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Abstract

Semiconducting spin quantum devices present a promising avenue for advancing noisy
intermediate-scale quantum (NISQ) computers. However, the complexities involved in
their tuning and characterisation currently hinder their scaling. This thesis addresses

these challenges by harnessing machine-learning-based approaches.

Firstly, I used Gaussian processes to develop a fully automatic tuning algorithm that ex-
clusively used radio-frequency measurements taken on millisecond timescales. Secondly,
I employed Bayesian optimisation for charge sensor optimisation and automation. Both
algorithms were deployed on depletion mode hole-based Ge/SiGe devices; however, they
could easily be applied to other architectures. These automated approaches consider-
ably outperformed manual tuning and represent vital building blocks for algorithms to

tune larger quantum dot arrays.

Next, I developed algorithms to find the ground state charge configuration in the con-
stant capacitance model, which was orders of magnitude faster than its predecessors,
permitting the simulation of much larger arrays of sixteen dots. This open-source pack-
age can be used to gain insights into the charge stability diagrams of large quantum dot

arrays and facilitates further tuning algorithm development.

Lastly, I present a novel application of hidden Markov models to identify and separate
the state preparation, measurement and spin-flip errors presented by a pair of hot
Loss Divincenzo qubits in a Si-MOS device. This approach not only unravels these
error sources but also sheds light on their relationship with various parameters, such as
electron temperature, thus contributing a vital understanding to the field of quantum

computing.
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Chapter 1

Introduction

Quantum computing represents a paradigm shift in information processing, poised to revolutionise
our approach to solving complex problems that have long stymied classical computers. Unlike
classical computers, which rely on bits as the fundamental unit of information, quantum computers
harness the principles of quantum mechanics to process information using quantum bits or qubits.

A single qubit can be in a superposition such that its state can be written as

[P1) = g |0) + aq |1), (1.1)

where ag and a; are complex numbers normalised such that |ag|? + |a1|? = 1. However, the true
power of quantum computing comes from the phenomenon of entanglement between more than one

qubit. The state of n qubits can be written as

ln) = > agla), (1.2)

z€{0,1}"

where the sum runs over all 2" possible n-bit strings. An exponential number of complex amplitudes

are required to encode the state. Quantum algorithms could leverage this exponential state space to



outperform classical algorithms across diverse fields, from cryptography and optimisation to drug

discovery and materials science [1].

However, all these applications are theoretical until we can build a quantum computer. This, it
turns out, is the major rub of the problem. Paul Benioff, Yuri Manin and Richard Feynman made
the first proposals for quantum computers in the early 1980s [2]. However, it was only in the late
1990s that quantum computing began to transition from a purely theoretical concept to a tangible
field of research and development. Recent years have witnessed remarkable progress, with advances
in quantum hardware putting us in the noisy intermediate scale quantum (NISQ) era, characterised
by quantum processors containing up to 1000 qubits®, which are neither advanced enough nor large
enough for fault tolerance. These processors, which are sensitive to their environment (noisy)
and prone to quantum decoherence, are only just becoming capable of continuous quantum error

correction [3, 4].

1.1 Types of qubits

There are many different physical implementations of qubits, each with advantages and challenges.

Here are some of the main types of qubits:

- Superconducting qubits are one of the leading candidates for building quantum computers.
They are approximately 100 pm scale circuits made from superconducting materials, which
exhibit zero electrical resistance at cryogenic temperatures [5]. Superconducting qubits are
relatively easy to fabricate and manipulate using microwave pulses. Examples include trans-

mon qubits and flux qubits [6].

- Trapped ion qubits, where individual ions are trapped and manipulated using electromagnetic

fields. The internal energy levels of ions serve as qubit states. Trapped ion qubits have

LAt the time of writing IBM announced their Condor chip with 1121 qubits. However, in this announcement, they
also said this might be their biggest chip for a while as they will now focus on qubit quality, not quantity.



exceptionally long coherence times [7].

- Photonic qubits where photons encode information qubits and linear optical elements and
optimal instruments (such as reciprocal mirrors and waveplates) are used to enact gates.
Photon detectors are used for measurement. Photonic qubits are a primary component of

quantum communication systems and can be used for quantum key distribution [8].

- Semiconductor qubits, where qubits are implemented using electron or hole spins in semi-
conductor materials. Examples include quantum dots and donor qubits in silicon. Semicon-
ductor qubits offer the advantage of compatibility with existing semiconductor fabrication

techniques [9].

- Rydberg atom qubits, where highly-excited electronic states are used to create qubits. These

qubits are manipulated using laser pulses and are prized for their long coherence times [10].

With all these implementations, what makes a “good” qubit?

1.2 The DiVincenzo criteria

According to DiVincenzo’s criteria, constructing a quantum computer requires that the system

meet five conditions [11]:

1. A scalable physical system with well-characterised qubit. A well-characterised qubit is a two-
level quantum system split from other energy states by a reasonable energy gap. At its
most idealistic, the scalability component of this criterion states that a unit cell should exist
where scaling from one to many introduces no emergent problems. The possible difficulties
encountered when trying to scale are myriad, including the explosion in the number of control
lines, crosstalk, heat production and unit cell size. As such, the scalability is poorly defined,
and virtually every qubit can be claimed to be scalable just as quickly as its critics argue it

is not.



2. The ability to initialise the state of the qubits to a simple fiducial state. This fiducial state
is a starting point for the gate-based qubit operations required by quantum algorithms. One
convenient choice of this fiducial state is where each qubit is in the ground state. One way
to obtain this state is to allow the qubits to relax. However, per the next criterion, “good”
qubits should relax slowly, making this passive reset rather time-consuming. As such, active

reset protocols are becoming necessary [12, 13].

3. Long relevant decoherence times. Qubits, coupled with the environment, naturally decohere
and lose their quantum information. Two timescales can characterise qubit decoherence: the
relaxation time, 77 and the dephasing time, 75. Both forms of decoherence are problematic
for long-running; therefore, “good” qubits should have long 77 and 75 relative to the qubit

operations?.

4. A “universal” set of quantum gates. To fully access the power of quantum computers, we
must be able to access the full state space alluded to in Eq. (1.2). Doing this requires
a “universal” gate set, which is a small set of quantum gates which, when combined, can
arbitrarily approximate any operation and thus take us to any state from the fiducial state.
An example of a universal gate set is the set of single qubit rotations and the CNOT gate

{Ro(0), Ry (6,)R.(6), CNOT} [14],

5. A qubit-specific measurement capability. To extract information from a quantum computer,
we must be able to measure the qubits, collapsing their wavefunction. Measurement is often

non-trivial and carries high overhead concerning control electronics and wiring.

2If we are getting specific the dephasing time is parameterised by the pure dephasing time, Ty. While T3 is an
aggregate dephasing time due to pure dephasing and relaxation, so that 1/7> = 1/T, + 1/2Th



1.3 Semiconducting qubits and the tuning problem

In this thesis, we will focus on semiconducting qubits and the scalability component of the first
criterion, particularly the tuning problem. Semiconducting spin qubit devices have a fundamental
issue: they do not immediately host qubits when cooled down. There is a complex tuning process
before obtaining functional qubits. Firstly, we have to “define” the qubit by tuning the electrostatic
confinement. Then we have to “find” the qubit by finding the readout point and frequency. And
finally, we have to “refine” the qubit by optimising all of the above and calibrating a gate set. And

that is just one qubit...

While manual tuning may be possible for one individual unit cell, it does not scale. Therefore,
unit cells can only satisfy the first of DiVincenzo’s criteria if an automated algorithm exists to
tune them. The work in this thesis tackles aspects of automated routines to tune and characterise
semiconducting qubits as the first steps towards the automated tuning of semiconducting spin unit

cells.

1.4 Thesis outline

The focus of this thesis is the automation of this extensive tune-up procedure in semiconducting
quantum devices, in particular, accelerating it by incorporating high bandwidth fast radio-frequency

reflectometry measurements. The structure of what is to come is as follows:

- In Chapter 2, we review the relevant literature on semiconducting devices, qubits and the

efforts to tune them (automated or not).

- In Chapter 3, we will discuss experimental and computational methods used in later chap-
ters. The experimental component of this chapter will discuss the techniques used to operate

semiconducting devices, including cryogenics, radio-frequency measurements and experimen-



tal control software. Then, we will discuss the machine-learning methods and algorithms used
in the tuning effort. In particular, I will introduce Gaussian processes, Bayesian optimisation,

and hidden Markov models.

- Chapter 4 is our first results chapter, in which I present an algorithm to tune a semiconducting

device using exclusively ohmic radio-frequency measurements.

- Chapter 5 develops an algorithm capable of fully automating the compensation of a charge

sensor in a quantum dot device.

- In Chapter 6, we take a step back for physical devices and develop a constant capacitance
model for large quantum dot arrays. The motivation for creating this model is to prototype
tuning algorithms for larger devices without the need for an experiment. I present my algo-
rithm for computing the ground state charge configuration, which can simulate considerably

larger arrays of quantum dots than previous implementations.

- In Chapter 7, I use hidden Markov models to disentangle the state preparation, measurement
and spin-flip errors present in a pair of hot Loss-DiVincenzo qubits and then explore whether

hidden Markov models can be used in real-time on FPGA for qubit active reset.

- In the eighth and final chapter, I summarise and discuss the outlook for this work.



Chapter 2

Context

2.1 Semiconductor spin qubits

2.1.1 GaAs devices and the early days

The first demonstrations of semiconducting qubits were hosted in GaAs [15]. These devices were
fabricated in a heterostructure composed of GaAs and AlGaAs, doped with Si to introduce free
electrons. Free electrons aggregate at the AlGaAs/GaAs interface, forming a two-dimensional
electron gas (2DEG) (Fig. 1 (b)). By applying negative voltages to the gate electrodes patterned
on the sample, the electrons in the 2DEG can be further confined to a small island of charge called

a quantum dot.

The early adoption of GaAs was because its electrons have a small effective mass, meaning quantum
dots are typically formed over micron lengthscales [9, 15]. This reduces the precision requirements
during fabrication, meaning fabricating these devices is possible in university cleanrooms. As a
result, GaAs hosted the first demonstrations of one, two and four qubits [15-17] in semiconductor

devices, as well as demonstrations of single electron confinement in 2 x 2, 8 x 1 and 3 x 3 arrays [17—
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Figure 1: Device designs commonly used to confine electrons. Vertical confinement is illustrated
through plots of E, the electrostatic energy of an electron. (a) Donor electrons are confined by the
positive potential of a donor atom and manipulated by gates. (b) Depletion mode GaAs device,
where an AlGaAs spacer layer is doped with Si to provide free electrons. These electrons populate
a 2DEG formed at the AlGaAs/GaAs interface. Then, the 2DEG is depleted by applying negative
voltages to gates at the top of the heterostructure. (c) A planar metal oxide semiconductor (MOS)
device where electrons are accumulated on the Si/SiOy interface by applying positive voltages.
(d) An accumulation Si/SiGe heterostructure-based device where electrons are accumulated in a
quantum well, obtained by doping with Germanium. (e) Single-layer etch-defined gate electrode
(SLEDGE) devices utilising a single layer of gates patterned on the top surface of a Si/SiGe het-
erostructure. The gates are contacted from above using vias, which allows gate wiring to fan out
away from the device’s active area in multiple planes. (f) A fin-field effect transistor (fin-FET) uses
etching to create a quasi-1d channel and wrap-around gates to generate the electric confinement.
Figure adapted from Ref. [9].



19].

However, whilst GaAs hosts qubits, it does not host “good” qubits as per DiVincenzo’s third
criterion. This is because both gallium and arsenic carry nuclear spins'. As a result, the het-
erostructure produces a parasitic nuclear spin bath, limiting dephasing coherence times, 75, to the

order of nanoseconds [9, 20].

Therefore, over recent years, there has been a shift to silicon-based devices. In the subsequent
sections, I will briefly delve into the rationale behind this shift and explore the primary candidates

for quantum computing within the realm of silicon-based qubits.

2.1.2 Silicon devices

Silicon is now the preferred material for semiconductor qubits for two primary reasons. Firstly,
silicon stands out as a highly scalable material for hosting semiconducting quantum computing
devices. This scalability is closely tied to the similarity between silicon qubit devices and classi-
cal transistors. Ambitious proposals have surfaced, outlining architectures capable of supporting

millions of qubits [21, 22] and incorporating error-correcting codes into the design [23, 24].

Secondly, silicon offers the prospect of an exceptionally clean magnetic environment, particularly
when utilising silicon isotopically purified to contain only the nuclear spinless 28Si isotope?. With
reduced hyperfine interactions, these devices boast some of the best coherence times and gate

fidelities [25].

Three main device types are prominent for hosting silicon-based qubits: 3!P dopants in silicon?,

gate-defined dots in metal-oxide-semiconductors (MOS), and SiGe heterostructures* (Fig. 1 (a-d)).

!Two stable isotopes of gallium exist °Ga (60.1% abundance and nuclear spin 3/2) and "'Ga (39.9%, 3/2) whilst
only arsenic has only one stable isotope "*As (100%, 3/2).

2Three stable isotopes of silicon exist, 2*Si (92.21%, 0), 2°Si (4.70%, 1/2) and *°Si (3.90%, 0).

3There is only one stable isotope of phosphorus, *'P, and it is spin 1/2.

4Four stable isotopes of germanium exist "°Ge (abundance 20.4% and nuclear spin 0), *Ge (27.3%, 0), >Ge
(7.78%, 9/2) and "Ge (36.7%, 0). In addition, "®Ge (7.83%, 0) is only very slightly radioactive with a half-life of



Additionally, there are alternative implementations, such as (near) one-dimensional structures like
Si-FinFETs and Si nanowires (Fig. 1 (e)). All these device types rely on electron or hole spins as

the basis for qubits, except for donors in silicon, which frequently utilise nuclear spins [26, 27].

In addition, very recently, Ge/SiGe (Germanium doped with Silicon) heterostructures have been
rapidly advancing [28-30]. This can be attributed to the charge carriers in strained germanium
possessing a lower effective mass than silicon, enabling larger quantum dots and, therefore, easier
fabrication. In addition, hole-based qubits in Germanium can be controlled through all electrical
pulsing due to the large spin-orbit interaction relative to electrons. This negates the need for a
microwave antenna or micromagnet to facilitate single qubit control (Sec. 2.2.1) [29-32], making
the devices more scalable and easier to fabricate. Germanium hole spin qubits demonstrate long
coherence times relative to GaAs. This is for a collection of reasons, firstly because there are fewer
nuclear spin-bearing nuclei in the heterostructure contributing to hyperfine noise [28]. Secondly,
the p-type character of the valence band, the hole’s wavefunction, goes to zero at the nuclei of the

atoms in the heterostructure, thereby suppressing the dephasing due to the hyperfine noise [28].

Hole-spin qubits may be realised in a range of devices, including Ge/SiGe heterostructures [29, 31],
and fin field effect transistor (inFET) [32] and core-shell nanowires (Fig. 1 (d, f)) [33]. We use
Ge/SiGe heterostructure devices in Chapters 4 and 5, and a Si-MOS device is Chapter 7. Therefore,
we will now delve into each of these device types individually, analysing their distinct characteristics

as foundational elements of a quantum computer.

Quantum dots in MOS

Silicon metal-oxide-semiconductor (Si-MOS) devices accumulate electrons at a Si/SiO interface®

(Fig. 1 (c)). As the effective mass of electrons in silicon is around an order of magnitude larger

1.78 x 10! years.
®Oxygen has three stable isotopes '°O (abundance 99.7%, nuclear spin 0), '7O (0.04%, 5/2) and 'O (0.19%, 0).

10



than in GaAs [9]%, the length-scales for the confinement are considerably smaller, on the order of
hundreds of nano-meters [21, 34]. These smaller dot sizes necessitate smaller gate feature sizes,
making fabrication more difficult. However, quite fortuitously, Si-MOS semiconducting quantum
devices are compatible with current classical MOS technology. Therefore, it can be argued that
once the recipe for Si-MOS quantum devices is perfected, the foundries could fabricate large devices

with high yields.

Regarding the history of Si-MOS spin qubits, Maurand et al. [35] first demonstrated MOS devices
hosting spin qubits and exhibiting spin effects, such as Pauli spin blockade. However, the observed
coherence times were disappointingly short, measuring only 245 ns via Hahn echo, with the underly-
ing cause of this decoherence being unclear. Proposed explanations point toward impurities within
the material, underscoring the paramount importance of rigorous quality control in the fabrication

process for these devices.

Veldhorst et al. [34] effectively dispelled doubts surrounding MOS devices by achieving significantly
enhanced coherence times of 28 ms using a Carr-Purcell-Meiboom-Gill (CPMG) pulse sequence,
designed to mitigate the effects of spin dephasing, improving upon the 200 s CPMG coherence
times attained in Gallium Arsenide (GaAs) [36]. Then, Veldhorst et al. [37] demonstrated two-

qubit logic gates, fulfilling the universal gate set DiVincenzo criterion.

Addressing architectural considerations for scaling silicon MOS spin qubits, Veldhorst et al. [21]
comprehensively explored the challenges. The study acknowledged no straightforward path to scal-
ing Si-MOS qubits, primarily due to the minimum feature size, which dictates a gate length of
approximately 7nm. This constraint results in an area requirement of roughly 63 x 63 nm? per

qubit. Moreover, to accommodate classical transistors for gate voltage control and qubit readout,

5Gallium arsenide has a direct band gap with the conduction band minimum at the I' point. The effective mass of
electrons in GaAs is typically isotropic and can be represented by a single value, m™ =~ 0.0067mo. Whereas, Silicon has
an indirect band gap with the conduction band minimum at the six equivalent A valleys along the (100)directions.
The effective mass of electrons in silicon is often expressed in terms of the longitudinal and transverse effective masses,
my =~ 0.98 and m; ~ 0.19mq [9)]

11



further advancements in manufacturing technology will be essential to minimise thermal and volu-
metric impacts on the qubit module. Furthermore, as quantum dots in MOS devices are confined
against the Si/SiO; interface, they are quite susceptible to charge noise [38]. By contrast, Ge/SiGe
heterostructures historically had the quantum well 22 nm below the Oxide layer. However, recent

devices have moved the dots even deeper to 55nm to further reduce the charge noise [39]

Efforts to reduce module size are crucial for effective thermal management, as larger modules de-
mand greater cooling power and, therefore, larger cryostats. Veldhorst et al. [21] roughly addressed
this issue by estimating that the module could operate at 100 mK in a typical dilution fridge. How-
ever, it was recognised that this could potentially pose a bottleneck for scalability, suggesting that
silicon spin qubits may need to operate at higher temperatures, as previously demonstrated [40],
to facilitate scalability. Yang et al. [41] further contributed to this discussion by operating two
qubits at 1.5 K in a Si-MOS device, achieving coherence times of 2 ms and fidelities of 98.6%. This
approach demonstrated how these qubits could fit within the architectural framework envisioned
by Veldhorst et al. [21] while still operating at temperatures attainable with a pumped “He system,
effectively reducing costs and engineering complexities associated with thermal management in the

scaling of MOS-based qubits [41].

Quantum dots in heterostructures

Silicon heterostructure-based devices define quantum dots in a quantum well approximately 50nm
below the gate electrodes. This quantum well is formed by doping the Silicon with Germanium,

Fig. 1.

These devices have established themselves as a contending architecture with not only the demon-
strations of qubit arrays [42] but also the achievement of error-correcting threshold fidelities [43, 44]
alongside their ion-implanted donor-in-silicon counterparts [45]. Devices based on heterostructures

enable highly tunable quantum dots with electrons (or holes) confined in the vertical direction by

12



band engineering and confinement in the horizontal direction defined by gate electrodes. At the
same time, SiGe devices still meet the mark of high fidelities and coherence times, with Kawakami

et al. [46] demonstrating 99% gate fidelities and CPMG times of approximately 400 ps.

The high tunability of the SiGe dots is demonstrated by Lawrie et al. [47] tuning a linear array of five
quantum dots. Lawrie et al. compares the manufacturing differences between Si MOS, Si/SiGe and
Ge/SiGe heterostructures, making the case for all three as compatible with industrial fabrication
techniques. Lawrie et al. also compares the dots’ cross capacitances between the different devices.
Although the devices are different in terms of layout, they have much lower cross capacitances than

those seen in GaAs devices facilitating their operation.

Lawrie et al. presents the challenges of heterostructures for scaling devices, such as automated
tuning and wiring logistics for each gate with supporting work that looks to help solve these
problems [48, 49]. Xu et al. [50] explains that having each gate connected to a digital-to-analogue
converter (DAC) is a bottleneck for scaling the number of qubits. By comparison, today’s classical
processor chips have only about 2000 contact pins, while billions of transistors can be integrated
and operated on a single chip”. Inspiration is taken from current DRAM chips, and charge locking is
incorporated into SiGe devices. Charge-locking electrically detaches a line from a gate but through
the use of a switching capacitor circuit, and thus, the gate of the quantum dot is floating for a period
of time. When combined with demultiplexing, the number of lines to the chip can be significantly
reduced. This enables one gate to float while another gate is pulsed, keeping the number of lines to
the chip minimal [50]. Xu et al. verifies that the capacitor storing the dot gate potential does not
affect the gate pulses. This is shown by performing electronic circuit simulations allowing pulses
up to 20 GHz frequencies. Schaal et al. [51] further this by demonstrating that more than one
quantum dot can be read out with a single resonator using transistors to switch between the dots.
Therefore, there is a pathway path to reducing the number of input lines per qubit and enabling

the addressing of large-scale device arrays.
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Figure 2: (a-c) Electron/hole confinement, Bloch sphere and energy level diagram of a Loss-
DiVincenzo qubit. Loss-DiVincenzo qubits are encoded in a spin 1/2 electron or holes confined
in a single quantum dot. A static magnetic field B defines the spins quantisation axis as parallel to
b and creates the energy separation, |5] (Eq. (2.1)), between the qubits. To simplify the diagram,
we have assumed that B |2, and the g-tensor is isotropic. ESR or EDSR can be used to create
an oscillating Zeeman term in the Hamiltonian equation of the form given by equation (2.2). The
transverse, A, /,, components of this coupling can be used to drive coherent spin rotations between

spin up and down, provided that the drive frequency is approximately correct, such that fuwg =~ \5\
Figure adapted from Ref. [9].

In addition, Ge hole spin qubits are currently enjoying intense research interest owing to their
ease of operation and compatibility with existing Si technology [28]. From 2018, and within just
four years, a Loss-DiVincenzo qubit [52], a single-triplet qubit [31], two-qubit devices [29] and a
four-qubit Ge quantum processor [30] have been realised, demonstrating the potential of Ge for
quantum information. Furthermore, Ge has also hosted record-breaking ultra-fast control frequen-
cies, with Rabi frequencies exceeding 1.2 GHz [53, 54]. Novel, more scalable gate geometries can be
developed. Borsoi et al. [55] demonstrates a 4 x 4 quantum dot array in a Ge/SiGe heterostructure,

with a single gate electrode addressing a row or column of dots at a time.
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2.2 Types of semiconducting qubit

2.2.1 Loss DiVincenzo qubits

An electron or hole spin confined in a single quantum dot under an external magnetic field B (Fig.

2 (a)) is described by the Zeeman Hamiltonian,
H=1b-5/2 where b= ppg - B, (2.1)

where b is the Zeeman vector, & = [O';E,O’y,O'Z]T is a vector of the Pauli matricies and ¢ is the
g-tensor [33]. Therefore, they are a natural host for a qubit with a direct mapping between the
spin and qubit states and operators, such that |}) <> |0) and [1) <> |1) [56]. Electrons in silicon
typically have close to isotropic g tensors [57]. Holes in germanium can have extremely anisotropic

g-tensors, differing by factors of up to 100 [58].

Spin control can be achieved by electron spin resonance (ESR) or electron dipole spin resonance
(EDSR). ESR can be performed using an antenna to create an oscillating magnetic field near
the qubit [37]. EDSR involves using an oscillating electrical field to perturb the confinement of
the charge carrier and some coupling mechanism, such as strong spin-orbit coupling, a magnetic
field gradient or an electrically-tunable g-tensor [9, 59-61]. Both ESR and EDSR produce a time-
dependent Zeeman term in the qubit Hamiltonian. If the drive is of the form cos(wgt) then the
drive Hamiltonian is

Hgy = hX - & cos(wqt), (2.2)

where X encodes the amplitude of modulation and the direction resulting from the coupling mech-
anisms [33]. For X L b, we have Rabi driving, which drives the qubit between spin up and spin

down (Fig. 2 (b)). The less common, X || b produces phase driving [33].

The spin state can be measured using Elzerman readout, where spin-selective tunnelling to a
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fermionic bath of electrons/holes distinguishes the spin states. The higher-energy spin state can
tunnel, while the lower-energy state is forbidden from tunnelling (Fig. 2 (c)). These tunnelling
events, or lack thereof, can be detected with a charge sensor [9]. If, instead, the Loss-DiVincenzo
is operated inside a double quantum dot with another spin in the other dot, qubit readout can be

accomplished using spin-to-charge conversion techniques, discussed in Section 2.3.

