magnitude of the
backscattered electrons are described by the point spread function of the focused beam incidence.

To compensate such ‘proximity effect’, the Beamer software (GenlSys GmbH) #’? is used. The
software simulates the point spread function of the focused beam incidence to determine the optimal
exposure doses to increase uniformity and contrast. Using the optimised exposure dose values (at
specified discrete points in the pattern), the dose profile is specified in the electron beam control
software. As an example, the proximity effect correction for the waveguide layer for the hardware

shown in Fig. 7.9 is shown in Fig. B.

...................................................

................................................

Fig. B. Proximity effect correction. a, Corrected dose profile as simulated using Beamer software.
Correction is significant at closely-packed regions with sharp corners (boxed). b-e, Enlarged view of
the boxed regions in (a). Colour scale indicates relative dose proportional to the degree of
underexposure.
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Appendix C: Steps to fabricate photonic CAM on SOl platform

The fabrication of CAM on SOI platform follows the following sequence:

a. Fabrication of Si structure. To define the SisNs waveguide, markers and frame structures, the

following steps are carried out:

Vii.

Si3sNg substrate (220nm Si/2um SiO,) is cleaned.

The substrate is spincoated and pre-baked with positive resist CSAR 62 (Allresist GmbH) at 150°C
for 3 minutes.

The substrate is patterned using electron beam lithography (JEOL 5500FS) at 50kV.

The patterned resist is developed in AR 600-546 and MIBK for 30 seconds and 15 second,
respectively; and stopped in IPA for 15 seconds.

Reactive ion etching (PlasmaPro 80, Oxford Instruments) is performed in CHF3/0,/Ar to partially

etch (100 nm) the exposed Si.

The remaining resist is removed by oxygen plasma in the RIE.

b. Deposition of GST/ITO patches. To define the GST cell with a thin ITO layer, the following steps are

carried out:

vi.

The substrate is cleaned.

The substrate is spincoated and pre-baked with positive resists 495 PMMA at 4% and 950 PMMA
at 2% (MicroChem Corp.) at 150°C for 5 and 15 minutes respectively.

Similar process as in a.iii. is performed to define GST/ITO patch patterns.

The patterned resist is developed in IPA/MIBK:EMK (15:5:1; MicroChem Corp).

The substrate is sputtered with 10nm GST/10nm ITO using sputtering tool (Nordiko RF Sputter

Deposition tool, Nordiko Technical Services Ltd.).

The remaining resist is removed by Remover PG (MicroChem Corp.).
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Appendix D: Comment on extracting ‘less implicit’ features

In line with the ‘no free lunch theorem’ 473 (placed in context in #7%), there is no one universally-

best Al algorithm. The choice of learning method depends on the learning applications. The associative

learning method described in Chapter 6 is best applied for quick detection of less implicit/complex

features.

It is tempting to raise the question on the practical use of extracting such explicit (or less

implicit) features, when these features are afterall self-evident. To put things into perspective, it is

due to the very fact that such features are apparent, that we can delineate reason from a particular

observed data. The reasoning arises from symbolic manipulations (for example, element wise AND

operations) that form the requisite to solving many well-defined Al problems including:

Logical inferencing. Al systems that symbolically form associations enable capturing compositional

and causal structure in the dataset to provide reasoning to the conclusions they arrive at. An
example of practical Al capabilities that make use of such logical operations to infer new knowledge
is the system ‘Adam’ #°. Due to its ability to reason and interpret results, it is able to methodically
hypothesise and test the hypothesis it come up with. In the same fashion, the associative learning
system built by the author can explicitly interpret from the ‘cat representation’ results in Fig. 6.14
in Chapter 6 to logically conjure up the proposition that an image must have the shown clear,
distinctive, and comprehensible physical attributes to constitute a cat image. This ability is absent
in conventional Al architectures. The representations from conventional Al are typically abstract
and uninterpretable at best.

Expert system tasks. To emulate the decision-making ability of a human expert, an Al expert system

has to understand the problem at hand. This is achieved by using symbolic rules and decision trees
to reach a verifiable and explainable conclusion. An example expert system is the Stanford HIV
Drug Resistance Database (HIVDB) GRT interpretation system (GRT-IS) which predicts virological
response by discovering rules from associations between the many drug-resistance mutations *7°.
The associative learning hardware applied in the experiment summarised in Fig. 6.9 in Chapter 6
provides the foundation for subsequent optical hardware to solve such associative mining tasks.

Constraint satisfaction. It is common to apply associative mining to solve constraint satisfaction

problems 47, similar to that is summarized in Fig. 7.11 in Chapter 7.

Natural language processing. In language processing today, conventional Al is used to predict what

text comes after some given text after being trained on a large amount of uncategorised texts.

However, the system fails when given a simple test (Turing Test) that interrogates its understanding
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of a subject matter #’%. In contrast, systems with basic association capabilities *”° thrives at such
tasks. They are capable of figuring out contextual nuances. The associative memory in the work is

comparable to our associative hardware shown in Fig. 6.5a in Chapter 6.

Overall, conventional Al architectures (and algorithms) ‘struggle’ to solve well-defined
problems, such as those listed above. These architectures are essentially black-boxes that handle NP-
hard % optimisation problems; with no guarantee that a right solution can be reached within a
reasonable (polynomial) time, but relies instead on a ‘good enough’ gradient descent minima to
indicate that a reliable solution is possibly reached typically by running many iterations using many
examples. In contrast, in solving these problems, it is straightforward to determine whether or not a
solution from symbolic manipulations is reliable, simply with very few iterations and examples. Thus,
so long as conventional Al architectures are not capable of bestowing reasoning to their solutions,
symbolic manipulations will continue to find relevance to solving many practical Al problems. When
these architectures are explicitly implemented on a purpose-built hardware — such as the associative
learning hardware shown in Fig. 6.5a in Chapter 6 — they accelerate practical Al problems more
efficiently than is possible on a general-purpose computer, with significant increase in signal

throughput due to parallelism attributed to optical wavelength division multiplexing.

It should also be noted that the term ‘less complex features’ does not necessarily translate to
‘simple problems’. Problems involving extracting ‘less complex features’ can be complex, for example
those processed by IBM Watson machine that won the quiz show ‘Jeopardy!” in 2011 *8, Using
conventional Al architectures to solve such problems involving extracting ‘less complex features’

would prove to be highly inefficient, if not insurmountable.
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