2.2.2 Single-triplet qubits

() ©

;‘ T E:

0 N
Singlet-Triplet (S-T,) T

Figure 3: (a-c) Electron/hole confinement, Bloch sphere and energy level diagram of a singlet-triplet
(S—Tp) qubit. The energy level separation is set by an electrically tunable exchange coupling J. An
effective magnetic-field gradient A?(g- B) creates an always-on o, contribution to the Hamiltonian.
Single qubit operations are enacted by reducing the exchange coupling, so the qubit precession axis
moves away from the o, axis towards the o,. Figure adapted from Ref. [9].

Singlet-triplet qubits encode a qubit in a spin subspace of two electrons or holes in a double
quantum dot in the presence of a static magnetic field gradient (Fig. 3 (a)) [15]. The most common
variant is the ST qubits, where the singlet state is mapped to the qubit ground state such that
|S) <+ |0), whilst the spinless triplet state encodes the qubit excited state, |Tp) <> |1) (Fig. 3 (c)).

The Hamiltonian for these qubits is
1 1 .

where J is the exchange coupling and A*(gB) is the effective difference in the magnetic field between

the dots. This difference in an effective magnetic field can be created by a g-factor difference or
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with a magnetic field gradient [9]. The exchange coupling, J, depends on detuning (the difference
in energy) between the quantum dots; therefore, it is possible to use baseband pules to perform
single-qubit rotations (Fig. 3) [9]. Qubit readout is accomplished using spin-to-charge conversion,

discussed next in Section 2.3.

2.3 Spin-to-charge conversion

In broad terms, spin-to-charge conversion techniques facilitate the conversion of a spin state into
a charge state, enabling the differentiation of spin states through a charge sensor. One prevalent
spin-to-charge conversion technique is the Pauli spin blockade (PSB) [9, 15]. In this scheme, after
the qubit operations, the double quantum dot is quickly brought into a configuration where the
electrons/holes should tunnel from the (1, 1) to the (0,2) charge state. Due to the Pauli exclusion
principle, the electron can only move to the other dot if the electrons form a singlet state, |.S). The

triplet states, |Tp),|7-), |74 ), stay blockaded and remain in the (1,1) charge state.

A variant of PSB is called parity readout; this readout technique maps odd spin states, |1]) and
[41), to the (0,2) charge state, whilst even spin states, |7_) := |]]) and |T) := |[11), are blockaded,
so remain in the (1,1) charge state [62]. Parity readout is performed by using PSB, then taking
advantage of the |Tp) state decaying faster than the |T%) states [62]. The rate of this decay
depends upon the charge dephasing and relaxation time, the detuning between quantum dots at
the readout configuration, the tunnelling rate between the quantum dots, and the difference between

the g-factors in each of the dots [62].

2.4 Device measurement and readout

This section discusses the measurement techniques of semiconducting quantum devices: current

measurements and rf reflectometry. Both methods can be used to probe quantum dots directly or
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via a charge sensor.

2.4.1 Transport measurements

DC transport measurements, which involve the study of electron/hole flow through a quantum
system, have been pivotal in uncovering the properties and potential applications of quantum

dots [63].

Transport through quantum dots displays the phenomenon of Coulomb blockade, which manifests
as a suppression of current through a dot due to the quantisation of charge and the energy cost
associated with adding an electron to the QD. This effect has been meticulously studied through
conductance measurements, where the discrete addition of electrons to the dot can be observed as

peaks in the conductance spectrum as a function of gate voltage [64].

Transport measurements have been extended to probe the spin states of carriers in quantum
dots [15, 32, 33]. However, this spin readout is possible only in the aggregate of many qubit
measurements, as DC transport measurements have insufficient bandwidth for single-shot qubit

measurements [65].

The bandwidth of a standard transport measurement setup is limited by the RC low-pass filter
formed by the sample resistance, the amplifier’s input impedance, and the electrical cables’ capac-
itance. Quantum devices usually have resistances at least on the order of the quantum resistance
h/e* ~ 25.8k) and cables have capacitances in the range of 0.1—1nF [65]. Thus, the cut-off

frequency of this filter, wpc = 1/RC, is usually no more than a few kilohertz.

2.4.2 Radio-frequency reflectometry

Radio-frequency reflectometry overcomes the bandwidth limitations of dc transport measurements

by putting the quantum device at the end of a Zy = 502 transmission line with the difference
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Figure 4: a) Schematic of GaAs double dot device configured to be measured by reflectometry
on an ohmic and a QPC. The matching circuits for the ohmic and QPC-based reflectometry are
shaded in blue and red, respectively, with the narrow restriction between gates R and @ acting
as the QPC. b-c) Response of the ohmic and QPC resonant circuits, respectively, as a function of
the double quantum dot’s left and right gates voltages, L and R, respectively. Absolute electron
numbers for the left and right dots are indicated in brackets. Figure adapted from reference [66].
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in impedances intermediated by a matching circuit. Through the matching circuit, the device is
illuminated by radio frequencies, and the reflected amplitude and phase encode information about
resistive and reactive components of the device impedance. See Fig. 4 (b) for a measurement of a
double dot using reflectometry connected to a device’s ohmic contact. With every component in the
amplification chain matched to Zy, the resistive contribution to the RC filter is significantly reduced;
therefore, the bandwidth is enhanced to hundreds of megahertz [65]. This has made rf reflectometry
an indispensable tool for studying quantum coherence and relaxation processes in quantum dots
and for developing quantum dot-based qubits for quantum computing applications. Vigneau et al.,
Petersson et al., Hogg et al. [65, 67, 68] exploited rf reflectometry to perform fast and sensitive charge

sensing in a silicon quantum dot, paving the way for its use in quantum computing architectures [67].

Moreover, rf reflectometry is also more scalable than DC transport measurements, owing to its
compatibility with multiplexing, permitting the simultaneous readout of multiple qubits [17]. Fur-
thermore, West et al. [69] demonstrated the use of gate-based rf reflectometry for the readout of
spin qubits in silicon quantum dots, further enhancing the arguments for the scalability of rf mea-
surements. Such is the potential of radio-frequency reflectometry that it is the readout technique
chosen to satisfy DiVincenzo’s readout criterion in all proposed large-scale quantum dot array

architectures [70-73].

2.4.3 Charge sensing

Charge sensing represents an indirect methodology for investigating the charge state of quantum
devices, diverging from traditional impedance measurements to focus on the impedance of an
adjacent charge sensor. This sensor’s impedance is designed to depend on the device’s charge
state, providing a non-intrusive means to study quantum systems [74-79]. When combined with
spin-to-charge conversion techniques such as Pauli spin blockade, charge sensors can also be used

for single-shot readout of spin qubits [66, 69, 80]. Here, we highlight the principles of charge
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sensing, emphasising its implementation via quantum point contacts (QPCs) [66] and single-electron

transistors (SETS).

QPCs are narrow constrictions in a two-dimensional electron/hole gas comparable to an electron’s
wavelength and serve as charge sensors (Fig. 4 (a)). Their impedance is directly influenced by the
surrounding electrostatic environment, making them sensitive to changes in a device’s charge state.
Modulations in the QPC’s impedance, induced by changes in the device’s charge, can be precisely
measured to yield insights into charge dynamics [81]. See Fig. 4 (c) for the charge stability diagram

of a double dot as measured through a radio frequency QPC (rf-QPC).

SETs use a quantum dot in place of a QPC, such that the phenomenon of the Coulomb blockade
effect provides heightened sensitivity to electrostatic changes [65]. However, this sensitivity comes
at a cost. By the proximity of the charge sensor to the device, there is cross-talk between the two.
This cross-talk can perturb the SET charge sensor away from a Coulomb peak and thus make it
insensitive. As such, it is necessary to compensate for changes in gate voltages on the device by
changing the gate voltages on the SET. This requires the use of virtual gates [82] or digital feedback

techniques [83, 84], which maintain a constant current flowing through the SET.

2.4.4 Device impedance and tunnel rates

As discussed later, RF measurements are sensitive only when the device impedance is near the
matching impedance (Sec. 3.2.2). In charge sensing measurements (Chapter 5), the conductance G
of the sensor across a Coulomb peak is determined by the tunneling rates from the source to the

dot (I's) and from the dot to the drain (I'y) according to the Breit-Wigner formula:

e? 1 1\ —o (1(Vy)
G(Vg)_élk‘BT <F—S+F—d> cosh <2kBT) (2.4)
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Here, T is the electron temperature and « represents the lever arm [85]. The conductance is
significant only when the single dot energy level aligns with that of the leads (u(V,) < kgT), and

the barriers are sufficiently transparent.

The ohmic reflectometry measurements, used in Chapter 4, involving two dots and an additional
interdot tunnel barrier, the conductance is maximised when all three tunnel barriers are transparent
and both dots’ energy levels align with the leads, creating bias triangles.  In both scenarios,
the device’s overall conductance is heavily dependent on the tunnel rates, which are exponentially
sensitive to gate voltages [55]. Since RF measurements are only sensitive when the device impedance
is within a specific range (Sec. 3.2.2), the thickness of the barriers is crucial for successful RF

measurements.

2.5 The constant capacitance model

Quantum dots with weak inter-dot coupling and thus well-localised charges separated from the
remaining electron/hole gas can be modelled by the constant capacitance model [86-90]. This model
relies upon two assumptions: constant capacitances can parameterise the Coulomb interactions
between electrons/holes on quantum dots (Fig. 5 (a)). And quantum effects, such as tunnelling
and spin, can be neglected. This simple classical model can reproduce the charge stability diagrams
of quantum dots (Fig. 5 (b)). In the following section, we will introduce the matrix formulation of

the constant capacitance model.

2.5.1 The mathematical formulation

The constant capacitance model describes a quantum dot array of the quantum dots and electro-
static gates as nodes in a network connected by fixed capacitors. Each node, ¢, has an associated
charge @);, an electrostatic potential Vj, and a capacitive coupling to every other node k given by

cji- The capacitor Cy; stores a charge ¢;; := Cy;(V; — V}). The total charge on node i is therefore
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Figure 5: (a) Capacitance model of an electron double dot quantum device defined using two gates.
(b) Electron charge stability diagram of the double quantum dots gates V1 and V2 are swept. The
lowest energy charge states are annotated in each region. Figure adapted from Ref. [91].

related to its and other nodes’ potentials according to

Q=2 ay = Cy(Vi= V). (2.5)

J J
Using the Maxwell matrix formulation, we express this as Q = CV, where c is the Maxwell capac-
itance matrix’ and where the ¢ matrix’s diagonal elements are each node’s total capacitance, and
the off-diagonal elements are the negative of the capacitive coupling between the respective nodes.
We now distinguish between quantum dots and electrostatic gate nodes by separating the matrix

equation into

Qd Cdd Cgd Vd
= 0 (2.6)
Qg Cdg Cgg| |V

[Pk

"In this section, matrices with denoted with a lower case “c” are in the Maxwell form, for all subscripts.
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where Qd(g) represents the charge on the quantum dots (gates) and Vd(g) denotes the potential on

the quantum dots (gates). The potential on the quantum dots can then be computed by
Vi = ¢ (Qa — cgaVy). (2.7)
The free energy of the system F (@d; ‘7;) = VchddVd /2 can then be written as
F(Qa; V) = %Qd Cad Qa — (cgicgaVy) " Qu, (2.8)

by dropping the term without dependence on Qd. This free energy function is convex since cqq is
positive definite (for proof, see Appendix C.1). Since the charge on the gates is not of interest, in

the remainder of this thesis, we drop the subscript and refer to the charge on the quantum dots as

—

4g.

The allowed charge states, Cj = FeN for electrons and holes, are heavily constrained in a quantum
dot array. In particular, for an open quantum dot array, when the array is coupled to fermionic

reservoirs from which it can draw an arbitrary number of charges, the constraints are that:
(i) The number of charges must be integers, represented as Ne 7, for all ;

(ii) The number of charges on any given quantum dot must be non-negative, meaning N; > 0 for

all 1.

For a closed quantum dot array, which is when the leads are decoupled from the array, and the

number of charges is fixed to a finite value N [92, 93], we impose the additional constraint that:
(iii) The sum of all charges in the array must equal a specific value, denoted as N.

The constant capacitance model assumes that at 7' = 0 K, the system will adopt the charge state,
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N * which minimises the free energy whilst obeying the appropriate constraints, such that

N* = argmin F(N; V.
NeN

) (2.9)

@

where N is the set of all admissible charge configurations for the open or closed regimes of the

quantum dot arrays.

2.6 Tuning quantum devices

Automating the tuning of quantum dot devices is still in its infancy, with a small number of research
groups addressing the challenge and offering partial solutions. A comprehensive algorithm capable
of taking a freshly fabricated device and transforming it into an array of finely tuned qubits has
yet to be developed. However, existing automation algorithms, although in the early stages, are
shedding light on this critical endeavour and inspiring further advancements in the field. Here, we

review these algorithms.

2.6.1 Tuning without machine learning

Several algorithms [48, 94, 95| have made progress in automating the coarse definition of double
quantum dots in semiconducting devices. This is a crucial initial step in the automation process and
holds significant promise. These algorithms save experimentalists valuable time and are essential

for achieving the scalability required to “turn on” a quantum computer.

The most common approach when designing a tuning algorithm is to mimic the workflow of a
human operator [48, 95], essentially translating the manual processes into code that interacts with
the necessary instrumentation. An initial algorithm developed by Baart et al. involved no machine
learning but relied heavily on prior knowledge of the specific device [48]. This algorithm coarsely

tuned two quantum dots within a linear array of four dots by identifying pinch-off points for
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each gate through current measurements. Single dots were then fine-tuned using plunger gates
(dedicated gates designed to control a dot’s potential primarily), leveraging previous knowledge
of appropriate voltages for the device. While not generalisable due to its reliance on device-
specific knowledge, Baart et al.’s work laid the foundation for future tuning algorithms. The critical
components identified in their approach included locating pinch-off points, identifying Coulomb

peaks, and mapping the surface that separates regions of high and low current.

Volk et al. introduced the “N + 1” method for tuning a linear array of eight qubits [19]. Like Baart
et al., each dot was tuned sequentially using a charge sensor while considering the cross capacitances
between all gates. The cross capacitances were then utilised to create “virtual gates”, allowing
independent manipulation of the charge state of each quantum dot without affecting neighbouring
dots. These virtual gates are a linear combination of many gates such that the unwanted crosstalk
is cancelled, leaving only the desired change [19]. Whilst aspects of this process were automated,

the successful tuning of the array required heavy user involvement.

2.6.2 Tuning with machine learning

A different approach to automation involves leveraging mathematical and artificial intelligence
(AI) tools to surpass human capabilities, as demonstrated by Moon et al. [94]. By eliminating the
reliance on a typical human workflow, this approach aims to create a more general algorithm that
can be applied to various devices, as it does not depend on human habits and previous knowledge

of similar device tuning.

When tuning quantum dots by identifying transport features, specific gate voltage values divide the
device parameter space into two regions: relatively high and relatively low (pinched-off). Typically,
this hypersurface is located by conducting 1D current traces with each gate until pinch-off is
achieved [48, 95]. However, Moon et al. propose a faster approach by randomly sampling points

in voltage space and measuring the current in that direction from an arbitrarily chosen origin [94].
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After locating multiple points (at least 30) on the hypersurface, a Gaussian process model is used

to predict the hypersurface’s location.

As previously observed [48], points on this hypersurface and in the vicinity of the pinch-off region
often exhibit single-dot features identifiable as Coulomb peaks in 1D current traces. If Coulomb
peaks are detected, a low-resolution 2d current map is generated using the plunger gates of the
device, and this map is compared against the expected “honeycomb lattice” characteristic of a
double dot regime. If the score exceeds a predefined threshold, this voltage regime is assumed
to contain a double dot regime, and the algorithm performs a high-resolution scan for further
analysis by a human operator. The process of hypersurface sampling and exploration is iteratively
repeated. In each iteration, the information gathered during the investigation stage (e.g., presence
of Coulomb peaks, identification of double dot regimes) is incorporated into the Gaussian process
model of the hypersurface. This enhances the hypersurface prediction and guides the algorithm in
selecting the most promising locations to sample the hypersurface next, based on the probability

of finding Coulomb peaks.

To minimise tuning times, the algorithm focuses on targeted sampling of the hypersurface and
accurate classification of Coulomb peaks in 1D traces. However, the Coulomb peak identification
method’s precision is not clearly explained in the article [94]. Identifying Coulomb peaks may
not be as straightforward as identifying pinch-off gate voltages for various devices, which could
benefit from further clarification and refinement. Nonetheless, this algorithm is already among the
most general, as it does not require knowledge of the specific device gate architecture during the
hypersurface sampling stage [94]. The algorithm only necessitates knowledge of the plunger gate

identities to produce 2d charge stability diagrams (current maps).

The algorithm’s performance is demonstrated by successfully tuning two double-dot GaAs devices.
Compared to human experts (3 hours) and a purely random search algorithm (680 hours), this

algorithm can tune these double dots in just 70 minutes, representing a significant improvement in
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Figure 6: Autotuning process schematic. Two different CNNs analyse the obtained CSDs to
determine the charge states and inter-dot tunnel coupling, and only the CSDs with QDs being in
the double-dot state and with medium coupling strength are reserved. After optimising voltage
configurations, new QDs are added, and a new cycle starts. Figure adapted from Ref. [96].

efficiency [94].

More recently, convolutional neural networks have gained traction and have repeatedly demon-
strated the ability to act as a score function for a double dot feature quality [96-98]. With the
score function defined, autotuning is a case of optimising this score function. However, pitting the
score function against the neural network in this way relies upon the neural network being robust
to being erroneously tricked by dot features. If the score function fails, the whole algorithm will
fail. Therefore, the fundamental achievement of these works could be that they have compiled a
sufficiently wide and diverse dataset so that the neural network does not get tricked [99]. I will

now discuss these works in more detail.

In the work of Kalantre et al. [97], they use deep convolutional neural networks to characterise states
and charge configurations of semiconductor quantum dot arrays measured through transport. They
use this network to optimise the gate voltage of a simulated device. They also demonstrate that
the approach could be implemented in an experimental setting by showing the network works on

an experimental dataset.
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Then Zwolak et al. [98] demonstrated that neural networks could be used to autotune an actual
device rather than a simulated dataset. They showed the ability to fine-tune the charge state of a
double quantum dot device, moving within the few electron regimes to find the (1,1) <+ (0, 2) charge
transition. However, whilst their double dot device is confined using five gates, three barriers and
two plungers, they only give the optimiser control over the two plungers. As a result, the coupling
between the dots is beyond the control of the optimiser. The barrier voltages were set to give an
appropriate coupling between the dots in the last electron regime. The most remarkable aspect
of their work was that the dataset, consisting of 10010 random charge sensor measurements, was
entirely simulated using the constant capacitance model. And yet, it achieved an accuracy of

97.71% on experimental data.

However, the device used in Zwolak et al. [98] might be exceptional, as a later paper from the
group, Ziegler et al. [99] discusses the issues introduced by poor quality noisy experimental data
tricking the network. To circumvent this, they create a data quality control module to act as a
“gatekeeper” so that only reliable data is processed by the state classifier. They then implement a
spectrum of noise models from 1/f to sensor jumps to degrade the quality of the charge stability
diagrams produced by the constant capacitance model. The combination of the “gatekeeper” and
a new neural network trained on a simulated dataset of 1.6 x 10* simulated scans achieved an

accuracy of 95.1% when tested on experimental data.

Finally, in Liu et al. [96], they combine the “N+41” method with the power of neural networks
to demonstrate the tuning of a four-dot quantum dot array. In this work, they use two CNNs
built of a pre-trained CNN called AlexNet. The first is trained for charge state identification. The
second takes a charge stability diagram showing an interdot transition and quantifies the degree
of tunnel coupling between the dots. These neural networks were trained on a dataset of 26,000
experimentally measured charge stability diagrams mixed with 3,000 simulated using the constant
capacitance model. They claim that mixing in the small amount of capacitance model data avoided

overfitting, as they are clean and less distorted.
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Their array-tuning algorithm works by sequentially tuning double dots. For the first double dot,
dots one and two, they sweep plungers P1 and P2 over a 300mV x 300mV range (Fig. 6). They
then apply the first CNN to a sliding window over this high-resolution scan to identify regions
where double dots exist by thresholding the output of the CNN. Thereafter, then assume that the
area with the least positive plunger voltages corresponds to the few-electron regime and navigate
there. The appropriate barrier voltages for this charge stability seem to be set a priori. However,
once a double dot charge transition is located, they use the second CNN to optimise the middle
barrier voltage, in this case, B2. The CNN quantifies the coupling. If the coupling is too high, they
increase the barrier. Too low, and they decrease it. For each adjustment, they move the window
to acquire the charge stability diagram by an amount equal to 0.18 times the charge in the barrier.
This value is again known a priori. The optimisation is terminated once the coupling reaches an

appropriate value in the range of 0.3 — 0.7 (a.u) as quantified by the CNN.

Following this, virtual gates are constructed using the Hough transform [90]. They then repeat the
algorithm to tune dots two and three. This time, rather than P2, they use a virtual plunger gate,
which alters the second dot’s potential without distributing the first. They repeat this until the
array is tuned. From the manuscript, it is unclear whether this algorithm was run more than once,
its run time, how much of the dataset was measured from the device they tuned, and how robust

it was to change the prior values.

Whilst I have been critical of the work of Liu et al. [96] for putting in values a priori, I hope this will
become the norm. This is because when mass characterising low variability high-quality devices,
we can imagine “knowing” a lot about a device even before cooling it down. Why shouldn’t the

tuning algorithm make use of this knowledge? However, from my experience, we are not there yet.

Returning back to Hough transforms, Oakes et al. [90], train an ensemble of regression models to
extract the gradients of charge transitions from a Hough transform of a stability diagram. They

demonstrate their method can generate virtual gates for a 2 x 2 dot array. And claim that it can
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be generalised to larger N x 2 bilinear arrays.

2.7 Conclusion

In conclusion, we have discussed the types of semiconducting devices and the most common qubits
they host. For the qubit implementations, we have covered how the semiconducting spin state
encodes the qubit, how they are manipulated, and how their state can be measured. We then
introduced the measurement techniques used to probe quantum devices more generally, covering
dc transport, radio-frequency reflectometry and charge sensing. Next, we introduced the constant
capacitance model, a classical model that captures many of the features of the quantum dot’s
charge stability diagrams. Finally, we have reviewed previous work on tuning quantum devices,

both manual and automated, with machine learning.

31



Chapter 3

Experimental setup, control software

and computational methods

Experimental investigation, to borrow
a phrase employed by Kepler
respecting the testing of hypotheses, is
“a very great thief of time.” Sometimes
it costs many days to determine a fact

that can be stated in a line.

John William Draper

In this chapter, I describe the experimental setup. Firstly, I will go over cryogenics, particularly how
the dilution refrigerator works and how the control lines are constructed to enable the application
of voltages to the device with minimal temperature compromise(Section 3.1). I then detail our
radio-frequency reflectometry setup (Section 3.2). Following this, I move on to the control software
coordinating the instruments required to control our experiments (Section 3.3). Next, I introduce

our implementation of high bandwidth measurements, which allow us to acquire two-dimensional
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charge stability diagrams in milliseconds (Section 3.4). Finally, I discuss the machine learning used
in this thesis, particularly Gaussian processes, Bayesian optimisation and hidden Markov models

(Sections 3.5, 3.6 and 3.7, respectively).

3.1 The cryogenics

3.1.1 Principles of dilution refrigeration

The experiments in this thesis were mainly conducted in a Triton 400 dilution refrigerator from
Oxford Instruments. Here, I briefly outline the basic principles of dilution refrigeration, followed

by a discussion about the control lines.

The first proposal of a cryogenic 3He/ “He dilution refrigeration dates back to 1951 by H. London,
with its first experimental demonstration occurring 13 years later [100]. It relies on the phenomenon
of phase separation: when a mixture of the two stable isotopes of Helium (3He and 4He) is cooled
below the critical temperature of T, ~ 870mK the mixture splits into two phases. One of these
phases is a lighter “pure” phase (consisting of > 99% 3He by concentration). The other is a heavier
“dilute” phase (consisting of ~ 7% 3He by concentration). The enthalpy of the dilute phase is
higher; therefore, we can obtain cooling by pumping the He from the dilute phase into the pure
phase. This cooling power is generated at the phase interface and is directly proportional to the

forced ®He flow rate. See Fig. 7 for a diagram indicating how such a dilution refrigerator works.

The following describes the protocol for cooling a fridge to its base temperature, where the thermal

load equals the cooling power.

1. Precool the dilution refrigerator using the pulse tube cooler to reduce the fridge temperature

to approximately 10 K.

2. Pump the *He/ “He mixture through the impedance, causing it to condense in the mixing
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Figure 7: Diagram displaying how a dilution refrigerator works. Black and orange arrows denote
the flow of 3 He and heat. Areas shaded in green and blue denote where the dilute and pure phases

exist, respectively.

chamber and still.

3. The ®*He evaporates from the still further cooling it.

4. Eventually, the mixture contained within the mixing chamber and Still cools to the critical

temperature, and phase separation occurs into the “pure” and “dilute” phases.

5. The mixing chamber is cooled by the method described above.

3.1.2 Cryogenic lines

Cryogenic lines are how electrical signals are communicated to and from the sample thermally

anchored to the mixing chamber. These signals allow for the manipulation and readout of the

quantum device. However, each line is a thermal connection between room temperature and the
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Figure 8: Diagram showing the fridge wiring. There were 48 low-frequency lines used to apply DC
voltage to the device gates or ohmics. In addition, there were 7 high-frequency lines used to apply
DC pulses to the gates. Finally, the Tx and Rx lines are used for radio-frequency reflectometry, with
the tone being applied to Tx and returned through Rx. Attenuators are indicated by rectangles
with their attenuation in dB denoted as a negative number inside

coldest part of the fridge. Therefore, they must be carefully attenuated and filtered to minimise

how much they warm the sample.

This section discusses the various cryogenic lines used in a semiconducting experiment and their

attenuation and filtering. Our experiments required the use of:
- Low frequency lines to apply dc voltages to the gates and possibly the ohmics.
- High frequency lines to apply fast pulses to the gates.
- Radio frequency reflectometry lines used to probe the device’s state

See Fig. 8, a diagram of these lines. In the following sections, we will provide more details on these

lines.
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Low frequency lines

The low-frequency lines were used to apply DC voltages to the device’s gates and ohmics. While

ohmic biases are typically less than a millivolt, the gate voltages can be up to several volts.

The low-frequency lines consisted of 3m sections of Constantan loom wires. Due to the voltage
requirements of the device gates, it is impractical to attenuate the DC lines; instead, they were
low-pass filtered using homemade copper powder filters in series with LC filters, thermalised to the
mixing chamber (Fig. 8). These filters removed electrical noise of frequencies between a few tens

of kilohertz and a few gigahertz. The resistance of these filters was 5.38 k{2 at room temperature.

High frequency lines

The high-frequency lines were used to apply control pulses and microwave tones to the device gates.
The signals sent down these lines could be combined with those of the low-frequency line using a

lumped-element RC bias tee on the sample board, with an RC time of 3.3 ms.

These lines consist of semi-rigid coaxial cables running between the plates of the dilution refrigerator
(Fig. 8). As the required amplitude of these voltage pulses was only a few hundred millivolts, it
was possible to attenuate the lines with 29dB of attenuation. These attenuators were distributed

across the various temperature stages of the dilution refrigerator; see Fig 8.

UT-085-SS-SS Coaxial cables were used for the RT-PT1, PT1-PT2 connections. Superconducting
NbTi/NbTi cables were used for the PT2 - Still, Still - Cold Plate and Cold plate - Mixing chamber.

Radio-frequency reflectometry lines

The radio-frequency reflectometry lines allow us to illuminate the device with radio-frequency tones
and measure the reflection. Radio-frequency reflectometry is discussed in the next section so that

this section will deal only with the cryogenic lines.
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There are two radio-frequency lines: the one that imparts the radio frequency and the one that
returns the reflection to be measured. We refer to these lines as Tx and Rx, respectively. The
imparting line, Tx, consists of an attenuated semi-rigid coaxial cable down to the mixing chamber,
with 26 dB of attention. The line was connected to the device at the mixing chamber through a
directional coupler, contributing another 26 dB attenuation. Below the directional coupler (Mini-
circuits model ZX30-20-4) is an Eccosorb strip-line filter, which filters infrared frequencies. The
reflected signal is returned to room temperature electronics via the other port of the directional
coupler through the Rx line. This line is again a semi-rigid coaxial cable; however, rather than
containing attenuators, it uses a +34 dB high-electron-mobility transistor (HEMT) cryogenic am-
plifier (The CITLF2 from Cosmic microwave components) to amplify the returning signal before it
is demodulated and measured. The amplifier is preceded by a DC block (BLK-18) to protect the

device.

3.2 Radio-frequency reflectometry

Here, I will discuss radio frequency reflectometry, covering the basics of high-frequency measure-
ments, matching circuits, demodulation and how a device can be incorporated into an rf matching

circuit.

3.2.1 High frequency measurements

To perform high-frequency measurements, you impart a signal and measure what is returned by
either reflection or transmission. The returned signal will depend upon the impedance of the device;
for example, if measuring in reflection, then the scattering matrix parameter is related to the load

impedance according to
o Zload(w) — Zo

Sll(W) B Zlead(w) + ZO’

(3.1)
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Figure 9: A reflectometry setup, where the section highlighted in pink represents the demodulation
setup, where a radio frequency tone is synthesised, divided and demodulated; see section 3.2.1. Half
of the tone is directed through the Tx lines depicted in black towards the sample, while the other
half is reserved for demodulation at a later stage. The segment of the circuit associated with the
sample and the sample matching circuit is shaded in cyan. The Tx line transmits the tone onto this
circuit, where a portion is reflected. This reflected signal is retrieved from the dilution refrigerator
via the Rx line, shaded in yellow and undergoes amplification along its path. Subsequently, the
amplified return signal is demodulated. The Tx and Rx lines are distinguished by their shading in
black and yellow, respectively. Figure adapted from Ref. [65]

where Zjp,q is the impedance of the device and matching circuit (Section 3.2.2), whilst Zy is the
transmission line impedance equal to 50€2. As the load impedance has both resistive and reactive
components, the signal amplitude and phase or in-phase and out-of-phase quadratures will bear

information about the device. But what are these quadratures?

Signal quadratures

A periodic signal V (¢) of frequency v := w/2m can be mathematically expressed using two quadra-
ture components. Two common choices are amplitude and phase (R, ¢) and “in-phase” and “out-
of-phase” (I,Q), such that an oscillating signal can be expressed in terms of these quadratures

as:

Vi) = R cos(wt + ¢) (R, 9) 52)

I cos(wt) — Qsin(wt) (I,Q)
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The relation between the two is R = /I? + Q? and ¢ = arctan(Q/I). We can extract these

quadratures from a signal using demodulation, which will be discussed next.

Demodulation

Demodulation is the process by which information encoded in signal quadratures is transferred to

a lower carrier frequency. It requires a mixer and a low-pass filter.

In homodyne demodulation, we mix with a signal of the same frequency as the carrier signal,
taking the quadratures down to zero frequency. In heterodyne demodulation, we mix with a
different frequency such that the quadratures are taken to a carrier frequency equal to the frequency
difference. We will restrict our discussion to only homodyne demodulation, where the mixing has
the effect,

Icos(wt) — Qsin(wt) —— g [1 4 cos(2wt)] — %sin@wt). (3.3)

mixing with cos wt

Then, the subsequent low-pass filtering extracts the in-phase, I, component alone, such that

(3.4)
———
low pass filter

N |~

é [1 4+ cos(2wt)] — %sin(?wt) R

Extracting the out-of-phase, @), component is a case of mixing with sin(wt). Both quadratures can,
therefore, be obtained by splitting the signal and demodulating each separately, one to obtain the in-
phase and the other for the out-of-phase. However, these demodulated components will only contain
information about the device if the impedance approximately matches the line impedance using a
matching circuit, which will be discussed next. Otherwise, the information-bearing component of

the signal is small and drowned out by the noise.
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3.2.2 Impedance matching

The role of the impedance matching circuit is to bridge the impedance of the 502 lines to that of
the quantum device; otherwise, the difference in impedance would be so great that almost all the
signal would be reflected irrespective of the device’s impedance, as per Eq. (3.1). For example, open
quantum devices typically have impedances similar to the quantum of resistance h/e? ~ 25.8kQ

resulting in S1; =~ 0.996.

Typical matching circuits consist of an LC resonance circuit designed so that near its resonance, the
impedance is close to the line impedance [65]. For our experiments, we made use of such a circuit
consisting of an inductor and a decoupling capacitor in series, along with the parasitic capacitances

in parallel with the device (Fig. 10 (a)). The overall impedance of this circuit is

1 R,
Ziond = iwL .
toad = Wb S T T iwRAC,y

(3.5)

For the experiments performed in Chapters 4 and 5 we used matching circuits with L = 2.2
and 2.7pH respectively, whilst Cy; = 82pF and C, ~ 1pF. For these circuit parameters, we
have L/R2C, < 1, and this circuit has a resonance where the reactive component vanishes at
wr = 1/ \/LiCH where C) = (1/Cp, + 1/Cq)~" is the parallel combination of the two capacitors.

Substituting this resonant frequency into our equation for the load impedance, we find that

L Aw L. Aw
Ziond = —— (1 -2 2 | Z£ ==, .
load CHRS ( Wy ) e CH Wy (3 6)

where Aw is the difference between the probing and resonant frequencies. Perfect impedance

matching occurs when the impedance on the drive resonance equals the line impedance, such that

Zoad = Zp. Under this condition, the device impedance for optimal matching is

L

5z (3.7)

Rmatch =
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Figure 10: a) Schematic of our matching circuit consisting of an inductor, L, and a decoupling
capacitor, Cy, in series along with the parasitic capacitances, C), in parallel with the device, which
we model as a variable resistor, Rs;. b-e) Plots of the dependence of the Sj; scattering matrix
parameter on the value of parasitic capacitance (Cp), the inductance (L), the decoupling capacitor
(Cq) and the sample resistance (Ry), respectively. For the plots where the component’s value is
not being swept, they take C),, = 0.9 pF, L = 2.2 yH, Cy = 82 pF and Ry = Rpaten = 44 kQ.
The horizontal blue dashed lines indicate the resonance frequency of 113 MHz, and vertical lines
in plots b-d indicate the value chosen for each component. While in e), the vertical line indicates
the matching impedance.

The decoupling capacitor serves a dual purpose; firstly, it DC decouples the resonance circuit from
other circuits connected by a common feedline. This means it is possible to use a bias tee to apply
a DC bias for current measurements. Secondly, the decoupling capacitor provides a useful tuning
parameter for the external quality factor Fig. 10 d), therefore making it possible to tune towards

critical coupling, where an equal power is dissipated in the load and towards the line [65].

Our radio frequency measurements will be sensitive to device impedances around this matching

impedance. If the device impedance is too different from the matching impedance, then the reso-
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nance will be lost, and our reflectometry measurements will contain only noise (Fig. 10 (e)).

3.3 Control software

Modern quantum experiments require the intricate control of many instruments in tandem. As a
result, this is achieved through a software interface. The earliest and most basic of these software
interfaces merely offered the remote control of the instrument’s parameters, trading a physical
button/knob for a digital one. However, with time, software interfaces have evolved to provide
significantly more functionality. This section outlines the various software control interfaces I have
used, contributed or even built during my studies. They are presented chronologically based on

when I worked with, or on, them - namely Pygor, QCoDeS and my implementation, gqgor.

3.3.1 Pygor

Pygor was a Python-based custom measurement framework developed by the Ares group (my
group); it was successfully used in our and collaborators’ labs. The primary aim of the package
was to separate the roles of the lab computer and the control computer, allowing the experiment
to be controlled remotely. Beyond convenience, this facilitated a machine learning server to handle

the experiment, yielding access to significant GPU computing.

However, I found Pygor either slow or inflexible, the two functions trading off against each other.
I will now explain this limitation with an example. Suppose the user wishes to perform a gate

voltage sweep measuring the current through the device for each gate voltage.

Slow: if the functions to change gate voltages and measure the currents can be exposed from the lab
PC to the control server. Then, the server runs the for loop to change the gate voltage and measures
it repeatedly. In this case, the gate voltage change and measurements pick up the network latency

every iteration. Changing the voltage took a minimum of 30 ms, and measurements were also on
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the order of a few tens of milliseconds. Depending on the server’s location, the communication
latency with the lab PC could easily be in the hundreds of milliseconds, and the latency is incurred
twice every iteration. Therefore, sweeps in this configuration were considerably slower than they

had to be.

Inflexible: if we shift that responsibility to the lab PC rather than the server coordinating the scan.
The server specifies the scan needing to be performed and instructs the lab PC. The for loop takes
on the lab PC, so we only incur the latency at the scan’s start and at the end. However, for this, the
lab PC has to “know” how to perform the scan. This meant creating the specific functionality on
the server ahead of time, which led to inflexibility. The process of prototyping novel measurements

was cumbersome and difficult to debug.

The final nail in the coffin for Pygor was that the drivers were custom-written. This meant that
using any new instrument meant writing a new driver. This is a time-consuming and challenging
task, where bugs could lead to bizarre and possibly device-breaking behaviour. Therefore, I explored

an alternative software control framework for our lab, namely QCoDeS.

3.3.2 QCoDeS

QCoDeS is a Python-based data acquisition framework developed by the Copenhagen, Delft, Sydney
and Microsoft quantum computing consortium. The goal is a common framework for physics
experiments, so new students don’t need to spend a long time learning software to participate in
experiments; one has to write their code only for pieces that are very specific to their experiment.
Code can and should be contributed back to the framework; moving between teams or labs and
setting up a new experiment is streamlined, and physics experiments can take advantage of modern

software and best practices.

QCoDeS operates on a hierarchical structure where the user interacts with a station of many in-

strument objects (Fig. 11). Typical instruments held by the station include digital-to-analogue
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Figure 11: The station-instrument-parameter structure used by QCoDeS to encapsulate instru-
ments and control their experimental parameters. The station contains the instruments: the Alazar,
AWG, DAC and Zurich. Instruments, in turn, contain many parameters. These parameters relate
to physical quantities, which can be set by the setter function or queried/measured by the getter
functions. Once called, the getter and setter function interacts with the visa backend, translating
commands to be sent to the instrument over the relevant computer port. Older instruments typi-
cally communicate using USB or GPIB. By my observation, instruments produced more recently
prefer TCPIP connections to Ethernet cables.

converters (to set voltages), acquisition cards (to measure voltages), and arbitrary waveform gen-
erators (to apply control pulses). Each instrument object is comprised of many parameter Python
object classes. These parameter objects relate to individual experimental quantities that need to
be controlled, measured, or both. Parameter objects carry information such as the parameter’s
units and its permitted values if it is controllable. In addition, controllable parameters hold a
“setter” function. This is the function the user calls to set the value to the experimental parameter
in question. For example, one would call the setter function to choose a voltage or set an oscilla-
tor frequency. Such controllable parameters will also have a “getter” function, which queries the
instrument asking for the current set value. By contrast, some parameters are not set to control
the experiment; they are instead measured. Such parameters have no “setter” function, and their
“getter” functions prompt the instrument to perform a measurement, which is then returned. In
both cases, the “setter” and “getter” functions communicate with the instrument through the VISA
backend, which is an abstraction layer which translates VISA commands from a human-readable

form to the specific serialised form required to send it over the bus to the instrument. For example,

44



a very different byte string would be sent depending on whether the instrument is plugged in via

USB or Ethernet.

QCoDeS’ most significant strength is its repository of drivers. In total, there are over 100 dif-
ferent drivers immediately accessible to the user, each with a consistent structure and written to
professional software standards. Furthermore, many drivers are highly documented, saving hours
troubleshooting to get them to work. Finally, QCoDeS is such a software standard that some

instrument manufacturers maintain drivers for their instruments.

However, QCoDeS provides more than an experiment’s instrument drivers. It is a data acquisition
and handling framework. Therefore, it contains functions to sweep and measure combinations of

parameters. The syntax for these measurements is:

do2d (
dac.dacl, dac.dac2, # the two independent parameters to sweep
adc.v1l, adc.v2,..., # the dependent parameters to measure
measurement_name="dond_example", # the measurement name
experiment=tutorial_exp, # the experiment to save data to

)

Listing 3.1: The function calls for a two-dimensional raster pattern sweep in QCoDeS.

In this measurement, the two independent parameters are swept whilst the two dependent pa-
rameters are measured. As this data is acquired, it is saved into an SQL database so that the
measurement and experiment name can be used to query it. This allows the measurement to be
reloaded at any point without losing data or metadata. Unfortunately, QCoDeS did not come
with a live plotter to plot the data as it is acquired!'. Instead, the user must wait until all data

is acquired, and then the dataset can be plotted. Furthermore, the saving of data into the SQL

'Live plotting functionality has been created to work with QCoDeS, but it stands as a separate package. It is
called plottr.
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database happens on the main thread, meaning that it will contribute to the overall measurement

time?Z.

In addition, the SQL database necessitated complex data formatting, which made it time-consuming
to upload and extract raw data from the database. This became problematic, for example, when I
started developing high-bandwidth rf measurements. I could acquire data far faster than QCoDeS
could save it. And the lack of live plotting made it challenging to benefit from the speed. I found
further issues when I wanted to do live data processing pre-plotting. This led me to create qgor,

which was directly inspired by, built off and inherited from QCoDeS.

3.3.3 Qgor

Qgor is my fork of QCoDeS; it inherits what I liked in QCoDeS while improving/adding functionality
necessary to leverage radio-frequency measurements fully. As a result, ggor was designed from the
ground up to support considerably higher data acquisition rates and volumes than QCoDeS. This
necessitated redesigning the data processing, plotting and saving compared to that used in QCoDeS.
In this section, I will describe some of the functionality I built for qgor and provide an overview of

the coding principles used in making each piece.

Data flow and multithreading

When designing the data processing, plotting and saving functionality, I focused on the data flow.
The measurements create data whilst it needs to be saved in a database. However, there should
also be the opportunity to process and live plot the data. Data processing is a hugely encompassing
term, it could be as simple as averaging a 2d dataset along an axis up to passing it through a neural

network to locate triple points in a change stability diagram. The plotting is another important

2As of September 2022, support for multithreaded data processing was added to QCoDeS, approximately two
years after I wrote qgor. Their implementation seems to work using a data pipe to push data off the main thread to
a secondary thread that saves data.
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component, as the plotter must support a frame rate that is high enough so that the user can

observe their measurement in real-time.

As both the plotting and data processing could be computationally expensive, it became apparent
that these tasks should happen on a different thread than the one coordinating and performing the
measurements. This avoids the plotting and processing compute time, contributing to the overall
measurement time. However, it was not clear where to put the data saving. There were three

options:

1. On the main thread, the disadvantage is that data-saving times will contribute to the overall

measurement time.

2. On the data processing and plotting thread. On the face of it, this initially seemed like
the best option; the data was already being passed to this thread, so why not save it as
well? However, data processing and plotting are rather error-prone operations. With the
data-saving on the same thread, the plotter or processor failing risks losing experimental

data.

3. On its own thread. The cons of this method arise from counterintuitive Python subtleties.
Python global interpreter lock means spawning new threads requires cloning the entire in-
terpreter. This is not a cheap operation. So spawning two threads rather than just one is
wasteful, but as this happens just once, it is manageable. However, each piece of measured
data must be sent to both threads. In Python, a pipe is recommended for sending data
between threads. Everything going through this pipe must be pickled (serialised), which
is annoying because it means that one cannot send NumPy arrays and is computationally
expensive. Benchmarks I ran showed that pickling an object, then sending it through the
pipe and pickling an object to save it took approximately the same time - making having a

separate thread to do the data saving pointless.

Ultimately, I picked option one with a twist; I discovered a niche piece of NumPy functionality

47



called memory-maps, which are NumPy-like arrays where the data is stored in a binary file on
disk rather than in active memory. When the user changes a value in this array, the change is
immediately flushed to disk, and when a value is queried, it is loaded. As with everything NumPy,
this functionality was heavily optimised (well beyond what I would write), which, when paired with
SSDs’ write speeds, made saving data to this format so fast there was no reason not to do it on the

main thread.

There were, however, advantages beyond speed; memory maps also elegantly solved the problem of
moving data between threads. If the main thread was coordinating the measurement and writing
data to the memory map, I found that I could create a read-only memory map on the data processing
and plotting (DPP) thread, which pointed to the same location, thereby making most current data
accessible, see (Fig. 12). The NumPy backend handled keeping this data up to date. The program
running on the DPP thread was simply a while loop; if the data had changed, it processed and
plotted the data. If the processing creates new data, this is easily stored on disk by a separate
memory map with write permission. There is no risk of data races because only one thread can

have a memory map with write permissions.

Furthermore, by constructing the dataflow in this manner, the user has the guarantee that any

data they have seen plotted has to be saved in the database®. Fig. 12 shows a data flow schematic.

3.4 Fast two-dimensional scans

The bandwidth of rf measurements permitted measuring charge stability diagrams in millisec-
onds, approximately four orders of magnitude faster than an equivalent DAC scan used in the lab.
However, accessing this speed necessitated using an AWG, rather than the DAC, to sweep gate

voltages, introducing significant experimental control complexity. These scans represent a signif-

3There is the possibility of the main thread overwriting data; however, it falls to the user to write measurement
functions which do not. Defensive design can only go so far.
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Figure 12: The data flow, indicated by red arrows, occurs during a typical qgor measurement.
Data is acquired on the data acquisition thread, typically the main thread, where it is placed into
a NumPy memory map. The NumPy backend immediately saves it to disk as a binary file; thus,
the data is saved to the database. On the data processing and plotting thread, a memory map
with read-only permission makes the same data accessible, where it can be processed and plotted.
Another memory map with write permissions saves any new data created in the data processing
stage. The grey arrows indicate the flow of Python programs running as part of the qgor data
acquisition, saving, processing and plotting.

icant change in how data is acquired, array by array rather than point by point. This change is

what prompted the creation of qgor. I could not adequately get QCoDeS to support this new

measurement paradigm.

This section outlines how I implement these fast scans. I will present two iterations; the first is a
reimplementation of raster-pattern scans presented in the literature [101, 102]. These scans could
be acquired so quickly that when coupled with ggor’s live plotter they resembled video. There-
fore, they have the nickname video mode [101]. With these scans, I demonstrated an automated
tuning algorithm using rf exclusively and the automation of a charge sensor (see Chapters 4 and 5

respectively).

However, the duration and resolution of these raster scans were limited by the bias tee’s time
constant. This limitation was keenly exposed when using these scans to tune a charge transition
capable of hosting a singlet-triplet qubit. This led me to create a second iteration of the fast scans,

which swept gate voltages in a spiral pattern, thus circumventing the limitations of the raster
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Figure 13: a) A diagram showing how a 10 x 10 raster measurement navigates through gate voltage
space, where the pixel value indicates the order in which the pixel is measured. b) The red and blue
curve voltages to be applied to the V, and V), gates must navigate through the gate voltage space
in the raster pattern. The grey line is a rising-edge marker required to trigger an rf measurement
at the correct time.

scan. Without these limitations, I could interleave a S — T_ pulse sequence with the spiral scan.

Searching for transitions showing spin physics through the artefact associated with the S — T_

avoided crossing with these measurements (Section 3.4.2).

The original raster scans are presented in Section 3.4.1. Then, the improved spiral scans in Sec-

tion 3.4.2, with the interleaving of the pulses in the following subsection.

3.4.1 Raster pattern

My first iteration of the fast two-dimensional scans followed a raster pattern, as demonstrated in
Refs. [101-103]. This was achieved using a pair of stepped-sawtooth waveforms applied to the
sample through the high-frequency lines. Radio-frequency reflectometry was used to measure the

device. The acquisition of the demodulated rf signal was synchronised by a marker.

To perform a fast measurement of N x N pixels, I used an AWG to synthesise two waveforms,
labelled V,, and V}, (Fig. 13) where the integration time per pixel is 7in;. The V}, waveform consisted
of a “fast” stepped sawtooth of period 7, = N7in;. The “slow” V, period was N times the “fast”

Vy’s equalling 7, = N 2Tint. However, for modest resolutions, say 100 x 100, this “slow” waveform
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was susceptible to distortion as the period of the waveform was comparable to the time constant
of the bias-tees (Trc ~ 3.3ms). I was able to pre-compensate the waveform for the distortion
introduced by the bias-tee, such that the correct waveform arrived at the device gate, discussed in
the next paragraph. However, even with this pre-compensation, I was limited in the integration
time and resolution of the scans I could perform due to the finite output voltage range of the AWG.
To mitigate the short integration times, I could average multiple passes across the two-dimensional

scan together such that I measured each pixel multiple times.

To perform the pulse pre-compensation, I modelled the pulse distortion introduced by the bias-tee
as a high-pass filter. The action of a first-order high-pass filter with a time constant 7 on a signal
s(t) is sglered(t) = FLF[s(t)](w) - Hyp(w)] where Hyp(w) = iwt/(1 + iwT), and F[-] denotes
a Fourier transform. To correct for this effect, we pre-compensated the waveforms according to
Scomp(t) = F L[ F[s(t)](w) - Hyp(w)], such that the final shape reaching the device gates would be

exactly s(t).

3.4.2 Spiral pattern

The distortion issue faced by the raster pattern prompted us to consider paths which traverse
every pixel in a two-dimensional grid in a way which is less affected by the high-pass filter. We
found a spiral pattern highly effective, with the longest “periods” being 7,,, = 2N 7y (Fig. 14).
So, by switching to a spiral pattern, we could perform fast two-dimensional scans without filter
compensation. Another advantage of the spiral pattern over the raster was that it did not require

instantaneous jumps, which could damage the device if they were too large.

The spiral pattern also permitted measuring with higher resolution or spending more time at each
pixel. When tuning a qubit, we found that the extra time at each pixel could play a pulse sequence
designed to mix (if possible) the S ground state with the 7 excited state before measuring. This

T_ mixing introduced an artefact into the charge stability diagram, which strongly hints that a
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Figure 14: a) A diagram showing how a 10 x 10 pixel spiral measurement navigates through gate
voltage space, where the pixel value indicates the order in which the pixel is measured. b) The
voltages which we apply to the V, (red) and Vj, (blue) in order to navigate through the gate voltage
space in a spiral pattern. The grey line is a rising-edge marker required to trigger an rf measurement
at the correct time. The region shaded in grey indicates the times where V, and V, are ramped to
zero to prepare for the next measurement.

qubit could be formed at that transition (Fig. 15 (a-d)). The ability to perform these scans quickly
helped enormously when looking for elusive qubit features; however, this work is not presented as

part of the current thesis.

3.4.3 Video and video game mode

The combination of the fast two-dimensional scans and qgor’s efficient data pipelines made it
possible to acquire, process and plot many times a second, meaning that the user is shown a video
of the device’s current state. However, if the fast scan is taking place on the main thread, the device

features shown in the video will be static and unchanging up to the shaking caused by charge noise.

As a result, I decided to further enhance the functionality by building video-game mode, where
the user could alter the device’s state whilst the continuous video measurements were displayed.
Building this necessitated moving the measurement and acquisition off the main thread. This new
thread continuously performed the last 2d scans and then passed the data through the memory

map to the data processing and plotting thread (Fig. 12). The main thread retained control of all
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Figure 15: Measurements of the (1,1)-(2,0) interdot transition in a hole-based Ge/SiGe depletion
device as measured with fast radio-frequency measurements on an rf-set using a fast two-dimensional
scan. The panels show the outcome of this measurement for different pulse sequences and under
different magnetic field conditions. The 1-2-3-1 pulse sequence pulses from one to two, waits
for 100ns, then pulses to three, again waits for 100ns. And finally, pulses to four, where the
measurement is performed. Whilst the 1-3-2-1 pulse goes to three first and then to two. (a)
Measurement performing the 1-3-2-1 pulse under no magnetic field. (b) Measurement performing
the 1-2-3-1 pulse under no magnetic field. (c¢) Measurement performing the 1-3-2-1 pulse under a
magnetic field of 3mT perpendicular to the sample. (d) Measurement performing the 1-2-3-1 pulse
under a magnetic field of 3mT perpendicular to the sample. This combination of pulse and field
features associated with the Pauli spin blockade of the T_ spin state are present.
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the instruments not involved in the 2d scans, and the user could alter any of their parameters to
see the effect immediately. Naturally, parameters such as DAC voltages were bound to keys on the

keyboard to make quantum device tuning like a video game.

3.5 Gaussian processes

Gaussian processes (GPs) are a powerful framework for statistical modelling and predicting data [104,
105]. They are a non-parametric approach that provides a flexible way to model complex, non-linear
relationships between variables. They provide a flexible and probabilistic approach to regression,
interpolation, and uncertainty quantification. GPs will be used in Chapter 4 to create an algorithm
which automatically tunes quantum dots using exclusively radio-frequency measurements. Here

the intention is to simply introduce GPs mathematically and discuss their key properties.

In formal terms, a Gaussian process represents a collection of random variables, where any finite
subset follows a joint Gaussian distribution [104]. When employing Gaussian processes for regres-
sion tasks, the distribution is characterised by a mean function pu(z) and a covariance function

(often termed as the kernel) k(z,z’). Thus, we define it as:

f~GP(ii, k(z,2T)), (3.8)

Here, f denotes the function we intend to model, with f = [f(z1), f(22), ..., f(xn)] representing

samples of this function at coordinates T = [z1, z2, ..., x,]. Where mean and covariance functions
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are evaluated element-wise, thus

_k:(xl,:nl) k(z1,2z2) ... k(:vl,:vn)_
k(xzo,x k(zo,x coo k(zo,xy

i = [(@1), 5(22), -, ()] and K(F, 7T) = (2; ! (2; ! § (2; ST
k(zn, 1) k(Tn,22) ... k(Zn,2n) ]

Mean and covariance functions

The mean function p(z) represents the expected value of the GP at any given input point z. It
encodes our prior beliefs about the function. Common choices for u(x) include constant values or

linear functions.

The covariance function k(z,z") specifies how the values of the GP are correlated as a function of
the input locations x and /. This function determines the smoothness and shape of the sampled

functions. A popular choice for k(z, 2’) is the Radial Basis Function (RBF) or Gaussian kernel [105]:

1
k(z,2) = exp (—@Hx _ x/||2) (3.10)

Here, ¢ determines the length scale, influencing the smoothness of the functions generated by the

GP.

Predictions and inference

Gaussian processes can make predictions for input points Z, by calculating the conditional distri-
bution of fi = [f(241, f(Zs2s .., f(z4n)] given the observed data. This conditional distribution is

also Gaussian,

FulZ Fo e ~ N (e, 3 (3.11)



where posterior mean ji, and covariance 3, of this distribution incorporation the samples in f [105],

such that

o = i + k(Zy, D) E(Zs, Z.) 7L f, (3.12)
Y, =k

(T4, @) — k(Za, D) k(Za, T) " VR(Z, ). (3.13)

This posterior distribution interpolates the samples of f, quantifying its uncertainty. As shown in
Fig. 16, in regions where there are many points (such as around 6 = 1), the Gaussian process is
confident in its predictions. Whilst around 6 = 6, the nearest points are far afield, resulting in the

Gaussian process quantifying less confidence in its predictions.

===-target function prediction
training data 20 credible region
1 1 1 1 1 1 1 1 1 1 1 il
0'0—2 0 2 4 6 8 10
0
Figure 16: [lustration of Gaussian process regression on the test function f(0) = 2 —

exp(—(0 — 2)?) — exp(—(0 — 6)2/10). Samples from the test function, subject to a Gaussian obser-
vation noise with standard deviation ¢ = 0.03, are shown as red points. The blue line and shaded
regions show the Gaussian prediction’s predicted mean and two standard deviation confidence
intervals. Figure adapted from Ref. [106]

Accounting for noisy observations

Another key benefit of GPs is their ability to accept and account for the noise in observations. This

feature is particularly advantageous when observations are costly, making it impractical to average
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multiple observations at a single point. Those observations would be better spent by distributing
them across the functions landscape. In addition, by incorporating noise directly into the model,
GPs offer a more realistic representation of the underlying processes, leading to more robust and

reliable predictions, even in the presence of uncertainty.

For example, suppose that we are unable to sample our function f perfectly and instead obtain
noisy observations of the form ¢ = f + i1 where @ ~ N(0, 021,,) where I,, is the n-d identity matrix.
In this case, the distribution of the noisy observations is conditioned upon the distribution of f, such
that p(f] f_: o?) = N( f, 02I,). We can integrate out the dependence on f to obtain a distribution

for just ¢

=

p(ilo®) = [ plf.a®p(PAF = N b(E.7T) + 0°L,). (3.14)

Therefore, the noisy samples of f also can be described by a Gaussian process, with a modified
kernel to quantify the degree of noise. This is evident in Fig. 21, where there is some residual

uncertainty in the GP’s predictions even for angles 6, which exactly match that of a sample.

Hyperparameters

Gaussian Processes have hyperparameters such as o2 and ¢ in the covariance function. These
hyperparameters control the behaviour of the GP and are typically optimised through maximum
likelihood estimation. Analytical formulas exist for the log-likelihood gradient with respect to the

hyperparameters so that numerical gradient-based optimisation routines can be used [105].

3.6 Bayesian optimisation

Gaussian processes form the basis for Bayesian Optimisation (BO), a powerful technique for op-

timising expensive and noisy objective functions [106]. This section will discuss the connection
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between GPs and BO, highlighting how GPs serve as a fundamental tool for the optimisation

paradigm. Bayesian optimisation will be used in Chapter 5 to automate a charge sensor.

Gaussian processes as surrogate models

In Bayesian optimisation, the goal is to find the global optimum of an unknown, expensive-to-
evaluate objective function f(x). Instead of directly querying f(z), which can be time-consuming or
costly, Bayesian optimisation employs a surrogate model to approximate the true function (Fig. 17).
GPs are a natural choice for constructing these surrogate models due to their probabilistic nature

and ability to capture uncertainty [106].

The GP surrogate model provides a probabilistic estimate of the objective function at any given
input point x, as previously defined in equation (3.8). The surrogate GP can predict the mean
wu(x) of the objective function and the uncertainty associated with this prediction, captured by the
variance o2(x) (represented by solid blue line and blue shaded region in Fig. 17). This uncertainty

is a crucial aspect of Bayesian optimisation, as it guides the exploration of the input space.

Acquisition functions

To decide where to sample the objective function next, Bayesian optimisation puts the surrogate
GP model into an acquisition function, denoted as «(x) and as a green line in Fig. 17. The
acquisition function balances exploring uncertain regions with exploiting promising areas to find
the global optimum efficiently. Several commonly used acquisition functions include Probability of

Improvement (PI), Expected Improvement (EI), and Upper Confidence Bound (UCB).

The choice of acquisition function depends on the specific optimisation problem and the trade-
off between exploration and exploitation. These acquisition functions leverage the GP surrogate

model’s predictions and uncertainties to make informed decisions about where to evaluate the true
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Figure 17: a-b) Illustration of two consecutive steps of a Bayesian optimiser which is attempting
to minimise the test function of Figure 16. For each step, the top panel shows the training data
points (red points) and the regression (blue line and shaded region). The bottom panel shows the
acquisition function (the expected improvement, solid green line) with its maximiser (dashed green
line). The next acquisition point, i.e. where to run a simulation to be added to the training set, is
shown in orange; it differs from the maximiser of the acquisition function by a small random number.
The acquisition function used is the expected improvement, which aims to find the minimum of
f. Hyperparameters of the regression kernel are optimised after each acquisition. Figure adapted
from Ref. [106].

objective function.

Sequential optimisation

Bayesian optimisation proceeds iteratively by selecting the next input point to evaluate based on
the acquisition function, observing the true objective function at that point, and updating the
GP surrogate model. Fig. 17 shows iterations 11-14 of a Bayesian optimiser minimising the test

function from Fig. 16. The iterative process continues until a stopping criterion is met.

By sequentially updating the surrogate model and selecting input points with the highest expected
improvement, Bayesian optimisation efficiently explores the input space and converges towards the

global optimum while minimising the number of function evaluations.
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Hyperparameter tuning

Gaussian Processes within Bayesian optimisation also offer a convenient framework for hyperpa-
rameter tuning in machine learning models. Parameters such as the length scale £ and noise level o2
of the GP covariance function can be optimised using Bayesian methods. This allows for automated

and data-driven selection of hyperparameters, improving model performance.

3.7 Hidden Markov models
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Figure 18: Diagram depicting hidden Markov model with three hidden states {s1, s2, s3} and three
observable states {m1,ma, m3}. The elements of the A matrix encode probabilities of transition
from state i to j state, denoted by solid arrows. The elements of the emission matrix 6 encode the
probability of measuring the ith observable state when in the jth hidden state, denoted by dashed
arrows.

Hidden Markov models (HMM), are one of the most popular methods in machine learning and
statistics for modelling sequences such as speech [107] and proteins [108, 109]. An HMM defines a
probability distribution over sequences of observations m = {mg, m1,...,mn_1} by using another
sequence of unobserved hidden discrete states § = {sg, $1,...,sy—1}. These hidden states evolve

according to a Markov chain, defined by a transition matrix such that A;; := P(s,41 =1 | sp = J).

In a categorical HMM, a special case of a HMM, the probability of an observation is conditioned on

the hidden state according to an emission matrix defined as 6;; := P(m,, =i | s, = j). One final
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parameter is required to define the HMM, a probability vector encoding the probability of starting

in a hidden state 7; = P(so = 1) [110].
For HMM models, there exist three important algorithms:

1. The Baum-Welch algorithm [111], which, given a set of observations, m, performs expectation

maximisation to obtain the most likely set of HMM parameters specified by (7;, Asj, 6;;).

2. The Forward-Backward algorithm, which computes the likelihood of a set of observations, m,

given some HMM parameters, (7, A;j, 0;;).

3. The Viterbi algorithm [112], which given a set of observations, m, and a set of HMM param-

eters (7, A;j,0;;) it finds the most likely set of hidden states, 3.

Another flavour of HHM is a Gaussian HHM, where there is a continuum of possible emission states;
the emission matrix is instead a Gaussian probability density function. The algorithms listed above

can be also be applied to Gaussian HHMs.

We will apply HHMs to SPAM and spin-flip error analysis and to qubit active reset in Chapter 7.
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Chapter 4

All rf-based tuning algorithm for
quantum devices using machine

learning

Never spend 6 minutes doing
something by hand when you can

spend 6 hours failing to automate it.

Zhuowei Zhang
With previous tuning algorithms, the slow current measurements mean the tuning algorithms were
measurement-limited, meaning they had to make intelligent decisions on where to measure next
simply because measurements were so time-consuming. This chapter explores tuning using fast
RF measurements, lifting this bottleneck. The work presented in this chapter resulted in the

publication:

Barnaby, v. S., Fedele, F., Vigneau, F., Hickie, J., Jirovec, D., Ballabio, A., Chrastina, D., Isella,

G., Katsaros, G., & Ares, N. All rf-based tuning algorithm for quantum devices using machine
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learning. arXiv.org. https://arxiv.org/abs/2211.04504

In this chapter, we demonstrate an algorithm that tunes a quantum device using exclusively rf
measurements, eliminating the need for DC transport measurements. This should allow for more
scalable device architectures. The algorithm aimed to define double quantum dots, a cornerstone
of the solid-state qubit effort, from scratch. These double dots can host either a singlet-triple qubit

or a pair of Loss-Divincenzo spin qubits [113, 114].

Our algorithm exploits the bandwidth of rf measurements to acquire high-resolution two-dimensional
charge stability diagrams in milliseconds, as presented in [101, 102], the implementation of which we
discussed previously in Sec. 3.4. Acquiring and processing the data from these scans was what qgor
was built for (Sec. 3.3.3). The speed of these scans was a paradigm shift compared to current-based
tuning algorithms, where similar resolution transport measurements would take minutes. However,
this speed came at a cost; rf measurements are only sensitive when the device impedance is close
to the rf matching circuit (Sec. 3.2.2). This is true in a small portion of the device gate voltage

space, outside which the rf signal corresponding to device features falls below the noise floor.

4.1 Experimental setup

I will discuss our experimental setup to demonstrate our rf tuning algorithm here.

4.1.1 The device

We demonstrate our tuning algorithm in a hole-based quantum dot array hosted in a depletion
mode Ge/SiGe heterostructure, which can be operated as two distinct double dots devices, labelled
A and B, where five voltage gates shape the electrostatic potential (Fig. 19 (a)). The fabrication
process of this device is similar to that described in [31]. AC and DC signals were applied to

the plunger gates for each quantum dot, Vo, V4 and Vg, via 3.3 kHz bias-tees. Measurements were
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performed at 50 mK.

Device A Device B
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Figure 19: A scanning electron micrograph of the Ge/SiGe quantum dot array, with our matching
circuit connected to the device ohmic. Bias tees are used on gates shaded in red to apply both ac
and dc voltages. Devices A and B demonstrate how two different double dots can be defined in the
array.

4.1.2 The radio frequency setup

For our rf setup, we opted to connect the matching circuit to the device ohmic, thereby creating
an rf setup most closely analogous to that of transport measurements through the device. The
idea was to bootstrap knowledge from previous algorithms. Our rf circuit board was nominally
identical to the one demonstrated in [115]. It had spaces for an inductor and decoupling capacitor
in series with the parallel combination of the device and another capacitor. To match as large
device impedances as possible, we choose the inductor to be L = 2.2 nH inductor (one of the largest
we had available) whilst leaving the slot for the parallel capacitor empty, thereby minimising the
parasitic capacitance. We engineered the matching circuit using these circuit elements to meet the
matching condition at the highest device impedance possible, according to Eq. (3.7). We chose the
decoupling capacitor Cy = 92 pF based on room temperature experimentation without the device

bonded, manually optimising the depth of the resonance.
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The fast scans

The device measurements consisted of fast raster two-dimensional gate voltage scans over the device
plunger gates, as discussed in Sec. 3.4.1. The waveforms were synthesised by a Tektronix 5014c
AWG, with an amplitude of 100mV x 100mV and 100 by 100 pixels, respectively. We used an
integration time of 1 ps per pixel, enabling an entire scan to be completed in 10 ms. We employed
an Alazar ATS9440 acquisition card, which was hosted in a PCle port of the lab PC. This card
was capable of using eight PCle lanes for data transfer rates up to 1.6 GB/s, meaning that the data

transfer time for these scans was 0.4 ms.

4.2 The tuning algorithm

Our rf tuning algorithm comprises two key components: a navigation strategy for the device’s
gate voltage space and a scoring function to evaluate the presence and quality of double dot fea-
tures. Navigating the device gate voltage space is somewhat more complicated than using transport
measurements because the rf measurements are only sensitive when the device impedance is ap-
proximately compatible with the matching impedance. This rules out the traditional transport
algorithm’s approach of looking for the marked increase in impedance when the device pinches off,
delineating the device’s transition from an “open” to a “closed” state [116, 117]. We cannot search
for this feature through rf measurements as, if we were to design our matching circuit for these
relatively open dot features; we would be unable to measure more depleted dots with a higher
impedance. As discussed in the previous Section 4.1.2, we matched as large device impedances as

possible, thereby sacrificing the ability to measure the pinch-off hypersurface.

Accordingly, instead of searching for the pinch-off hypersurface, we defined an rf hypervolume,
which is the volume of gate voltage space where the rf matching network is sufficiently sensitive to

impedance changes in the quantum device, due to the tunnel barriers being of appropriate thickness
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Figure 20: a) A flow diagram indicating how the rf tuning algorithm works. b) An illustrative
diagram showing an iteration of the algorithm. Firstly, the algorithm performs an exploratory ramp
along a randomly chosen direction, where a Gaussian process chooses the starting gate voltage
coordinate to lie close to, but still outside, the rf hypervolume. Along the length of the exploratory
ramp, fast two-dimensional scans are performed. The rf classifier evaluates these scans to determine
whether they show rf features or just noise. The first instance of the rf classifier classifying features,
rather than noise, is made when the exploratory ramp has just entered the rf hypervolume, where
the rf is sensitive. Next, the exploratory ramp is terminated, and the algorithm then explores the
local gate voltage region by random walk while taking two-dimensional scans. The score function
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evaluates these scans to determine the quality of the double-dot the algorithm has found.
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(Sec. 2.4.3). The matching circuit is insensitive outside the hypervolume, so noise drowns out the
in-phase and out-phase demodulated signals. The current hypersurface and the rf hypervolume
may not necessarily overlap. With our matching network components, the rf hypervolume existed

at larger gate voltages than the pinch-off hypersurface.

Using exploratory gate voltage ramps, our algorithm navigates to the rf hypervolume. These ramps
move gate voltages towards 0V, at approximately 1 Vs™!, along a randomly chosen radial direction
in the space defined by voltage gates Vi — V5 for device A, or V3 — V7 for device B (Fig. 20). The
first of these ramps start from gate voltage coordinates bounded by the gate voltage upper limits,
which was 4V for all gates (Fig. 21 (a)). This gate voltage limit was chosen to allow the maximum
operational range within which the device was safe from leakage. Along the length of a ramp, the
algorithm performs fast 2d gate voltage scans (Sec. 4.1.2) every 50mV. The algorithm evaluates
each scan using a classifier to determine whether it shows just noise or dot features. When the
classifier first detects dot features, the ramp has entered the rf hypervolume, and the ramp is

terminated.

The algorithm then searches for double-dot features near the gate voltages where the rf hypervolume
was found by searching around the area using a random walk. Double dot features are identified
and quantified using a score function based on the discrete-time two-dimensional Fourier transform
(Sec. 4.2.3). The random walk is performed by perturbing a randomly chosen gate voltage by an

amount sampled from a Gaussian distribution with a standard deviation of 50 mV.

The algorithm efficiently explores the gate voltage space by repeatedly undertaking these ex-
ploratory ramps. With each ramp, it might find new double-dot features that score better than any
previously found. Over time, with repeated exploratory ramps, the algorithm explores an increasing
fraction of gate voltage space; therefore, the score associated with the highest-scoring double-dot
features should improve over the algorithm’s run time. Concurrently, each ramp’s termination gate

voltage coordinate updates a Gaussian process. These observations of the hypervolume location
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inform the starting gate voltage coordinate of subsequent ramps, allowing them to start closer to
the hypervolume and waste less time measuring regions of gate voltage space where only noise can
be observed (Fig. 21). It follows that as the algorithm improves its model for the location of the

hypervolume, it becomes more efficient at exploring the gate voltage space.

The following sections describe the Gaussian process (GP), the rf classifier and the score function

used by the algorithm.

4.2.1 The Gaussian process

The Gaussian process (GP) is used to increase the efficiency of the exploratory ramps in navigating
to the rf hypervolume by providing them with better starting points. It does this by predicting the
radius 7(Z) of the outermost boundary of the rf hypervolume in a given direction, denoted by the
unit vector Z. Given observed data points X = {z1,z2,...,2,} and their corresponding function
values ¥ = {r(z1),r(x2),...,r(x,)}, we can make predictions for new input points . by calculating
the conditional distribution of r(x,) given the observed data. This conditional distribution is also
Gaussian:

7(24)|X, 7, 4, meang, kernel ; ~ N (i, 02) (4.1)

This distribution’s mean j, and variance o2 can be computed using the GP mean and covariance

functions.

Initially, we set the mean function such that p. (%) equals the mid-point of the voltage range, with
the RBF kernel (Sec. 3.5) function designed such that the entire voltage range falls within three
standard deviations, o.(&). This prior reflects our initial uncertainty about the hypersurface’s

location.

As the algorithm progresses, each observation of the rf hypersurface’s location updates the GP,

refining the posterior distribution (Fig. 21). Continuous updates allow the algorithm to make in-
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creasingly accurate predictions about the hypersurface’s boundary, guiding the exploratory ramps
more efficiently. We begin the exploratory ramps three standard deviations outside the rf hyper-

surface.

0.20 0.38 1.88

0.04 0.00 0.00
(e) n=4

3.41 3.36 3.61

0.00 0.00 0.00

Figure 21: Visualisation of Gaussian process posterior distribution updates in two dimensions. This
series of plots illustrates the dynamic evolution of the Gaussian Process (GP) posterior probability
distribution as it models the outer boundary of the rf hypervolume. Each plot captures a different
stage by progressively incorporating increasing noisy observations. The true position of the rf
hypervolume is marked in red, providing a reference point against which the GP’s performance
can be evaluated. The noisy observations are depicted as black dots. The colourmap indicates
the probability density of the Gaussian processes posterior distribution for the location of the rf
hypervolume’s outside edge. The dashed green line indicates three standard deviations outside the
mean, which is where we choose to start exploratory ramps.

4.2.2 The feature/noise classifier

The role of the feature/noise classifier is to evaluate whether one of our fast 2d scans shows noise
or quantum dot features. If a scan at a given set of gate voltages shows quantum dot features,

that coordinate must lie within the rf hypervolume. However, in principle, both in-phase (I) and
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out-of-phase () components of the rf signal could contain useful information about these features
(Fig. 22 (a)). Therefore, we perform blind signal separation to extract any information-bearing
signal from the quadratures. We then perform a hypothesis test to see whether the extracted signal

differs from the noise.

We use the popular method of principal component analysis (PCA ) to extract any signal from the
quadratures. PCA considers the signal’s covariance matrix to optimally find the direction in the
I — @ plane with the largest variance and projects the data onto it [118]. Our algorithm uses PCA

to optimally project a pair of 2d scans measured in both quadratures into one (Fig. 22 (b)).

To test whether this projected data is dominated by noise, we then perform a two-sample Kolmogorov-
Smirnov hypothesis test, as implemented in scipy [119, 120], to compare the pixel value distribution
of the projected scan against a reference noise measurement. The null hypothesis is that the two
distributions are identical; therefore, the 2d scan contains just noise. The alternative hypothesis is
that the distributions differ, so the scan shows quantum dot features instead. Our critical p-value
is 1/1000, so p-values below this value lead to rejecting the null hypothesis in favour of the alter-
native. This choice of p-value means that, on average, the null hypothesis is falsely rejected only

once in every thousand scans.

The noise was characterised by taking ten 2d scans with all gate voltages set to their maximum
value. As a way to illustrate this test, a histogram of the PCA -projected pixel values of the scan
in Fig. 22 (a) is overlaid on the measured reference noise distribution (Fig. 22 (c)). Quantum dot
features can be observed in Fig. 22 (a), and a long-tailed distribution captures the presence of
these features when compared to the noise distribution in Fig. 22 (¢). The 2d scan would thus be

classified as containing features, and the exploratory gate voltage ramp would terminate.

Mathematically, to perform projection via principal component analysis, we subtract the mean

from data before projecting onto the eigenvector corresponding to the largest eigenvalue of the
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Figure 22: (a) The demodulated in-phase (I) and out-of-phase (@) quadratures of a 2d scan,
showing double quantum dot features on the edge of the rf hypervolume. (b) A scatter graph of
the demodulated I and @ quadratures of the 2d scans in (a). We observe two principal directions
of variance. The information-bearing component can be found along €7, while the less informative
component is along €5. (c) A histogram of the I and @ data is shown in green once projected
onto €1. For comparison, we show a histogram of pre-measured noise projected similarly in grey.
The noise has a Gaussian distribution, while the double dot features produce a distinctly different
distribution, providing a means to distinguish them.
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4.2.3 The score function

The score function in our rf tuning algorithm is designed to distinguish scans exhibiting double
dot features by assigning them high scores and lower scores to scans depicting single dots or other
features. Traditional score functions which utilised current measurements have been based on neural
networks [97-99], Hough transforms [121, 122], custom fitting models [123], handcrafted heuristics

[116], and even ray-based classification [124]. We found that all these approaches could not be
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directly used in our case, as the neural network-based score functions are explicitly trained upon
transport data, and neural networks cannot generalise beyond their training data. The custom-
fitting model and handcrafted heuristics are particular to the device. We had little success extending
and extrapolating these methods to our use case. We could not easily generate representative
training data for a neural network. We had some success with the handcrafted heuristics and
fitting models, however, as we found that the open dot regime, when measured in rf measurements,
was a consistent source of edge cases, which tricked our heuristics. Finally, we found the Hough
transform sensitive to noise, making it incompatible with our fast scans, which contain moderate

amounts of noise.
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Figure 23: a-b) A 2d scan showing single dot features and corresponding time-discrete Fourier
transform of the standardised I and @) data. The single dot features show one distinct periodicity,
resulting in a single strong maximum in the Fourier transform (with fringes resulting from the
finite window size). c-d) A 2d scan shows double-dot features and the corresponding time-discrete
Fourier transform of the standardised I and @ data. The double dot features show two distinct
periodicities (and associated harmonics), resulting in two strong maxima in the Fourier transform
on either side of the diagonal v, = v, marked as a dashed red line.

To address these challenges, we developed a scoring function rooted in the discrete-time Fourier
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transform (DTFEFT) of the 2d scans. This approach is inherently phase-independent, enabling it to
assess dot features in any combination of the in-phase and out-of-phase scans. In addition, the

Fourier transform is resistant to noise, inherited by our score function.

The DTF'T of these scans identifies periodic patterns, with each distinct periodicity manifesting as a
prominent peak in the Fourier spectrum. The stronger the periodic nature of the features, the more
pronounced these peaks. Our scoring function pinpoints the two strongest maxima in the Fourier
transform characteristic of double quantum dot features. We restrict the search to periodicities that
align with the behaviour of two quantum dots, each sufficiently coupled to their respective plunger
gates to exhibit a few charge transitions over a 100 mV plunger gate sweep. In practical terms, for
plunger gates V,, and V},, we examine Fourier frequencies v,, v, € [0,12], focusing only on maxima
situated on opposite sides of the v, = v, line. The score is then determined by the intensity of the
weaker two maxima. Consequently, scans showing single-dot features typically yield only one peak,

while other features produce none, resulting in lower scores.

A comparative illustration of double and single dot features, alongside their respective Fourier

transforms, is displayed in Fig. 23 (a-d).

To apply the DTFT-based scoring function to the I and () data obtained from a 2d scan of resolution
N x M, we first standardize the complex dataset Z := I +iQ € CN*M a5 Z := (Z — Z) /o4, where
Z and oz represent the complex mean and standard deviation, respectively. This standardisation
ensures that the score reflects the quality of the double dot features rather than their alignment

with the matching conditions. Then the DTFT of Z is computed as follows:

Zapexp{—2mi(vsa + vyb)}, (4.3)

”Mi

1 N
DTFT[Z]s, = Nii Z_:

where vV is a high-resolution linearly spaced frequency array between 0 and 12. This frequency range
encoded in the ¥ vector was chosen based on prior knowledge about the device, that the typical

lever arm should result in a small number of charge transitions in our 100 mV sweep. Finally,
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—.

the score is taken as s = min(max., max>) where max. and maxs denote maxima in [DTFT[Z]]

constrained to line on either side of the line v, = v,.

4.3 Results

To assess our algorithm’s performance on devices A and B, we executed 24 tuning sessions, each
lasting one hour. During these sessions, the algorithm attempted to tune devices A and B 13 and
11 times, respectively, generating approximately 20,000 scans with corresponding scores. We will
seek to validate the effectiveness of our algorithm in two stages: first, we will establish the score
function as a reliable indicator of double quantum dot regimes, and second, we will demonstrate
our algorithm improves this score faster and more efficiently compared to more straightforward

search strategies.

4.3.1 Evaluating the score function

In this section, we will discuss how effective our score function was. To evaluate the correlation
between our score function and expert assessment of double dot quality, we categorised the scans
into three groups: non-double-dot, imperfect double-dot, and satisfactory double-dot. Two inde-
pendent experts classified these scans into these categories, blind to the scores assigned by the
algorithm. Figure 4 (a) presents a stacked histogram of the scores, segmented by the experts’
classifications. The visualisation indicates that scans with non-double and satisfactory quantum

dot features consistently receive low and high scores, respectively.

We will now employ the error matrix formulation from statistical classification. Under its typical
formulation, each matrix column represents the ground truth, while each row represents predicted
classification (or vice versa). Unfortunately, we do not have ground truth values; human labelling

has biases and inaccuracies. In addition, our score function is not a classifier; therefore, we will
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need to assign classifications based on thresholds for this analysis.

For the sake of this analysis, we assigned thresholds optimally to minimise the number of dis-
agreements with the human labels. These thresholds were 0.04 and 0.08 (to one significant figure),
resulting in the confusion matrix, shown in Table 1, illustrating the score function’s accuracy in
differentiating between double dot regimes. The score function demonstrated a high accuracy rate,
with minimal false positives even in numerous scans lacking double quantum dot features, and ef-
fectively distinguished between satisfactory and imperfect double quantum dots. These thresholds
exist solely for this analysis and do not affect the algorithm. See appendix B.2 for the confusion

matrices separated by device.
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Figure 24: a) A histogram on a log scale of all corresponding scores of all the acquired scans. The
approximate scores denoting the transition between non-double and imperfect double dot features
are marked as a vertical green dashed line, as judged using manual human labelling. Likewise, a red
dashed line denotes the score above which the dot features are said to correspond to satisfactory
double dots. b) A histogram scores on a linear scale, where the colour coding of each bin indicates
relative proportions of the scans judged by human labelling to be non-double dots (blue), imperfect
double-dot (green) and satisfactory-double dots (red). For the most part, the red double dot region
lies above the blue non-double dot region, whilst the green region corresponding to satisfactory
double dots lies above both the orange and the blue. The scores below 0.025 have been omitted for
clarity.
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Table 1: Confusion matrix for devices A and B.
. Expert Classification
Device A & B (%) Non-double Imperfect Satisfactory

dot double dot  double dot
score < 0.04 96.95 0.91 0.00
0.04 < score < 0.08 0.25 1.42 0.08
score > 0.08 0.01 0.11 0.29

4.3.2 Evaluating the search algorithm

Now that we have convinced ourselves that the score function quantifies the quality of double dots,

we will assess the algorithm’s effectiveness, which aims to improve the score with time.

Over its run time, the algorithm explores a greater fraction of the rf hypervolume and discovers
more dot features. Each newly-discovered dot feature has a chance of scoring higher than anything
found before; therefore, on average, the score associated with the highest-scoring features should
improve over time. The purple curves in Fig. 25 (a-b) show the evolution of the best score found by
the algorithm as a function of run time for devices A and B, respectively. For a baseline comparison,
we ran a reduced version of our algorithm using the exploratory ramps but did not benefit from
any of the Gaussian processes, the rf classifier, or the subsequent random walk, shown in orange.
We also ran a random search algorithm that randomly chose a coordinate in gate voltage space,

set the gate voltages, and then performed a scan, shown in black (Fig. 25 (a-b)).

We found that our algorithm outperforms these more simplistic search strategies. This is likely
because our algorithm spends a more significant fraction of its time exploring regions that have the

potential to correspond to double dot regimes.

Overall, the full algorithm found and identified 16.5 and 16.8 scans an hour on average, correspond-
ing to double dots (satisfactory and non-ideal) in devices A and B, respectively. If we restrict our
attention to satisfactory double dots, the rates are 2.4 and 2.7 scans an hour. These tuning times

are the fastest recorded in laterally-defined quantum dots [116, 117]. See Appendix B.3 for plots
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of satisfactory double dots tuned by the algorithm in each hour-long run.
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Figure 25: a-b) The graph or data shows the highest scores achieved within a specified tuning time
for different algorithms, namely random search (shown in grey), a reduced version of the algorithm
(shown in orange), and the full algorithm (shown in pink) when applied on devices A and B. The
curves on the graph represent the average performance obtained from multiple runs, which helps
to account for the statistical variations observed between these runs.

4.4 Conclusion

In conclusion, we have demonstrated the first algorithm for tuning double dots from scratch, which
exclusively used radio frequency measurements. Such a result is an essential first step toward the
scalability of quantum devices. Our algorithm reliably tuned satisfactory double quantum dots in
approximately 15 minutes, the fastest recorded time in laterally-defined quantum dots. In creating
this algorithm, we developed a robust method for distinguishing noise from rf features and proposed

a score function based on the Fourier transform with significant noise tolerance.

Faster device tuning times could be achieved using a more informative Gaussian prior to the
Gaussian process, particularly one which encodes knowledge of the gate architecture - possibly using
an electrostatic model of the device [125]. Or use a Bayesian optimiser to choose the exploratory

ramp directions to maximise the score.
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The fast 2d scans could be generalised to many radial rays to probe the charge states of large
quantum dot arrays, as performed slowly in [126, 127]. Along with frequency multiplexing [128],
our algorithm could allow for scalable tuning and, thus, fully automatic tuning of multiple small

quantum dot arrays.
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Chapter 5

Automated long-range compensation

of an rf quantum dot sensor

The previous chapter presented an algorithm that uses ohmic radio-frequency reflectometry mea-
surements to tune double quantum dots. The next step was to deplete those dots so that one hole
was in each dot. This necessitated moving to charge sensing measurements, which have their own
unique complexities when keeping them tuned. This chapter outlines an automated protocol to

maintain the charge sensor’s tuning and retune it when necessary.

The work in this chapter resulting in the publication: Hickie, J., Barnaby, V. S., Fedele, F.,
Jirovec, D., Ballabio, A., Chrastina, D., Isella, G., Katsaros, G., Ares, N.. Automated long-range

compensation of an rf quantum dot sensor. https://arxiv.org/abs/2310.02135.

In this work, J.H. and I performed the experiment and developed the algorithm. G.K., A.B., and
D.C. fabricated the sample. G.I. grew the heterostructure. N.A. supervised and conceived the

project.

In this chapter, we introduce an automated approach to finding and maintaining the high sensitivity
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Figure 26: a) A scanning electron microscopy image of a device nominally identical to the one
used in this experiment. The gate electrodes connected to microwave lines are colour-coded in
pink. A bias tee combines a dc offset with the ac signal for the gates in red. b) Demodulated signal
from the rf-QD obtained by PCA when the device is in a double dot regime. We perform this 2d
measurement by ramping gates V5 and Vj in a raster pattern with an arbitrary waveform generator
for a given point in gate voltage space.

of an rf sensor dot while sweeping across a large range of a device’s gate voltage space. The algorithm
was demonstrated in the same hole-based Ge/SiGe heterostructure quantum dot array as in the

previous chapter but is again designed to be agnostic as to the device material and geometry.

Our algorithm employs Bayesian optimisation to optimally tune the rf sensor dot to a regime where
it is highly sensitive. Once the optimal readout contrast is found, virtual gates [19, 129-131] are
used to maintain the readout sensitivity in fast 100mV x 100 mV measurement windows. This
ac-based compensation is combined with a dc-based compensation algorithm to allow for the rf
sensing of a stability diagram over 1V x 1V, in which we can distinguish more than 25 x 25 charge
transitions, using a single sensing peak. Our compensation algorithm can be repeatedly recalibrated
to arbitrarily extend this range, thus overcoming the limitation of the linear approximation required

by the constant interaction model.
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5.1 Experimental setup

These experiments were performed in an electrostatically-defined Ge/SiGe quantum dot (QD) fab-
ricated similarly to that described in [132], the same device used in the previous chapter. Gates
V1 — V5 are used to define quantum dots in the main device, while gates Vi g, Vp, and Vgrp define
the charge sensor. Gates Vig and Vrg separate the sensing dot from the device dots and were
both set to 1.8 V for the experiment. For readout, we connected the ohmic of the charge sensor to
an L-matching network with a 92 pF decoupling capacitor Cyg, 2.7 uH inductor L, and a parasitic
capacitance C}, (Sec. 26) [76]. We used a Zurich Instruments UHFLI to drive the circuit at a power

of —90dBm at the sample and demodulate the reflected signal.

The presented algorithm relies on the same fast 2d measurements as before; however, in this case,
we measured the demodulated in-phase (I) and out-of-phase (@) components of the reflectometry
signal from the rf-QD sensor for each pixel with an integration time of 1ps. To optimally capture
both the I and @ components of the rf-QD signal, we use principal component analysis (PCA). The
signal of the rf-QD demodulated in this way is labelled Vpca and corresponds to the first principal

component of the measured data.

5.2 The algorithm

Our algorithm consists of two stages. The first stage optimally tunes the charge sensor barriers
(VLB, VrB) to achieve maximum charge noise sensitivity (Sec. 5.2.1), defined as the change of the rf
signal when a charge transition occurs in the device. Optimal barriers are found when the rf-QD’s
impedance falls within a specific range such that the readout matching circuit has an impedance
close to the Zy = 5042 line impedance (Sec. 3.2.2). We use a direct approach by defining a score

function for the charge sensor’s visibility and using Bayesian optimisation.

The second stage is designed to maintain the tuning of the charge sensor while the device gate
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electrodes (V1_5) are swept (Sec. 5.2.2). We compensate for this cross-talk by constructing virtual
gates. These virtual gates include the charge sensor’s plunger gate (Vp) to compensate for the

capacitive coupling between the device’s gate electrodes and the rf-QD sensor.

5.2.1 Optimally tuning charge sensor tunnel barriers using Bayesian optimisa-

tion

In this subsection, we discuss optimally tuning the change sensor tunnel barriers, so they are
compatible with the matching circuit 2.4.3. To do this, we need an optimiser and a score function

to optimise. In the following, we will introduce both.

To optimise the rf-QD sensor’s sensitivity, we define a score function. With optimally tuned barriers,
the difference between the reflected signal on and off a Coulomb peak is maximised, maximising the
height of the peaks and, thus, the readout sensitivity. We have found that maximising the variance
of a charge sensing measurement is a fast and noise-resistant method for optimising the visibility

of the charge sensor (Figure 27 a-c)).

To evaluate the score function, we take a fast 2d measurement (as described previously in Sec.
3.4.1) and determine the variance of the data after projection onto the first principal component,
Var(Vpca). The variance is a natural choice for a score function. It can be used to optimise not
just the position of the Coulomb peak but also many other experimental parameters such as rf
frequency and power. The variance of Vpcya is conceptually the same as considering the variance
of the demodulated I component in a measurement where the phase is perfectly tuned. If we only
had access to the I component of the demodulated data, the score function could be evaluated by
taking the variance in the I component. In this case, the phase would need to be optimised as a

parameter in the subsequent Bayesian optimisation.
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Figure 27: a) An example of the underlying score function over which we run the barrier opti-
misation routine, representing the variance of Vpga for a 200mV x 200mV window in the gate
voltage space given by the Vg and Vgp. Each pixel in this scan represents the variance of Vpcy in
a fast 2d measurement. b,c) Example fast 2d measurements taken at the points depicted by the red
circle and square, respectively, with (b) corresponding to a sensor configuration with good match-
ing. d) The posterior of a Gaussian process over a set of values of Var(Vpca) from (a), marked
by black points and chosen by the optimiser. The optimiser aims to find the maximum value of
Var(Vpca) in the gate voltage window considered. e) The optimiser found the maximum value of
Var(Vpca) as a function of the number of iterations. As the optimisation progresses, the optimal
value of Var(Vpcya) increases. f) Distance between sequential gate voltage coordinates chosen by
the optimiser. This distance decreases significantly for the last few iterations of the optimiser (a

grey area), corresponding to exploitation rather than exploration.

Now that we have defined a score function to optimise, we must choose an optimiser. However,
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first, let’s better understand the score function landscape.

In Fig. 27 (a), we show an example of the score function landscape over which we optimise the
barriers, Vi3 and Vgrg. Each pixel in this figure panel is the variance of Vpca for a fast 2d
measurement. The fast oscillations in this landscape are due to the charge sensor Coulomb peaks;
only when the peak is entirely in the window will the variance be large. Overlaid on top of these
Coulomb peak oscillations is the matching of the charge sensor impedance to the rf matching
circuit. The quality of the matching modulates the height of Coulomb peak oscillations. When the
matching is optimal, the height of the Coulomb peaks is maximal and thus the score, such that

max Var(Vpca ). This is where we wish to tune the to.

To find this optimum, we could perform the dense scan in Fig. 27 (a) and take the values of V15
and Vgp, which maximise the score function. However, this is a very time-consuming approach,
considering the measurement comprises 500 x 500 fast 2d measurements. Instead, we wish to choose

an optimiser that can get there in fewer measurements.

We tried the “standard” optimisers, such as Nelder-Mead, Powell, CG, and BFGS and found that
these optimisers performed poorly. They got stuck in the local optima created by the Coulomb
peak oscillations. This was obvious in hindsight as the scipy documentation describes them as
local optimisers. Therefore, we tried global optimisers such as basin-hopping and dual annealing.

These optimisers could find the global optimum but were slow to do so.

We tried Bayesian optimisation as an alternative, as introduced in Section 3.6. Initially, it performed
poorly because Coulomb oscillations cause length-scale hyper-parameters to be short. This meant
the underlying Gaussian process model’s predictions quickly became of low confidence away from
observations. Therefore, if we weighted the BO for exploration, it effectively performed a random

search. If we weighted it for exploitation, it was unwilling to leave its local optima.

Therefore, we attempted kernel engineering, where you design the GP’s kernel to be of the same

form as the score function landscape. We did this by adding an oscillating term to the kernel.
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When this worked, it did improve things compared to the vanilla BO kernel. However, the fitting
process for the kernel hyperparameters became very unreliable - often failing to find an appropriate

length scale.

Surprisingly, the BO performed well when the fitting failed, yielding a far too large length scale.
With this large length scale, the GP model effectively ignored the Coulomb oscillations and focused

on the matching features.

To exploit this, we stripped out the oscillating component, using just the Matérn 5/2 kernel and
constrained the length-scale hyperparameter to be larger than the scale of the coulomb oscillations.
This forces the GP model to capture only the large-scale variations in the score function without
the short-scale periodic variation (Fig. 27 a)). The BO optimiser chooses Vg and Vgp in
our optimisation approach. Initially, the first ninety voltages are chosen to explore the domain
of the score function, building the Gaussian process model (Fig. 27 d)). The last ten iterations
exploit the information in the model to converge on the global maximum (Fig. 27 d-f)). A sharp
Coulomb peak, optimal for sensing, will be thus found at the coordinates in gate voltage space,
corresponding to the global maximum of Var(Vpca ). Therefore, optimising the barriers in this way

requires approximately 100 fast 2d measurements.

5.2.2 Compensating for cross-talk

In the algorithm’s previous stage, we identified an optimal Coulomb peak and barrier voltages
for sensing. This Coulomb peak in the rf-QD sensor is affected by the device gate voltages due
to cross-talk. We aim to create virtual gates for the quantum dot device that allow us to move
through the gate voltage space while keeping the rf-QD Coulomb peak fixed in the 2d measurement
window. We achieve this by compensating each device gate with a contribution from Vp. The
resulting virtual gates V1/_5 would necessarily require Vp to act in the opposite direction to the

device gate.
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Speaking mathematically, suppose we work in the gate voltage space spanned by {Vi_5,Vp}, and
the first five unit vectors é; for i € [1,5] are directions of changes in device gate voltages and
ép is parallel to a change in the charge sensor’s voltage. To compensate for a change in one of
the gate voltages AV, we must increment the voltage on the sensor plunger gate Vp by a value
opposite in sign and scaled by the relative strength of the compensating contribution, such that
AV = AV — ~v;€p where v; denotes the ratio of the coupling of the ¢th device gate and the sensor

plunger to the sensor dot.

To compensate for an arbitrary change in device voltages, such that the direction of change is not
necessarily parallel to one of the gate directions but has no component parallel to the charge sensor
plunger, such that AV L ép but otherwise unconstrained. We must increment the voltage on
the sensor plunger gate Vp by a value opposite in sign and scaled by the relative strength of the

compensating contribution

AV = AV — (7-AV)ep. (5.1)

To determine the values in 7, we measure the effect of each gate Vi_5 and Vp on the position of
the rf-QD Coulomb peak in the 2d measurement window (Fig. 28 (a, b)). This position, d, is
the shortest distance from the lower left corner of the 2d measurement to a linear regression fit
of the rf-QD Coulomb peak. We quantify the strength of the effect of the gate voltages on d as
a; = Ad;/AV;, where Ad; is the change in d when a given AV changes the device gate voltage V;.
We can choose a gate voltage range AV, within which the values of «; are constant, i.e. there is a
linear dependence between d and V;. If the entire width of the rf-QD Coulomb peak is not visible

in the 2d measurement window, the estimation of d becomes less reliable.

The strength of the compensating contribution from Vp in each virtual gate V;/ is given by a
coefficient ~;, given by v; = «;/ap, where ap is the strength of the effect of Vp on d. The values
of v; quantify the relative strength of each device gate compared to the strength of Vp on d. We

would expect that -; is thus less than one since the plunger gate has a greater effect on the rf-QD
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Coulomb peak position than any of the device gates.
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Figure 28: a) A 2d measurement window. Purple points identify the rf-QD Coulomb peak max-
imum. The solid line is a regression fit through these points. The dashed line indicates d, the
perpendicular distance of the rf-QD Coulomb peak to the lower left corner of the 2d measurement
window. b) Values of the Coulomb peak offset, d, as a function of changes in gate voltage for each of
the gates of interest. Note the curves have been vertically offset to aid the reader. As expected, the
sensor’s plunger gate, Vp, has the strongest gradient. ¢) An Example of a 2d measurement window
after AC compensation. The uncompensated version is in Fig. 1 (b). d) The top two waveforms
are schematics of the voltages applied to device gates to perform a 2d measurement window. The
bottom waveform is the ac compensation voltage applied to Vp.

The time to estimate 7; depends on several factors but is entirely deterministic. These factors
include the resolution of the 2d measurement windows, the pixel integration time, the time it takes
to sweep a gate voltage over AVj, the computer’s processing speed, the number of device gates,
and the number of sensors being compensated. In this setup, with five device gates and a single

sensor plunger, the time taken to generate all the values of ~; is approximately 10 seconds. This
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time could be reduced at the expense of noise robustness.

Our cross-talk calibration and compensation algorithm extracts the values of ~; to achieve com-
pensation over long-range device gate sweeps and for the gate sweeps within a 2d measurement

window. We will refer to the former (latter) as dc (ac) compensation.

5.2.3 Dc compensation

With the ¥4 values, performing dc compensation was a matter of setting DAC values. We defined a

virtual DAC voltage class, which handled everything about the behind-the-scenes virtual gates.

5.2.4 Ac compensation

We can observe the rf-QD Coulomb peak within a measurement window due to cross-talk. To
compensate for this cross-talk, we create a waveform to compensate the fast sweeps that define the
2d measurement window. This third waveform is a linear combination of the two waveforms being
used to generate the plunger fast sweeps (Fig. 28 (c, d)):

v = ]|, (5.2)

Ya| | Va(?)
where Vp(t), Va(t), Vi(t) are the ac components of the voltages applied to each of the three gates,
Vp compensates for the cross-capacitive coupling between the device gates and the rf-QD. In this
way, we remove the gradients corresponding to the rf-QD Coulomb peak from the 2d measurement
window background (Fig. 26 (d)). We found that the same ~;/, were appropriate for use in the dc
and ac compensation. However, this might not be true if the fast lines to the device and charge

sensor gates have different attenuation.

This ac compensation approach readily applies to arbitrary pulses involving any number of device
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gates. Equation (5.2) is thus generalised by including additional time-dependent components scaled

by the relevant ~ value.

5.3 Results

This section discusses the results and performance of our compensation algorithm. If we had
successfully constructed a perfectly-compensated gate, the Coulomb peak offset d will not change
as the compensated gate voltage V' is modified. We, therefore, measure the performance of our DC
compensation algorithm by calculating the standard deviation of the peak offset, o4, as a function

of gate voltage sweeps for three cases:

1. Uncompensated arbitrary, these virtual gate sweep directions are constructed as an arbitrary
linear combination of gates Vi to V5, with no compensation applied to the charge sensor

plunger Vp.

2. Compensated arbitrary; the virtual gate sweep directions are constructed as in the uncom-
pensated case. However, a compensation term is included to the device plunger according to

equation (5.1).
3. Compensated true; one of the device gates is chosen and compensated accordingly.

For this performance test, a Coulomb peak was first selected by the Bayesian optimisation routine
described in Section 5.2.1. The same peak was used for each of the benchmarking runs. To
produce the arbitrary virtual gate directions, we generated 100 random vectors from the standard-
normal distribution €, ..., €0 € R%. These vectors were then used to create uncompensated and

compensated virtual gates.

Figure. 29 (a) shows o4 as a function of the length of the gate voltage sweep, AVj, for the three
different sets of gate sweeps described above. Without dc compensation, at AV, ~ 50mV the

Coulomb peak is no longer visible within the measurement window, and o4 saturates at 35mV.
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Figure 29: a) The standard deviation of a Coulomb peak’s position quantified by d as a function
of the length of the gate voltage sweep, AV}, for uncompensated arbitrary, compensated arbitrary
and true gate voltage sweeps. b) Three 2d measurement windows for different gate voltage con-
figurations. These configurations are accessed by changing the compensated middle barrier gate
voltage value, V4, by AVY. Our compensation algorithm allows us to choose a Coulomb peak of our
sensor dot and use it to explore the device gate voltage space going from a single dot to a double
dot regime. Ac compensation is applied for each of these 2d measurement windows.

Also, as we further increase AV, a different Coulomb peak becomes visible in the measurement
window. With dc compensation, the algorithm drastically reduces o4 over a gate voltage range of
150 mV for both compensated device gates and compensated virtual gates. Ramping compensated
device gates has a smaller effect on o4 than ramping compensated virtual gates. This might have to
do with non-linearities in the effect of gate voltages that are accentuated in their combination. Our
compensation algorithm applied to V3 allows us to measure device operation regimes from single

to double dot for a given Coulomb peak of the sensor dot (Fig. 29 (b)).

Combining both ac and dc compensation algorithms, we can produce large stability diagrams with
clear charge transitions by maintaining the chosen Coulomb peak’s offset for the sensor dot fixed.

We demonstrate this by measuring 1000mV x 1000 mV stability diagrams made up of 10 x 10 2d
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measurement windows. In Fig. 30 ((a)), it is evident that when no compensation is applied, the
visibility of charge transitions in the stability diagram varies significantly. The effect of cross-talk
manifests in seven Coulomb peak transitions of the sensor dot. With dc compensation applied, a
Coulomb peak chosen by the Bayesian optimisation routine is used, and its offset is fixed. The
sensor’s sensitivity remains thus constant across different 2d measurement windows (Fig. 30 (b)).
Still, we observe an apparent change in the sensor’s sensitivity within individual 2d measurement
windows. Using both dc and ac compensation, the sensor’s sensitivity is kept mostly constant across
the full stability diagram (Fig. 30 (c)). This shows the extent of our compensation algorithm’s
capabilities, with charge transitions visible for almost a volt in each device plunger direction. This
range encompasses the largest scans performed on current devices. In future devices, the hope
is that the fabrication improves so that we have stronger prior knowledge about the device and,
therefore, will not have to perform such large scans to tune the device into the correct state.

(a)

(b) (c)

Ve, (MV) -12 e 16

Voea(MV) -17 1 14

500

AV, (mV)
o

-500
- 500 0 500 - 500 0 500 - 500 0 500
AV, (mV) AV, (mV) AV, (mV)

Figure 30: 1000mV x 1000mV mosaic of 2d measurement windows for three different cases: a)
without ac or dc compensation, b) just dc compensation for V5 and Vj, and c¢) both dc and ac
compensation for the same gates. The dc compensation maintains the sensor Coulomb peak offset,
d, fixed and the ac compensation makes charge transitions significantly clearer. The edges of
the 2d measurement windows are still noticeable in panel ¢ due to imperfections in the waveform
compensation used to correct the distortion introduced by filters.
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5.4 Conclusion

We demonstrate how a quantum dot charge sensor can be quickly tuned and compensated for both
ac and dc sweeps of a device’s gate voltages. The combination of the algorithms presented results
ina 1V x 1V stability diagram measured while maintaining an optimal transconductance of the

sensor dot found by a Bayesian optimiser.

The gate voltage range within which this compensation approach can be applied is limited by
the failure of the linearity assumption underlying the definition of virtual gates. Therefore, the
compensation’s effectiveness reduces as the device gate voltages are swept far away from the gate
voltage location at which the virtual gates are calibrated. In our approach, recalibrating the virtual
gates takes approximately ten seconds, allowing for the expansion of the gate voltage range in which
compensation can be applied. The effect of charge switches and gate voltage drifts that change
the sensitivity of the rf-QD can be overcome by integrating a closed-loop feedback system for small

measurement windows, such as those demonstrated in Refs. [83, 84].

Our approach in this work naturally scales to device architectures with multiple sensors. The ac
compensation can also be used for any fast 2d measurement, such as those involving interlaced
pulse sequences. The algorithm is fully automated, requires no human intervention, and is suitable

for use with other automated tuning procedures.
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Chapter 6

QArray: a GPU-accelerated constant
capacitance model simulator for large

quantum dot arrays

With the previous two algorithms developed, it was conceivable to combine them, such that the rf
tuning algorithm (with minor modifications) tuned the sensor into a single dot. They tuned the
device dots into the double dot regime, where we could then use the charge sensor compensation to
keep the sensor tuned while we searched for the last hole regime. However, doing so necessitated
developing a programmatic understanding of the charge stability diagram to identify lead, inter-
dot and perhaps even spurious dot transitions. To this end, I developed a constant capacitance
model simulator of the charge stability diagram, with the view of using it to generate training data
for a neural network and for offline (away from the experiment) testing. Along the way, I dis-
covered software optimisations which made my implementation considerably faster than previous

implementations, making the simulator useful in its own right and resulting in the publication:

Barnaby, v. S., Hickie, J., Schorling, L., Schuff, J., Fedele, F., & Ares, N. QArray: a GPU-
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accelerated constant capacitance model simulator for large quantum dot arrays. arXiv.org. https:

//arxiv.org/abs/2404.04994

This chapter introduces QArray, an open-source software package for simulating quantum dot
charge stability diagrams using the constant capacitance model. The package contains a suite
of useful functionalities, most notably new algorithms for computing the lowest energy charge
configuration at its core. In existing software packages, this is done using a brute-force algorithm,
which iterates over every possible charge state where each dot can contain between zero and nax

charges! [87, 133].

Here we introduce two new algorithms, which we call QArray-default and QArray-thresholded.
These algorithms greatly reduce the number of charge states needing to be iterated over to find
the lowest energy state. Table 2 displays the number of charge states needing to be considered by
the traditional brute-force, as opposed to the Qarray-default and Qarray-thresholded algorithms?

algorithms applied to array containing ngot quantum dots.

As presented in the table, the number of charge states needing to be iterated over by the QArray
algorithms scale exponentially with the number of quantum dots but in a lower base than the
brute-force algorithm. This results in a considerable reduction in runtime. For example, simulat-
ing an eight-dot array containing four charges with the QArray-default rather than the brute-force
algorithm necessitates iterating over [(4+1)/2]® a2 1526 times fewer charge states. Further improve-
ments in compute time could be obtained at the price of accuracy by using QArray-thresholded
(see later sections). This speedup in computation time makes my approach a promising solution for
practical applications requiring the constant capacitance model, such as generating diverse datasets

for training neural networks [96-98].

IThe value of nmax must be set ahead of time by the user. If the set value is too small, the set of charge states
iterated over by the brute-force algorithm might not contain the lowest energy charge state. The brute-force algorithm
will return a charge state that is not necessarily the lowest energy.

2Strictly speaking, the value presented in the table is the expected number of charge configurations. In the worst
case, every charge state might need to consider 2™d°t charge states.
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Algorithm Number of charge states to be considered | Software implementations
Brute-force (Nmax + 1)t where npax € {1,2,...,00} | JAX, Python
Qarray-default 2Mdot Rust, JAX, Python
Qarray-thresholded | (t 4 1)™d°t where t € [0, 1] Rust, Python

Table 2: A table showing the number of charge states needing to be considered by the software
implementations of the brute-force, QArray-default and QArray-thresholded algorithms. Where
ngot refers to the number of quantum dots in the array being simulated, is nmax maximum number
of charges considered in any dot by the brute-force algorithm and t is the threshold used in the
QArray-thresholded algorithms, which quantifies the degree of approximation.

The Qarray software package contains multiple implementations of the brute-force, default and
thresholded algorithms in Python, JAX or Rust (See Table 2), any of which are callable from
Python. The Rust implementations harness the full potential of multi-core processors [134, 135],
while a JAX implementation provides GPU acceleration. The pure Python implementations are
maintained for comparison testing with other implementations. The Rust and JAX implementations
of the QArray algorithms can model arrays with 16 or more dots and simulate smaller arrays faster

than they can be measured experimentally, even in rf [136-138].

In the following sections, we will discuss the default and thresholded algorithms. However, first,
we will restate the problem of finding the lowest energy charge configuration and determine that

this problem is, in general, NP-hard.

6.1 Problem of computing the lowest energy charge state

As discussed in Section 2.5, the constant capacitance model gives a formula for computing the

electrostatic energy of a charge configuration, namely

F(G: 7)) = 507eilQ ~ (cate,)' G (61)
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Figure 31: Organisation of the QArray Package: The structure of the Qarray package features
multiple software implementations of the brute-force, default and thresholded algorithms as colour-
coded boxes denoting that it was programmed in Python (blue), Rust (orange), and JAX (green).
The dot array class carries the capacitance matrices and is the means by which the user calls the
various algorithms to compute the ground set. The gate voltage composer class generates voltage
vectors for sweeps or can be used to define arbitrary virtual gate sweeps. DotArray offers methods
for computing charge stability diagrams for open or closed regimes with any algorithm of choice.
Optionally, the charge stability diagram can be coupled with simulated charge sensors to model
measuring the charge stability diagram using one or more charge sensing dots. If the brute-force
algorithm is used, nyax or the threshold, ¢, must be passed respectively. Finally, a temperature
parameter can be passed to the algorithm to simulate thermal broadening.

But how does one compute which charge state minimises this free energy? The allowed charge
configurations are heavily constrained, which counterintuitively makes finding the ground state
more difficult. For an open quantum dot array, which is when the array is coupled to fermionic

reservoirs from which it can draw an arbitrary number of charges, the constraints are:
(i) The number of charges must be integers, represented as N e 2ot ;

(ii) The number of charges in any given quantum dot must be non-negative, meaning N; > 0 for

all 4.

For a closed quantum dot array, which is when the leads are decoupled from the array [92, 93], and
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the number of charges is fixed to a finite value N, there is the additional constraint that:
(iii) The sum of all charges in the array must equal a specific value, denoted as N.

These constraints make the problem of finding the lowest energy charge configuration an instance
of a class of optimisation problems called constrained convex quadratic integer problems, which
are NP-hard [139, 140]. If P#NP, as is suspected, then no algorithm can find the ground state
deterministically in polynomial time. However, this does not mean that algorithms better than

brute force do not exist, as demonstrated by the QArray algorithms discussed in the next section.

6.2 The QArray algorithms

The QArray algorithms can be broken down into two steps. First, we neglect constraint (i), that the
number of charges on a quantum dot must take an integer value, and compute the continuously-

valued charge state that minimises the free energy. We will refer to this as the continuous minimum
(Fig. 32 (a)).

In the second step, we apply integer charge constraint (i) by evaluating the energy of each discrete
charge state that neighbours the continuous minimum and take the state with the lowest energy
(Fig. 32 (b)). The QArray-default and QArray-thresholded algorithms differ in which charge states
they define as neighbouring the continuous minimum. The thresholded algorithm is much more
selective (Fig. 32 (b)). We formally justify considering only the neighbouring discrete charge states
in Appendix C.3.1. For an intuitive explanation, consider that the free energy is a convex function
minimised at the continuous minimum. The lowest-energy discrete charge states must lie close to
the continuous minimum. Charge states further from the continuous minimum must be higher in

energy.

In the next section, we will discuss how the continuous minimum is computed for both open and

closed arrays, then how the default and thresholded algorithms find the discrete charge state lowest
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in energy from the nearest neighbours to the continuous minimum (Sec. 6.2.2).
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Figure 32: a) Diagram depicting the default algorithm applied to a double dot. The algorithm
first finds the continuous minimum (marked with a red cross), which minimises the free energy.
The free energy landscape, as a function of the charge on each dot, is shown with the contour lines.
After computing the continuous minimum, the algorithm evaluates the nearest neighbour discrete
charge states (marked as red dots) to determine which is lowest in energy. By comparison, the
brute force implementation considers all charge states, leading to it also having to consider the
charge states marked as black dots. In this case, (1, 2), the charge state is the discrete charge state
lowest in energy. b) Diagram depicting the thresholded algorithm applied to a double dot. The
algorithm computes the continuous minimum (red cross) as in the default algorithm. However,
rather than just considering all nearest neighbour discrete charge states, thresholding is used to
reduce further the number of charge states needing to be evaluated compared to the default. As
the continuous minimum does not lie within the vertical grey rectangle, where the width equals the
threshold ¢ = 1/3, it is unnecessary to consider both the floor and ceiling values for N;. Instead, it
can be rounded down. By contrast, the continuous minimum does lie in the horizontal rectangle,
so both floor and ceiling values for No must be considered. The discrete charge states, considered
by the thresholded algorithm, are shown as red dots.

6.2.1 Computing the continuous minimum

To compute the continuous minimum charge configuration for both open and closed quantum dot
arrays, we initially try the analytical solution for the charge configuration derived by neglecting
constraints that the charge state must take integer, non-negative values, constraints (i) and (ii)
respectively. If we are lucky and this solution satisfies constraint (ii) such that no dot contains
a negative number of charges, we accept it and use it. Otherwise, we compute a solution using

a numerical solver, which explicitly applies constraint (ii). We try the analytical solution before
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resorting to the numerical solver because it is inexpensive to compute compared to the solver, and

trying it first offers an overall time advantage.

The analytical solutions

The continuous minimum for an open quantum dot array is
~*cont open V4
Q PR = cgaVy, (6.2)

see Appendix C.2.1 for a formal derivation.

For closed quantum dot arrays, we use Lagrangian multipliers to account for the fixed number of
charges in the array (imposed by constraint (iii)). As derived in Appendix C.2.2, the continuous

solution can therefore be written as

= — A — Cddf
Q cont closed __ ngVg + (Q _ TTngV;]) TTCddIH (63)
where T = (1,1,..., 1)T € R™ot g the one vector and Q is the confined charge.

In both the open and closed cases, one or more of the elements of C}*COm open/closed

may correspond
to a negative number of electrons/holes. If this occurs, we must fall back on the numerical solver

to implicitly apply the constraint. The numerical solver is discussed next.

The numerical solver

The numerical solver computes the continuous minimum for open and closed dot arrays as a con-
strained optimisation problem. This allows us to minimise F' (]\7 ; Vg), with the optimisation variable
being N := :FQ /e for electrons and holes respectively, with Vg fixed, subject to the linear constraints

of the form [ < AN < @, where [ and @ are bounds vectors. Constraint (ii) can be encoded in this
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form by setting the constraint matrix A to the identity, and the lower and upper bound vectors (f
and @) to vectors of all zeros and infinities, respectively. For a closed array, constraint (iii) can be
encoded by setting the constraint matrix as a row matrix with all terms equal to one and upper
and lower bound vectors as single value elements equal to N. Combining constraints for open
and closed quantum dot arrays involves concatenating the associated constraint matrix and bound

vectors.

6.2.2 Evaluation of the nearest neighbour discrete charge states

With the continuous minimum in hand, the QArray algorithms iterate over the nearest neighbouring
discrete charge states to find which one is the lowest in energy. The algorithms differ in how they
define the nearest neighbouring discrete charge states. In the following subsection, I will discuss

precisely which charge states default and thresholded algorithms iterate over.

The default algorithm

The default algorithm will consider all the different charge configurations obtained by the element-
wise flooring and ceiling of the values in the continuous minimum. Therefore, the default algorithm
iterates over all 2"dot possible ways of rounding the elements of the continuous minimum up or down
to the nearest integer. The charge states considered by the default algorithm when computing the
lowest energy charge state of a double dot are highlighted in red in Fig. 32 (a)). This considerably
reduces the number of charge states needing to be considered compared to brute-force (Tab. 2).

We formally justify considering only the neighbouring discrete charge states in Appendix C.3.1.

If the quantum dot array is closed, we eliminate the configurations that lead to the wrong number

of charges in the array.
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The thresholded algorithm

The motivation behind the thresholded algorithm was the observation that it was sometimes un-
necessary to consider every one of the 2™dot possible charge combinations. Only if the decimal part
of the element continuous minimum charge state, N *cont i close to 1/2 should we consider both
charge configurations obtained by rounding up and down to the nearest integer. Otherwise, we
can round to the closest charge configuration. The charge states considered by the thresholding
algorithm when computing the lowest energy charge state of a double dot, with a threshold of 1/3,
are highlighted in red in Fig. 32 (b))

If we define the threshold as ¢ € [0, 1], then the condition for having to consider both the floor and
ceiling charge configurations on the ith quantum dot is |frac[N;™] —1/2| < t/2 (Fig. 32 (b)).
The total number of charge states needed to evaluate after the thresholding scales with (¢ + 1)"det

(see Appendix C.4.1 for deviation).

When considering closed arrays, we found that applying the threshold may produce no charge states
with the correct number of charges. In this case, we double the threshold and recompute. This
threshold is left to the user’s discretion; however, in Appendix C.3.2, we try to motivate a good

choice of threshold.

6.3 Miscellaneous functionality and results

This section discusses miscellaneous aspects of QArray that are adjoint to the main algorithms.
In particular, how we simulated charge sensing measurements (Sec. 6.3.1) and thermal broadening

(Sec. 6.3.2). Finally, we state some analytical results which we derived and found useful (Sec. 6.3.3).
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6.3.1 Charge sensors

Experimentally, the charge stability diagram is not directly available. Instead, it is measured
indirectly using a charge sensor. Therefore, in order to train neural networks for automated tuning,

it is necessary to simulate the signature of a charge sensor.

To simulate charge-sensing measurements, we distinguish between charge-sensing dots and regular
dots. We first compute the charge state that minimises the free energy of the regular dots. With
the charges on the regular dots fixed, we then determine the charge configuration on the sensor dots
that minimises the overall free energy. This method ensures that the charge state of the regular
dots is not influenced by the charge state of the sensor dots, although interdot transitions between

a sensor dot and a regular dot can still occur.

Next, we evaluate the difference in free energy between the minimum free energy charge state, and
the charge states with one fewer and one more charge on each charge sensor, which we denote
as AFi(Y_/;,). We assume that the charge sensor dots are in the strongly coupled regime, so the

conductance follows the Breit-Wigner formula [85]. Consequently, the charge sensor’s response is

Lorentzian, and we express the sensor response as:

" 1
Vo) = ; [AF (V) /T2 +1

(6.4)

where I' is the sum of the tunnel rates to the source and drain, I' = I'g + I'p. This parameter
should be configured by the user to match their experimental setup. We sum the responses for
both AFi(Vg), rather than just using the smaller of the two, to avoid discontinuities in the charge
sensor response when the lowest energy charge state changes. Near a Lorentzian peak, only one

component will contribute significantly. Additionally, we include various noise models to simulate

white noise, 1/f noise, and sensor switches due to fluctuating charge traps, among others.
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6.3.2 Thermal Broadening

For a finite temperature, the quantum dot system will not adopt the lowest energy charge state but
instead adopts a thermally mixed state. This can be accounted for by replacing the arg min function
in N* = argmin NeN F(N; 1_/;;), equation (2.9), with a soft argmin function, which computes a

Boltzmann weighted sum of the applicable charge states, such that

N* = soft arg min F'(N; V,) where
NeN

. S" < Nexp|—F(N)/kgT
soft argmin F(N) = al [ }

- , (6.5)
N S5 exp|-F(N) /kBT]

where the summation runs over all the allowed charge configurations. For a closed array, this means

eliminating the charge states with the total number of charges different than N.

6.3.3 Other analytical results
In developing QArray, I derived some useful analytical results associated with the constant capaci-
tance model. This section lists them.

Optimal gate voltages: the gate voltages that minimise the charge state @d’s free energy, F(V;, Qd)
is

V* = (Rega) " RQu, (6.6)

where RTR = c;dl is the Cholesky factorisation and + denotes the Moore-Penrose pseudo inverse.

The proof of this result is presented in Appendix C.4.2

Optimal virtual gate matriz: the optimal virtual gate matrix, «, used to construct virtual gates is

a = (cgacyy)* (6.7)
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where + denotes the Moore-Penrose pseudoinverse [19]. The ith row of this matrix encodes the
electrostatic gate voltages required to change the ith dot’s potential. The proof of this result is

presented in Appendix C.4.3

6.4 Implementation

Within QArray, I have implemented the brute-force, default and thresholded algorithms to find the
lowest energy state in Python, Rust or JAX. The Rust and JAX implementations fulfil different
use cases. The Rust implementation is optimised for computation on a CPU, while a GPU can
accelerate the JAX implementation. The Python implementation offers no practical advantages

over the Rust and JAX cores but is maintained for testing.

Rust is a statically typed, compiled systems-level programming language on par with C in speed,
[135, 141, 142]. Traditionally, high-level languages such as Python provide a Garbage collector to
reduce your control over memory management. Whereas languages like ¢ provide functions like
free and allocate “to shoot yourself in the foot”. Rust introduces a new approach known as

ownership and borrowing.

The Rust implementations of the default and thresholded algorithm take advantage of parallelism
when sensible, based on workload at runtime, thanks to the functionality provided by Rayon [143].
In addition, we used caching and function memorisation to avoid re-evaluating the discrete charge
configurations that need to be iterated over. However, appreciating that Rust is a relatively niche
language compared to the ubiquitousness of Python, we interloped the Rust core with Python.

This allows the user to gain all the benefits of Rust in their familiar Python coding environment.

JAX is a Python-based machine learning framework that combines autograd and XLA (accelerated
linear algebra). Its structure and workflow mirror that of numpy; however, at run time, the code

can be just in time (jit) compiled and auto-vectorised to primitive operations for significant
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performance improvements. Through the vmap function, JAX will compile the functions to XLA
and execute them in parallel with a GPU. Unfortunately, the discrete nature of the constant

capacitance model negates the possibility of using JAX’s autograd capabilities.

The brute-force and default algorithms were implemented in JAX. Sadly, the thresholded algorithm
was incompatible with JAX as the sizes of all arrays must be known at compile time, and the JAX

core cannot perform the thresholding discussed previously.

For the numerical solver to compute the continuous minimum, we used the OSQP (Operator Split-
ting Quadratic Program) solver (over those implemented by scipy.optimize [120]), which is opti-
mised explicitly for constrained convex quadratic problems [144]. The solver requires only a single
matrix factorisation for set-up, while all the other operations are computationally cheap, with no
divisions required after the initialisation. As such, we found the OSQP solver converges more

quickly than the scipy implementations - from a wall clock perspective.

Finally, we expressed the elements of the capacitance matrix in Farad per Coulomb (F C~!) rather
than in pure SI units where the quantities are typically of the order of atto-Farad and sub-atto-

Joules.

6.5 Performance

Here, we discuss the performance of the different implementations and algorithms. The evaluation
focuses on the average computation time required to determine the ground state charge configu-
ration for a 100 x 100 grid of randomly selected gate voltages, each associated with a randomly
generated set of capacitance matrices. We do this for quantum dot arrays with up to 16 quantum
dots. In Figure 33 (a-b), we benchmark the implementations of the brute-force and traditional
algorithms executed on both the CPU within the Apple M1 Pro System on Chip (SOC) and an
NVIDIA GTX 1080TI GPU.
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Figure 33: (a-b) Benchmarks measuring the average computation time required by each implemen-
tation of the brute-force and default algorithm to generate 100 x 100 pixels charge stability diagrams
with gate voltage ranges covering many charge transitions. The computations involve randomly
chosen capacitance matrices and gate voltages and are performed on increasing sizes of both open
(left) and closed quantum dot arrays (right). The shaded region around the line indicates the two
standard deviation confidence intervals such that 95% of the compute times fell within this region.
We ran the JAX algoritms on both CPU and GPU and provided results for both configurations.
For the closed quantum dot arrays, the number of confined electrons/holes matches the number of
quantum dots within the array. For the brute-force algorithm, we set nmax to equal the number of
dots in the array.
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As shown in Figure 33 for arrays with more than five dots, the default algorithm is at least one
order of magnitude faster than the brute-force algorithm. It gains a more significant advantage as
the number of dots increases. Even the Python implementation of the default algorithm becomes
faster than the JAX brute force for arrays with more than six quantum dots (on a CPU). However,
the Rust and JAX implementations of the default algorithm are still faster due to the parallelisation
and GPU usage offered by these cores. The GPU-accelerated JAX implementation can simulate

the charge stability diagram of a 16-dot array in less than a second.

In Figure 34, we benchmark the Rust implementation of the thresholded algorithm for different
threshold values. As expected, smaller threshold values result in faster computation. We also note
larger time gains in the open dots regime compared to the closed dots regime. This discrepancy
arises because when simulating quantum dot arrays in the closed regime, the threshold strategy
may fail if no charge states with the correct number of charges are found. When this happens, the
algorithm doubles the threshold value and recomputes the stability diagram. While this method
ensures a correct stability diagram is generated, the additional computational overhead leads to

smaller time gains than the open dot regime.

However, this extra performance might not necessarily come “for free”. If the threshold value is
too small, using the threshold algorithm will distort the charge stability diagram, as discussed
in Section 6.7. To summarise that discussion, the critical threshold value depends upon the cgyqy
capacitance matrix, particularly the ratio of the on and off-diagonal elements. For example, in
a double dot where the dots are very weakly capacitively coupled to each other compared to the
coupling to the gates, the ratio will be small and small threshold values will be permissible - leading
to significant speedups. By contrast, when the dots are strongly coupled, only thresholds close to
one will not distort the charge stability diagram. Fortuitously, strongly coupled dots are poorly
described by the constant capacitance model, as effects such as tunnel coupling become important.

We motivate a method for determining the threshold in Appendices C.3.1 and C.3.2.

107



Open array Closed array

T T
[ E =100 ) —J— t=1.00
100 F—F— t=067 T A 3 100 F—— t=0.67
—F— t=0.33 | —F t=0.33

100 b —E— t=0.00 , 100 L~ t=000

Time (s)
Time (s)

1072 -% i 1072

107° J 107°
4 8 12 16 4 8 12 16

Number of dots Number of dots

Figure 34: (a-b) Benchmarks measuring the average computation time required by the rust core
to generate a 100 x 100 pixels charge stability diagram, with different thresholds, for increasing
numbers of quantum dots in both the open and closed regimes. The number of charges enclosed
for the closed array was set to the number of dots. The error bars denote two standard deviations.

6.6 Using QArray

To demonstrate the capabilities of QArray, I simulated the 20 charge stability diagrams, sweeping
different gate pairs for both an open and closed quadruple quantum dot array (Fig. 35). We
simulate the closed array with one, two, three and four holes confined within it. These charge
stability diagrams demonstrate the complexity presented by an array containing even a moderate
number of dots. Each panel was computed with a resolution of 150 x 150 pixels and took 10 ms to

compute using the Rust implementation of the default algorithm.

Beyond simply computing idealised charge stability diagrams QArray can simulate the response
from a charge sensor and account for the thermal broadening of transitions. Combined, these two
capabilities make it possible to generate simulations that look considerably closer to experimental

data.

Figure 36 (a) shows a measurement of the charge stability diagram of an open quadruple dot, using
a charge sensor performed by Delbecq et al. [145]. In Figure 36 (b), we attempt to reconstruct this

measurement in simulation using QArray with a resolution of 200 x 200 pixels.
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Figure 35: Charge stability diagrams of a quadruple dot device, as different combinations of gates
(indicated by red and blue gates in the diagram at the top of each column) are swept. We plot
these charge stability diagrams for open and closed quantum dot arrays, confining one, two, three
and four holes. The black lines indicate wherever the charge state changes.
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Algorithm Implementation Simulation time | Simulation time
Figure 36 b) (s) | Figure 36 d) (s)
Brute-force Python 4.6 137.6
Brute-force JAX 0.05 + 0.32 jit 21.1 + 0.4 jit
Default Python 4.92 18.1
Default JAX 0.09 + 0.8 jit 2.1+ 0.8 jit
Default Rust 0.10 0.71
Thresholded ¢ = 1/2 | Python 2.81 10.8
Thresholded ¢t = 1/2 | Rust 0.08 0.66

Table 3: The compute times for all the different implementations of the brute-force, default and
thresholded algorithms, to recreate plots b) and d) in Figure . For the JAX-based implementations,
we include the one-off jit compile time. For the brute-force algorithm, we used ny.x = 2 and 5 for
the open four-dot array and the closed five-dot array in b) and d), respectively.

Likewise, Figure 36 (c) shows the measurement from Mortemousque et al. [18] of the stability
diagram of a five-electron closed configuration within a five-dot cross-geometry array. It displays
a plot of a linear combination of charge sensor current derivatives for virtual gates 6V (affecting
left-right detuning) and §Vy- (affecting top-bottom detuning). In Figure 36 (d), we again recreate
it in simulation with a resolution of 400 x 400 pixels. In both cases, we achieved good agreement
between the simulation and the measurement visually. Of course, there are some discrepancies: the
constant capacitance model does not capture the curvature of transitions due to tunnel coupling
nor the possibility of the capacitive couplings between dots changing within the charge stability
diagram. The code to recreate these simulations is provided as examples within the QArray package.
Only some of the required capacitive couplings were reported in the manuscripts; the remaining
ones we estimated based on geometric considerations of the device layout and then adjusted them

manually to get the charge stability diagrams to match.

For both reconstructions, we used the Rust implementation of the default algorithm. However, we
could have used any implementation of any algorithm; the compute times are listed in Table 3. All

implementations of all algorithms produced virtually identical plots.
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Figure 36: (a) Adaptation of figure 2b from Delbecq et al. [145] showing the stability diagram of
a linear quadruple quantum dot array in the open regime as a function of the outermost pair of
plunger gates. (b) A recreation/extension of Figure 2¢ from Delbecq et al. [145], simulated using
QArray. Going beyond their original simulation, we can model the interdot transitions, thermal
broadening and the effect of charge sensing for closer correspondence between the simulated and
experimental data. (c) Adaptation of figure 3a from Mortemousque et al. [18] showing the stability
diagram of a five-electron configuration within a five-dot cross-geometry array. It displays a plot
of a linear combination of charge sensor current derivatives for virtual gates 6V (affecting left-
right detuning) and 0Vy- (affecting top-bottom detuning). (d) A recreation of Figure 3a from

o

Mortemousque et al. [18] using the QArray package.
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6.7 Effect of the threshold

As evidenced in Figure 34, the thresholding strategy can yield significant reductions in the compute
time by reducing the number of charge states evaluated to determine whether they are the lowest
in energy. However, using values that are too small for the threshold will introduce artefacts in the
charge stability diagram. Decreasing the threshold further will exaggerate these artefacts to the
degree that for ¢t = 0, all interdot transitions will be lost. We demonstrate this in Fig. 37 a), where

we simulate a double quantum dot with dot-dot capacitance matrix

caa=| . (6.8)

In this case, our empirical understanding of the threshold suggests the minimum value should be
the ratio of the off-diagonal elements to the on so tyi, = 0.2/1.4 = 1/7, this is confirmed by
plots e) and f) in Figure 37 being identical. For smaller but non-zero values of the threshold, the
charge stability diagram is distorted with the size of the interdot transition being suppressed with
decreasing threshold (Fig. 37 b-d)). In Appendix C.3.2, we motivate a formula for the minimum
value of the threshold ¢. In this case, the value suggested is more conservative at 0.202. While not
wrong, this value is quite a bit larger than what empirical intuition suggests; more work is required

to understand the thresholded algorithm fully.

In addition, even when the threshold is well above the minimum, the thresholding strategy appears
to introduce almost imperceptible distortions into the charge stability diagram. Figure 38 compares
the charge stability diagram produced by the Rust implementation threshold set to 1/3 with that
produced by the brute-force implemented in JAX for a quadruple dot. For the capacitance matrix
used in this simulation, our empirical understanding of the threshold value required to capture
the interdot transitions accurately is tn,i;n = 0.08, whilst the analytical formula gives 0.19. We

hypothesise that the thresholding exacerbates the error due finite precision of the OSQP solver.
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Figure 37: (a-e) Charge stability diagrams of an open double quantum dot produced by the
thresholded algorithm for threshold values smaller than or equal to the empirical minimum value
of 1/7 based on the capacitance matrix. The value of the threshold used in the simulation is stated
above in the plot. f) Simulated charge stability diagram with the thresholded algorithm, with the
threshold set to one, so it performs identically to the default algorithm.
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Difference

Figure 38: Diagrams illustrating the errors introduced by the thresholding strategy. (a) The
charge stability diagram of a four-gate quadrupled quantum dot device as a function of the left
and rightmost gates, in both the open and closed regimes, where four holes are confined. The
brute-force core was used to compute the charge stability diagrams. (b) Identical charge stability
diagram, but computed using the Rust core with a threshold of 1/3. (c¢) The pixel-wise difference
between the brute force and the Rust core. Black pixels indicate that the predictions differ.

For example, if a threshold of ¢ = 2/3 is used, the charge stability diagram is identical to brute

force.

In summary, more work is required to understand the implications of the thresholding strategy
fully. However, it is worth noting that these distortions in the charge stability diagram are next to
irrelevant when using the constant capacitance model to generate training data for neural networks
such as in references [96-98]. As effects we manually add to make the charge stability diagram
look more “realistic”, such as thermal broadening, measuring the charge stability diagram through
a charge sensor and noise, will entirely swap the distortions. And the speed of the thresholded

algorithm will allow for much larger more diverse training datasets.
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6.8 Summary and outlook

In summary, I presented garray, a software package that implements novel, better scaling algo-
rithms to find the ground state charge configuration dramatically faster than previous versions of
the constant capacitance model. With this speed comes the ability to simulate considerably larger
quantum dot arrays of the size which could considered scalable unit cells, as per DiVincenzo’s first
criterion. On top of this, we built the functionality to include the effects of charge sensors and

thermal broadening, allowing for the simulated scans to visually match those seen experimentally.

This model is freely available to download and use via the Python package index. I hope that
members of the community use it to better understand their charge stability diagrams so that it is of
use for their experimental effort. In addition, given that the model can reproduce experimental data,
it is possible to use it for offline testing of tuning algorithms. This will become particularly vital
for automating the operation of larger arrays, interpreting measurements, and navigating through
the high dimensional charge stability diagram. In addition, the speed and GPU acceleration aid
the creation of larger, more diverse training datasets for neural networks such as those used in Liu
et al., Kalantre et al., Zwolak et al. [96-98]. These datasets could lead to higher accuracy charge

state classifiers and, therefore, more successful automated device tuning.
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Chapter 7

Qubits and hidden Markov models

The hidden harmony is better than the

obvious.

Heraclitus
The work in the first half of this chapter was born out of a collaboration between the Australian
full-stack quantum computing company, Diraq, a colleague of mine, Brandon Severin, who was

based in Australia at the time, and myself. And it contributed to the publication:

Huang, J. Y., Su, R. Y., Lim, W. H., Feng, M., Van Straaten, B., Severin, B., Gilbert, W.,
Stuyck, N. D., Tanttu, T., Serrano, S., Cifuentes, J. D., Hansen, 1., Seedhouse, A. E., Vahapoglu,
E., Leon, R. C. C., Abrosimov, N. V., Pohl, H., Thewalt, M. L. W., Hudson, F. E., Yang, C.
H. High-fidelity spin qubit operation and algorithmic initialization above 1 K. Nature, 627(8005),

T72-777. https://doi.org/10.1038/s41586-024-07160-2

116


https://doi.org/10.1038/s41586-024-07160-2

7.1 Introduction

Assuming we could fabricate a large-scale semiconducting qubit chip, how would we control it? The
two options are to fit many control lines in the dilution fridge and control the chip using classical
control electronics located at hotter stages of the fridge (or even room temperature) or fabricate

on-chip control electronics.

Both these approaches have the same fundamental issue: heat. Classical control electronics produce
heat, whilst each line is a thermal connection to the hotter stages of the fridge. At milli-kelvin
temperatures, dilution refrigerators only have a few tens of micro-watts of cooling power to remove
this heat. Therefore, if you wish to operate your qubits at milli-kelvin temperatures, the thermal

budget severely limits the number of fridge lines and/or complexity of the in-situ control.

So why not operate your qubits at kelvin temperatures where the fridge’s cooling power is orders of
magnitudes greater? For superconducting qubits, the answer is that you cannot. A host of physical
effects, such as quasiparticle poisoning and excitation to the transmon’s higher energy levels, make
it impractical [146]. By contrast, for semiconducting qubits, it is possible, because quantum dot
charging energies are large, typically on the order of 10 meV and the qubits couple weakly to the
thermally activated charge noise. Over the last year, several papers have been published suggesting
that semiconducting qubits are not significantly degraded at higher temperatures. So-called ‘hot
qubits’ operate above 1 K, orders of magnitude hotter than the 10 mK base temperature of dilution

refrigerators [41, 147-151].

Leading up to this work, Diraq were performing a comprehensive study on the temperature tolerance
of two SIMOS electron-based Loss-DiVincenzo qubits hosted in a double quantum dot. Their qubits
showed remarkable tolerance to these temperatures, with single and two-qubit gate fidelities above
99%. However, as temperatures increased, qubit initialisation became non-trivial as there ceased
to be a cold bath for passive qubit reset. To circumvent this, Diraq developed an active reset

protocol. However, evaluating the fidelity of this protocol was proving difficult. They could not
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identify what was an initialisation error and what was a readout error. The problem was made
even more difficult by their observation that the measurement sequence had a finite probability of

causing a spin/charge state flip.

My contribution was to develop a hidden Markov model that could untangle SPAM errors and
measurement-induced spin flips. I thereby obtained the fidelity of Diraq’s initialisation technique -

which Diraq has since patented. This is discussed in the first half of the coming chapter (Sec. 7.2).

The second half of the chapter then explores whether hidden Markov models can be implemented
on FGPA to be used in real-time in the active initialisation process (Sec. 7.3). And whether this

approach has advantages over the method Diraq developed.

7.2 Hidden Markov models for fidelity estimation

Here, we present a machine learning-based method we named error-causation, which analyses a
series of repeated qubit measurements to extract the SPAM errors along with the probabilities that
the qubit state changes during or as a result of the measurement. Our method is based on a HMMs
[152]. However, this is not all our model can do; it can infer the true underlying spin state of the

system based on observed measurements.

We investigate the effectiveness of our method error-causation on simulated data. From this, we
conclude that it works and that the uncertainties in predicting initialisation, readout and spin-flip
fidelities are dominated by variance in the underlying data rather than the estimations performed by
the HMM. Then, we apply it to the experimental data from a Si-MOS device, obtaining initialisation

fidelities up to 99.34% at temperatures of 1K [153].
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Figure 39: a) An SEM image of a Si-MOS device similar to that used in this work. Active gate
electrodes and microwave antennae are highlighted in colour. By and B; with their corresponding
arrows are the external DC and the antenna-induced AC magnetic fields, respectively. The system
operates at a temperature of 1 K. b) A cross-sectional schematic of the device architecture (along the
dashed line in (a)) shows the material stack and the RF-SET sensor used to detect the corresponding
state of the double quantum dot defined by dots Q1 and Q2. c¢) Charge stability diagram as a
function of P1, P2 voltage detuning, Vp; — Vpo and the J gate voltage Vj, showing the operation
regime. The number of electrons in the left and right dot are given by m and n, respectively.
The operation points for readout (M), single-qubit (X, Z, I) and two-qubit controlled phase (CZ)
operation are labelled as star (%), triangle (a) and square (m), respectively. The insets schematically
show the operations that are performed at each position. Reproduced from Ref. [153].

7.2.1 Methods

The device

Experimental data was obtained from two qubits realised in a Si-MOS gate-defined double quantum
dot device (Fig. 39 a)). The plunger gates, P1 & P2, form the quantum dots beneath them, the .J
gate-electrode controls the coupling between the quantum dots. An odd number of electrons were

loaded into each dot. The unpaired electrons on each dot are operated in the two-qubit basis of
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[ 5 [41) 5 1), [11), with 1 and | signifying spin up and spin down respectively. States where the
spins of the electrons are parallel are referred to as ‘even’, for example, |||} and [171). States where

the spins of the electrons are antiparallel are referred to as ‘odd’, for example, |[[1) and |1]).

The states were measured via parity readout, a method based on PSB (Sec. 2.3) [62] . A rf-SET
operating at 210 MHz was used for readout of the spin states. Even states correspond to a blockade,
resulting in a relatively low signal on the rf-SET, whereas odd states correspond to an unblockaded
portion of the PSB region and, therefore, a relatively higher signal on the rf-SET. By setting a
threshold for the rf-SET signal, even and odd states are classified and assigned binary values of
1 and 0, respectively. The classification data is then analysed a posteriori by a HMM, from the

Python Package hmmlearn [154], to extract the state preparation and measurement errors.

Applying HMMs to our problem

To estimate the SPAM fidelities, we utilise a categorical HMM where the hidden state space is the
qubit parity states, such that so <> [}]) or |[11) whilst s; <> |}1) or |[1l). The observation space
is the measurement outcomes (after a threshold has been applied to the RF-SET data) such that
mo and m; represent even and odd parity measurements, respectively. The initialisation fidelity is
encoded in the initial probability vector, so if Pt even (Pinit odd ) denotes the initialisation fidelity
into an even (odd) state, then

. -Pinit even
= . (7.1)
Pinit 0dd
where the probabilities of initialising into an even or odd state are complementary such that

Poit odd = Pt even := 1 — Piit even. Furthermore, if the fidelity of reading out the even and

odd states are Pread, even a0d Pread, odd, then the emission matrix is

P read, even P read, even

0 = . (7.2)

}Dread7 odd Pread7 odd
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And finally, if Psven—odd and Pyqd_seven denote the probability of a measurement causing a transition

from the even to odd state and vice versa, then the transition matrix is

Pevenﬁeven Peven—>odd

M= . (7.3)
Podd—)even Podd—)odd

Fitting the HMM

With this model defined, the Baum-Welch algorithm was used to fit it to the experimental ob-
servations, yielding best fitting the initialisation probability vector, 7, transition matrix, A, and

emission matrix, 6.

To quantify the uncertainty in these parameters, we used the Cramér-Rao bound [155], which states

that if est (g(gj’) is an unbiased estimate of the parameters (E given the data ¥/, then

cov g (estg(gj')) >1 ((E, g’)_l (7.4)

-,

where I(y]¢);j = —0*log L(qﬂyj)/ﬁ@-@@ is the Fisher information matrix, whilst L(#|$) is the like-
lihood. Therefore, we can obtain lower bounds on each parameter’s uncertainty from the diagonal
elements of the inverse of the Fisher information matrix. This means that the uncertainty in the es-
timate of a particular parameter is inversely related to how sharp the maximum of the log-likelihood
is. In our case, the parameters ¢ = [Piit, evens Pread, evens Pread, odds Pevensodds Podd seven]” and the
data is the measurement observations, such that i/ = m. These values were chosen to be approxi-
mately the values observed experimentally. The Forward-Backward algorithm is used to compute
the likelihood of a set of measurements given a set of parameters, L(gz?; m), and the gradients are

calculated numerically using finite differences.

This method for quantifying uncertainty, in effect, uses a Laplace approximation around the max-

imum likelihood solution. In the field of machine learning, this can be regarded as rudimentary
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compared to modern methods like MCMC and variational Bayes, which produce full posteriors,

including uncertainty, as part of their operation. That said, the rudimentary method worked.

Once the model is fitted, we can use the Viterb: algorithm to find the most likely sequence of hidden

qubit states based on a sequence of measurements.

7.2.2 Results

In the following sections, we describe the results of the simulated and experimental data.

Simulated results

To test and verify the performance of our method, we generated simulated parity readout measure-
ment outcomes, with the aim of the simulated data set possessing similar qualitative characteristics
to that of the real data from the Si-MOS device (Fig. 43). The simulated data was created using a
Markov process with Piit even = 99.00 %. The spin-flip and readout probabilities were set to 1.00 %,
2.00 %, 99.50 %, and 99.00 %, for Peven—sodds Podd—evens Pread,evens ald Pread odd respectively. The
(predicted true) underlying states by the HMM from the simulated data are compared to the ground
truth simulated states; the HMM demonstrates high accuracy as shown by the small number of

incorrect predictions by the HMM in Fig. 43 (f)).

Parameter
Ijinit, even Peven—mdd Podd—>even F)read7 even Ijrea,d7 odd
Ground truth value 0.9900 0.0100 0.0200 0.9950 0.9900
Starting guess value 0.9000 0.1000 0.1000 0.9000 0.9000
Baum-Welch fitted value | 0.9899 0.0097 0.0217 0.9949 0.9899
Uncertainty 0.0033 0.0008 0.0040 0.0006 0.0029

Table 4: A table containing the ground truth values of the HMM used to generate the data-set
of 1000 repeats of 20 measurement sequences. The table includes the starting guesses used when
the Baum-Welch algorithm is used to fit to this data-set, the values the Baum-Welch algorithm
converged to and the corresponding uncertainties as per the Cramér-Rao bound.
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Figure 40: Histograms of the values fitted by the Baum-Welch when supplied 1000 randomly
generated datasets, each consisting of 1000 repeats of 20 measurement sequences. In addition, the
ground truth value used to generate the dataset and the expected uncertainty, as per the Cramér-
Rao bound, are overlaid as a vertical line and error bars, respectively. The distributions of Pnit, even,
Peven—sodd & Podd—seven and Pread,even & Pread, odd are shown in (a,b,c) respectively.

The performance of the Baum-Welch algorithm of the HMM and the parameters used to generate
1000 repeats of 20 PSB measurements are shown in Table 4. The Baum-Welch algorithm requires
prior guess values to the respective probabilities before performing a fit, all of which were on
the order of 10 % away from the ground truth values. The fitted values output by the Baum-
Welch algorithm and their corresponding Cramér-Rao bound uncertainties are consistent with the
ground truth probabilities, such that the ground truth value fell within the one standard deviation

uncertainty 2/3 of the time.

We checked the reliability of our measure of uncertainty by generating 1000 data sets of 1000 repeats
of 20 measurement sequences. We plotted histograms of the initialisation, spin-flip and readout
probabilities output by the Baum-Welch algorithm in Figure 40. The same ground truth values
(Tab. 4) were used for each data-set and are shown by the dashed vertical lines in Fig. 40. The

horizontal error bars correspond to one standard deviation computed by the Cramér-Rao bound.

We investigated the dependence of the Cramér-Rao uncertainty bounds on data-set size (Fig. 41).

We computed the log-likelihood of each state probability parameter from increasing fractions of
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Figure 41: (a-e) Slices through the log-likelihood landscape for the Hidden Markov model detailed in
table 4 generating a data-set of increasing fractions of a data-set of 1000 repeats of 20 measurement
sequences. From top to bottom, the curves correspond to 10%, 20%, ..., 100%. The ground truth
value used to generate the data-set for each parameter slice is overlaid as a dashed line. And for
each data-set size, the most likely parameter value and its corresponding uncertainty are plotted

as a point with error bars.
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Figure 42: Schematic representing the measurement sequence and state reconstruction. The initial
state so (even or odd) is prepared via algorithmic initialisation and then n PSB readouts are
performed throughout which the state evolves to s,,. SPAM error analysis is performed on the PSB
readout measurements mj...m,, using a Categorical Hidden Markov model enabling predictions
of initialisation, Py, readout, Pre.q, and state change (or spin-flip), Peven—sodd and Podd—seven,
fidelities. Using the model, the underlying state and corresponding PSB measurement probability
can be reconstructed, Pyjockade- Reproduced from reference [153].

a simulated data-set of measurement traces, 1000 repeats of 20 measurement sequences. The
most likely parameter values (corresponding to the log-likelihood maxima) and their respective
Cramér-Rao uncertainties were calculated for each corresponding sub-sample of the data-set. The

Cramér-Rao uncertainties decrease with increasing data-set sizes across all SPAM parameters.

Experimental results

Repeated parity readout was performed on the Si-MOS device at a temperature of 1 K and a By
of 0.79 T for twenty iterations, n = 20, and the Hidden Markov model was used to reconstruct the
states and perform state preparation and measurement error analysis (Fig. 42). Using the algorith-
mic initialisation developed by Diraq and presented in reference [153] the qubit was initialised into

the even state (|]J)) or the odd state (|1J)), and 20 repeated readout cycles were performed. Using
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the Hidden Markov model we can infer the state preparation, P, measurement, Pe,q fidelities
as well as reconstruct the underlying qubit states based on the measurement outcomes mji...my.
Additionally the probability of respective state changes, Peven—sodd and Podd_seven- Lhe initialisa-
tion fidelities were inferred as 99.34 4 0.27 %, 94.67 £ 0.73 % for Piit,even and Pinit odd respectively.
The readout fidelities were inferred as 99.34 4 0.08 %, 96.15 + 0.44 % for Prcad,even and Pread odd
respectively. The probability for a spin flip occurring, Peven—odd and Podd—seven, Were inferred to
be 2.594+0.13 % and 1.97 £ 0.30 % respectively. The probability of PSB occurring, Pread even, based
on state reconstruction increases from 99.2% to 99.3% when n = 5 and initialised into the even
state. Conversely, Pread even decreases from 5.8 % to 5.1 % at n = 12 when the system is initialised

into the odd state.

The presence of these spin flips can be attributed to the finite 77 time at the PSB point of 1.36+0.06

ms and the small diabacitiy of the readout pulses.

7.2.3 Discussion

We can be confident in the SPAM parameters achieved in the Si-MOS device, Fig. 42, given our
relatively low levels of uncertainty on simulated data where we can check the predicted states against
the ground truth (Fig. 43). The use of HMMs for SPAM error analysis relies on the assumption that
the qubit spin-flip behaviour is Markovian. This appears to be true and a reasonable assumption
to make up until the limitation of qubit 7T} times in the device, which likely takes effect in the later

stages of the PSB measurement sequences from n > 20 (Fig. 43).

In both the simulated and real data-set SPAM analysis, we see relatively high values of uncertainty
for P (Fig. 42 & Tab. 4). This is because, relative to the other events, such as spin-flips or
readout, initialisation only happens a limited number of times. Therefore, fewer statistics result in
relatively high uncertainty. Whereas, Pead even has the lowest uncertainty out of all the parameters

as there as so many readout examples to observe.
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Figure 43: Experimental and simulated parity readout measurement outcomes and predicted states.
a) Real parity readout measurements from the Si-MOS device. b) HMM Predictions of the true
underlying hidden state. ¢) The difference between the measured state and the predicted state. d)
Simulated parity readout measurements generated by the Hidden Markov model for even initial-
isation. e) The predicted true underlying hidden states of the simulated data. f) The difference
between the measured state and the predicted state.

Approximately two-thirds of the predicted SPAM parameters for the simulated data, by the Baum-
Welch algorithm, fall within a single standard deviation of the ground truth set by the Cramér-Rao
bound (Fig. 40). This confirms that the Cramér-Rao bound is a suitable measure of uncertainty
and hints that the source of uncertainty is not due to the Baum-Welch fitting process but to the
underlying randomness of the generated data. Such that the variance in the parameters if we were
to use the Baum Welch algorithm to fit the same data, repeatedly with different starting conditions,

would be considerably smaller.

Additionally, we see the Cramér-Rao bound decrease with increasing data set size, Figure 41,

providing further support for its use as a suitable measure of uncertainty. Empirically, for large
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data sets, a parameter’s uncertainty e scales with the data set size, N, such that e o N~1/2,
Moreover, the decrease in uncertainty is reflected in the log-likelihood maxima becoming sharper
with increasing data set size. As demonstrated in both the real and simulated data sets (Figure 42
& Tab. 4), parameters for which there are not abundant examples to train from such as P and
Podd—even have relatively wider Cramér-Rao bounds than other parameters even with larger data

sets (Fig. 41).

7.3 Hidden Markov models for active reset

If your qubit is in a cold bath, reset is trivial: wait. After a few multiples of the qubit’s 77 lifetime,
the qubit will have relaxed to its thermal ground state, which, to a good approximation, is the

ground state. This is known as passive reset.

However, for Diraq’s hot qubits, there was no cold bath, and their 7} time was milliseconds, meaning
passive reset was inappropriate. Therefore, they needed to perform an active reset - where the qubit

is forced into the ground state by a sequence of measurements and pulses.

The active reset sequence for the Diraq’s pair of Loss-Divinchezo qubits discussed previously is
outlined in Fig. 44 a). In steps 1 - 3, the qubits are repeatedly loaded in a thermally mixed state;
then their parity is measured. This is repeated until they are determined to be in an even parity
state. In steps 4 - 6, a CNOT gate is applied to the even parity state; then the parity is measured
again. If the parity is again even, the initialisation is complete. Otherwise, it has to be restarted.
The time taken for each of the operations in the initialisation protocol is listed in Fig. 44 b) - with

the integration time for parity measurements dwarfing the time cost of all other operations.

This reset protocol is, in effect, a filter. If and only if both qubits have their spin down at the end
of step 1, will the algorithm reach step 7. Otherwise, one of the parity measurements along the

way will yield an odd parity, and the algorithm will be restarted at step 1. Therefore, the expected
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Figure 44: a) The full protocol of the algorithmic initialisation of a two-qubit system based on
parity readout. In steps 1-3, the qubits are repeatedly loaded in a thermally mixed state; then
their parity is measured. This is repeated until they are determined to be in an even parity state.
In steps 4-6, a CNOT gate is applied to the even parity state; then the parity is measured again. If
the parity is again even, the initialisation is complete. Otherwise, it has to be restarted. b) A table
indicating the time required to perform each qubit operation. The ramp times to perform a load
and readout ramp are fjpad ramp @nd fread ramp- The integration time required to distinguish the
parity states is tintegration- LThe time to perform a 7/2 X single qubit rotation or a C'Z two-qubit
gate is is tx(r/2) and oz
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number of iterations is given by

E[Niter] = Zp¢¢(1 — pii)n—ln = 1/p\u. (75)

n=1
where p|| denotes the probability both qubits are spin down following step 1.

In the next section, we develop a “greedy” algorithm based on a hidden Markov model to perform

active reset faster than the Diraq algorithm.

7.3.1 Methods

Our protocol uses a hidden Markov model to track and update a posterior probability distribution
for which spin state the qubits are in. This probability distribution is updated based on the outcome
of parity-based measurements and on which qubit operations the algorithm has decided to enact.
Based on this posterior, the algorithm decides the next qubit operation based on the most likely
spin state after the action. This repeats until the posterior probability that the qubit is in the
ground state is sufficient. The algorithm is terminated at this point, and the qubit is initialised.

The protocol is discussed in the next section.

The protocol

Here, we define the HMM model required to track the posterior probabilities and detail the protocol.
For two qubits, there are four possible spin states, |[]), [T]), [{1),[T1), therefore, we use a hidden
Markov model with four hidden states. To capture the essence of parity readout, we use only two
observation states corresponding to spin parity: even and odd. So, our emission matrix takes the

form

5 _ |plevent[10) peven| 1)) pleven! [11))  pleven][11) | (7.6)

plodd[[1]))  plodd[[{1))  plodd[[1])) p(odd]|11))
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The transition matrix is where we depart from a traditional HMM implementation - because we
need more than one. We need one for each of the possible qubit operations allowed to be chosen

by the protocol, which will be:
1. a CNOT gate,
2. an X gate on either qubit, followed by a CNOT,

3. An X gate on both qubits, followed by a CNOT.

However, it is important to distinguish that the transition matrix we attribute to each operation en-
codes the transformation of probabilities caused by the operation followed by a parity measurement.
This is important as parity measurements are demolition measurements, as after the measurement,
the unblocked odd parity state can be reloaded in either of the odd spin states. Notationally, we
will denote each of these transition matrices as I1* where a € {I, X1, X2, X1 ® X2} := A, dropping

the CNOT operation common in all cases.

This posterior probability distribution can be obtained iteratively according to the update rule

4
T o O anjw;‘ . (7.7)
j=1
where 70 encodes the prior knowledge about the qubit’s spin state before the protocol starts. If we

do not know anything about the spin state, we can set the prior probability vector @ to have an
equal probability in every state (in this case, 1/4). However, having so little knowledge would be
strange, as typically, qubits are measured and then reinitialised, so we should know the parity of
the qubits. So, in principle, we could encode this in the prior probability vector to save the protocol

the cost of the first measurement.

Now that we have defined the hidden Markov model, we can define the rule to choose the next
action. The strategy is simple: perform the necessary single qubit operations to turn the most

likely qubit state in the posterior probability distribution into the |]]) spin state and then perform
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a CNOT operation, see Tab. 5.

Most likely state Chosen action

W CNOT

3T CNOT ®X,

T CNOT ®X;

™~ CNOT ®X, ® X

Table 5: A table summarising the action chosen by the HMM-based protocol for each spin state.

The algorithm chooses to terminate once a sufficient posterior probability that the qubits are in
the |}J) spin state. We will denote this threshold tierm € [0, 1], so that the algorithm terminates

when

7711 > tterm- (78)

Gaussian HMMs

In the protocol described above, we used a categorical HMM, which necessitated us classifying the
data beforehand. We can adapt our algorithm to take the unclassified raw demodulated in-phase
voltage for the rf-set by using a Gaussian HMM. This is an example of soft-decoding, which has

been shown to be beneficial [156].

Gaussian HMMs do away with the emission matrix and instead use a Gaussian distribution where
the mean and standard deviation are conditioned upon the hidden state, such that P(I|h) =
N (I; pp, o). We capture how parity measurements cannot distinguish the even spin states from
one another by setting ps = pyy. Likewise, for the odd parity states and the standard deviations.

For the Gaussian Hidden Markov models, the update rule, based on Bayes rule, is

7 o N(I; gy, o) (ZHU ]). (7.9)

Everything else to do with the protocol remains unchanged.
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FPGA implementation

This section discusses implementing the protocol on the Quantum Machines OPX. Speaking reduc-
tively, the protocol consisted of a few matrix multiplications, array summations and one argmax.
This functionality is shipped as standard as part of Quantum Machines qua or can be easily im-
plemented in macros. As a result, implementing the algorithm was a simple matter of translating
the formula discussed above into qua. So, for brevity, we will cover only the problems encountered

along the way - rather than the implementation details.

FPGASs generally do not support floating point numbers; the more rudimentary fixed point format
represents non-integer numbers. In particular, qua uses the 4.28 format, where 32 bits represent
the number with one sign bit, three integer bits and 28 fractional bits. As such, these fixed-point
numbers can represent the range (—8,8] in steps of 272 ~ 4 x 107°. The advantage of this
format is that addition and subtraction can be performed in one clock cycle or 4ns. In contrast,
multiplication takes four clock cycles or 16 ns. And finally, the division is expensive, taking 96 clock

cycles or 384 ns.

Unfortunately, our protocol necessitated a division, and the clock cycle overhead was incurred. This
made it necessary to rescale the posterior probability vector 7 as calculated according to Eqs. (7.7)
and (7.9). We avoided this overhead by computing the most likely spin state on the unscaled

probabilities. Then, the renormalisation was performed concurrently with the next pulse sequence.

The fixed-point number format introduced another issue in computing our Gaussian probabilities
in equation (7.9). This computation necessitated evaluating (I — u)?/20%; however, for |I —pu| > 4o
this will cause an overflow, as assigning a value will be larger than eight. If this were to happen,
the value would be modulo 16 unsigned, such that 9.0 — —7.0. To avoid this, we clipped the I
values so they could not exceed four standard deviations from the mean. Such events only occur

0.1% of the time, so this carried a negligible performance penalty.
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Operation Fidelity (%)
X1, X5 99.85
CNOT 98.82
Readout even 99.34
Readout odd  96.15

Table 6: A table summarising the fidelity of different operations used to simulate the active reset.

7.3.2 Results

Here, we describe the results associated with the active reset protocol. Unfortunately, the results in
this section are only simulated - however, the qua code was written and working (up to unforeseen

experimental issues).

For the simulation, we use the single X gate fidelities, CNOT fidelities and readout fidelities pre-
sented by Huang et al. [153] at 1 K. They are summarised in the Table 6. The achieved fidelity and
the average number of required measurements are presented in Fig. 45. The categorical and Gaus-
sian HMM-based protocols achieved higher fidelities than the Diraq method - in some cases using
fewer measurements. The steps in the categorical hidden Markov model approach initialisation fi-
delity and an average number of parity measurements are due to the increasing threshold requiring
a greater number of consecutive measurements of even parity before it is sufficiently confident to

terminate.

However, evaluating the effectiveness of the HMM protocol with these relatively good readout
fidelities hides its true merit. It should be able to combine the knowledge of the outcomes of
multiple measurements to compensate for poor readout - but only when needed. Therefore, to
investigate this, we evaluated its performance as a function of the simulated integration time,
assuming the signal-to-noise ratio was proportional to t;l%/ 2, where tiy¢ is the simulated integration

time (Fig. 46).
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Figure 45: a) A plot showing the initialisation fidelity achieved by the categorical and Gaussian
hidden Markov model-based reset protocols as a function of the termination threshold, tierm. Over-
laid as a dashed line is the fidelity the Diraq protocol achieves for active reset. b) The average
number of measurements required by the protocols. The average number of measurements the
Diraq method needed is overlaid as a horizontal line. The protocol’s wall clock time is simply the
product of the average number of parity measurements multiplied by the integration time, to a
good approximation.

135



a
(1).00 T T

~
=)
=~
—~
g}
~

7)) A

= A 5 £ g
© I | 5 g 5 — L ! ‘
S S 5 = g Y A i
E 098 b 4 = a2 120 ! !
g s 32 =g - 1 1
2 - : £ 8 =2 ‘ ‘
< (5] = s
2 2 E %5
I 52 SO 1004 1
= — (5] i
N S, - <
E 0.96 < (=¥ E Gaussian HHM
! === Diraq
——— -] | |
20 40 20 40 20 40
Intergration time [us] Intergration time [us] Intergration time [us]

Figure 46: a) The initialisation fidelity achieved by the Gaussian HMM protocol for reduced
parity measurement integration time. b) The average number of parity measurements required as a
function of the measurement integration time. c¢) The average total protocol duration as a function
of integration time. In plots a-c), the fidelity, average number of measurements and total protocol
duration are presented for the Diraq method with an integration time of 50ps is shown by the
horizontal dashed line.

7.3.3 Discussion

Both the Categorical and Gaussian hidden Markov models achieved higher initialisation fideli-
ties and often in fewer measurements than the Diraq protocol (Fig. 45). The advantage of the
HMM-based protocols becomes more apparent when we reduce the integration time (Fig. 46). The
protocol can compensate for the reduced readout fidelity by combining the outcomes of multiple
measurements; therefore, the initialisation fidelity is not reduced, Fig. 46 a-b). However, the in-
crease in the number of measurements is overshadowed by the reduction in the integration time,
such that the total duration of the protocol decreases. Therefore, the Gaussian HMM-based pro-
tocol can initialise the qubits in the ground state with greater fidelity and in less time than the
Diraq protocol - achieving a 99.3% initialisation fidelity compared to the Diraq’s simulated 98.8%.

This was possible in as little as two-thirds of the time.

136



7.4 Conclusion

We successfully demonstrate using a HMM to perform SPAM error analysis on Pauli spin blockade
measurements from a Si-MOS device at a temperature of 1 kelvin, achieving initialisation and
readout fidelities of 99.34 %. We verified the use and performance of our HMM for SPAM error
analysis on simulated data. We extracted the ground truth simulated states while achieving SPAM

probabilities and respective uncertainties that provide confidence in our method.

The lightweight nature of HMMs lent itself to being implemented on field-programmable arrays,
enabling fast active reset of qubits at elevated temperatures based on online measurements and live
signal processing. Finally, we presented simulated results that suggest HMMs could find applica-
tions in this area. Such developments are vital contributions to the growing drive towards rapid
cryogenic stage on-chip multiplexing, signal processing and control of quantum devices [157-163],
an inevitable evolution to achieve a universal fault-tolerant quantum computer based on spins in

semiconductors.
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Chapter 8

Conclusion

To succeed, jump as quickly at

opportunities as you do at conclusions.

Benjamin Franklin

8.1 Looking back

In the earlier sections of this thesis, I emphasised the criticality of scalability within DiVincenzo’s
framework, highlighting the necessity for a scalable unit cell that could be seamlessly tuned. Con-
currently, I underscored the inadequacy of transport measurements in meeting the readout criterion,
thus advocating the adoption of radio-frequency measurements. Relying on transport measurements
for tuning only to render them obsolete post-tuning is wasteful and hinders chip scaling, given the

inherently limited scalability of transport measurements compared to radio-frequency techniques.

I introduced the first automated tuning algorithm to address this challenge, exclusively utilising

high-bandwidth radio-frequency measurements. This algorithm represents a paradigm shift in tun-
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ing methodologies, significantly reducing measurement costs while leveraging swift measurements
alongside Gaussian processes, hypothesis tests, and a custom score function. Next, I developed
another algorithm on this path that completely automates a charge sensor’s operation. So that
charge-sensing measurements can be incorporated with tuning algorithms without the issues associ-
ated with having them fall out of tune. I hope my work contributes to the transition towards tuning
exclusively with rapid radio-frequency measurements. This advancement can stimulate exploration
into innovative and more scalable architectures within the community, further advancing the field

of quantum information processing.

Then, I introduced an implementation of the constant capacitance model, which can scale to sim-
ulate considerably larger devices. This tool will aid in developing new devices where the charge
stability diagrams become increasingly complex. This model’s utility increases as device quality
improves and variability decreases. This will reduce the difficulty of the coarse tuning problem,
such that defining quantum dots might be a case of setting predetermined gate voltages. However,
this is unlikely to take the device to immediately correct the charge state - fine tuning will be

required. My capacitance model is helpful in developing these tuning strategies and offline testing.

Finally, I used hidden Markov models to untangle SPAM errors from spin flip errors in hot qubits.
The ability to do so will help us better understand the sources of these errors and ultimately
eliminate them. These hidden Markov models were then applied to the active reset problems,

showing promise according to simulations. However, the proof is in the experimental demonstration.

8.2 Looking forward

If I had another year, I would like to use QArray for its intended purpose: to generate a vast dataset
to train a neural network to interpret charge stability diagrams to identify charge transitions,

particularly the interdot transitions. This capability would immediately open up many possibilities.
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In particular, we could use it to calibrate virtual plunger and barrier gates automatically. Virtual
plunger gates are designed only to alter a single dot’s potential. Virtual barrier gates change a
barrier’s potential without thickness without changing any of the dot’s potentials. Such a virtual
gate calibration is the natural successor of the charge sensor compensation work, where we, in
effect, defined virtual gates that change the device dots’ potential without affecting the charge

sensor potential.

With the ability to calibrate virtual gates, I would automate moving through the change stability
diagram to find a particular charge regime and then search for Pauli spin Blockade. I envision an
algorithm that would move through the charge stability diagram until it finds the last transitions.
It would then step back one charge transition and focus on the (1,1) — (0,2) interdot transition.
With the calibrated virtual gates, it could then adjust tunnel barriers and sensor dots until it found
PSB, where PSB could be identified by looking for latching at the interdot, which is sufficiently long-
lived to be associated with charge. QArray already has the functionality to generate the latched

charge stability diagrams required to train a neural network to identify PSB in this manner.

I would also like to explore tuning quantum dots in the isolated or closed regime [18]. In this regime,
there are no transitions to the leads, which greatly reduces the number of charge transitions in the
charge stability diagram. This might make it drastically easier to develop an automated tuning
algorithm to navigate the charge stability diagram to find the (1,1) — (0, 2) transition, where PSB
could be found. However, in the isolated regime, it is less clear how to define useful virtual gates.
A virtual gate, which raises the potential of a single dot, will cause charges to leave that dot to any
of the other dots. It may be the case the most useful virtual gates are “detuning” gates, which raise
the potential of one dot and lower another, such that charge transitions are guaranteed to be from
one to the other. Is it possible to automatically calibrate these gates? Are they the most useful?
I hope QArrays ability to simulate large dot systems in the isolated regime will help answer these

questions.
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A final avenue I would like to consider is how one would go about tuning larger arrays, in particular,
tuning subsections in parallel. This work is the natural extension of the RF tuning work, where 1
tuned as fast as possible by reducing the measurement cost by exclusively using fast measurements.

However, such a method will not scale to larger arrays if it has to be done sequentially.

Looking forward, I am hopeful that semiconducting chips will close the gap with the other qubit

implementations. The automated tuning effort will continue to grow bigger, better, and faster.

Thank you for reading.
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Appendix A

Experimental setup

A.1 Impedance matching

To match the device impedance to the line impedance of 50 {2, we build it into a matching circuit.
The circuit constitutes an LC resonance circuit made from an inductor, L and a capacitor Cjy.
However, parasitic capacitances to the ground are present in the sample board; we model these as
a capacitance (), in parallel with the device impedance, see Fig. 10. The impedance of this circuit

is

. 1 Rdev
VA4 = jwlL
load = kb + 1wCy + 1+ iCUCdeeV7

(A.1)
where Rgey is the device resistance. This simplified model includes just the idealised versions of
the circuit elements, removing, for instance, the capacitance and resistance of the inductor and the
parallel resistances of the capacitors. The exclusion of these parameters simplifies the analysis but

does not significantly impact its conclusion. To simplify further, since Rqey > 1 and C), > Cy, we

can remove the term including Cy to return

Rdov

Aoad = twL + —————
load 1+ iwCp, Ryey

(A.2)
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At the resonant frequency, the reactive component of this circuit’s impedance vanishes, such that

Im(Zi0aq) = 0, we will derive this frequency. The reactive component of the impedance is

1 wR%. C
Im(Zioaq) = wL — - dovP =0 A3
m{Zioaa) = wlh =5 =17 W*R2,,C2 (A-3)
Rearranging and dividing through by wL yields
1 1
1= — A4
w?LCy  (L/R%,,Cp) +w?LC, (A4)

Now we typically operate in a regime where L/ (RZEUCP) < 1 allowing us the approximate solution

1 1 1 1
res ~ - | A~ - | ‘= —_—. A.
w J 3 (Cd + C,,) \Zc, (4.5)

where C)| indicates the parallel combination of the decoupling capacitor and the parasitic capac-

of

itances. In most cases, we would expect the paralytic capacitance to be much smaller than that

of the decoupling capacitor, such that C};, < Cg, meaning that the parasitic capacitance sets the

wres ~ 1/,/LC, (A.6)

If we consider small deviations away from this resonant frequency, such that w = w, + Aw, the real

resonant frequency and

part of this equation simplifies to

Rdev

Re(Zload) = —1 T W2CI%R(21 (A?)
Rdev
~ A.
FCHR,, o
L Aw
= 1-2 A9
RdevCP ( W > ( )
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where we have used the w ~ w,, which when combined with A.6 allows us to deduce that

w?C%R3,, > 1. By similar analysis, the imaginary part of Eq. A.2 becomes

1 C,R?
Im(Zaa) = wL — wCy 1 fwgcgzﬁev
~wl — %1;%;
L/1 1
=wl — o (CP - Cd>
= L(wy + Aw) — C’|(wr1+ Aw)

With rearrangement and approximation based on Aw/w, < 1, we can express

L Aw
I (Zioad) = 2| — —.
12 Zicad) Cy wr

Combining the real and imaginary parts, we reach the equation

Aw | L Aw L
Zload == Reﬁ <]. -2 o > + 21 Cin o where Reﬁ‘ == m

(A.10)

(A.11)

(A.12)

(A.13)

(A.14)

(A.15)

Therefore, at resonance, the reactive component of the matching circuit vanishes, and the remaining

resistive component is given by Reg. We use this formula to match the impedance of the circuit to

the line impedance of Zy = 50€). Considering Eq. A.1, we can rearrange to show that the device

resistance at which the matching circuit’s impedance is Zy = 502 is

L
Rmatching = m

(A.16)

By using our knowledge of a device’s resistance in a given regime of interest, we can chose the

matching circuit’s components that result in the matching condition being met in the regime of

interest.

163



Changes in the device’s capacitance (modelled by Cp) and its resistance (Rqey) perturb the load’s
impedance from the approximate 50 () that is set by the choice of circuit parameters. As a result,
we are in the regime where |dI'/dZpaq| > 0, and we can obtain information about the device’s

resistance by measuring the change in reflected signal power and phase.
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Appendix B

All rf-based tuning

B.1 The discrete-time Fourier transform’s noise characteristics

If Z e CNXM jg 5 complex dataset of NM elements and N € CN*M i the corresponding gaussian
noise, where each element is complex-normally distributed such that N;; ~ CA(0,0n) (meaning
that the real and imaginary parts of elements of N are independently normally distributed with a

mean of zero and variance of 0%;/2). Then
DTET(Z + N, ~ CN (DTFT([Z]sy, 0n/VNM) (B.1)

where DTFT]-] is the discrete-time Fourier transform. Therefore, the noise is suppressed by a factor
of 1/v/NM in the discrete-time Fourier transform. This can be shown by using the additive nature
of the discrete-time Fourier transform. We can write DTFT[Z_' +N lsy = DTFT] _'] 5y + DTFT[N 16+
where the time-discrete Fourier transform of the noise N is
1 N oM
DTFT[N ——> e —2mi(viatiyb) iy (B.2)

NM a=1b=1
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As the complex-normal distribution is circularly symmetric the multiplication by the complex phase
factor, exp(—27rz'(u§“"a + v b)), leaves the distribution unchanged, thus eXp(—Qm‘(yg”a + Y b)) Ngp ~
CN(0,0n), which means that DTFT[]\_f |5y can be regarded as the mean of NM samples from a
complex-normal distribution. The central limit theorem predicts that this mean will be distributed
according to DTFT[N lsv ~ CN(0,0n/V/NM). As there is no uncertainty in the Fourier trans-
form of the noiseless signal, Név the sum of the Fourier transform of the signal and noise will be

distributed according to equation B.1.

B.2 Separated confusion matrices for Devices A and B

This appendix section presents the confusion matrices for the score function applied to scans from
devices A and B.

Table 7: Confusion matrix for device A.
Device A (%) Expert Classification

Non-double Imperfect Satisfactory

dot double dot  double dot
score < 0.04 96.96 0.93 0.00
0.04 < score < 0.08 0.19 1.43 0.06
score > 0.08 0.00 0.11 0.30

Table 8: Confusion matrix for device B.
Device B (%) Expert Classification

Non-double Imperfect Satisfactory

dot double dot  double dot
score < 0.04 96.93 0.89 0.00
0.04 < score < 0.08 0.30 1.41 0.09
score > 0.08 0.01 0.10 0.27
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Figure 47: The highest-scored double dot features found by the algorithm by the end of each hour-
long tuning session performed on devices A or B, labelled in the top corner. For scans taken in
device A (B), the horizontal and vertical axis are gates Va (V) and Vj (Vi) respectively, both of
these gate voltages are swept over a 100 mV range.

B.3 Outcomes from the hour-long tuning sessions

The highest scoring of the double dot features found by the algorithm in each hour-long tuning

session (Fig. B.3).
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Appendix C
QArray

C.1 Positive Definite Proof

This section proves that the cqq is positive definite, making the optimisation problem convex.
Theorem C.1.1. For any set of capacitances between nodes such that c;; Vi, j are real, non-negative

and c;j = cj; the Mazwell matriz CM ¢ R(Maortngare) X (aortngate) s defined as
Cz]y = (Z Cik) 51'3‘ — Cij(l — 513) (Cl)
k

Let C € R otx"dot pe the upper left block of CM. C is positive definite assuming the physical case

of every dot being coupled to at least one gate, namely Vi3j > ngy such that c¢;; > 0.

Proof. A matrix A € R"™ ™ is called strictly diagonally dominant if for all n diagonal entries

|Aii| > 3"k | Air| holds. We start proving that C is strictly diagonally dominant by observing

ndot+ngate Ndot Ndot
Ci= Y. cu>> |Cul=)_ ca
k=1 kot oy
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This holds due to the non-negative elements c;; and can be simplified to the true statement

anot +ngate

ko1 Cik > 0. Strict diagonal dominance implies positive definiteness for symmetric matrices
- le}

with non-negative elements by [164, Theorem 6.1.10]. O

C.2 Continumum minima derivations

C.2.1 Open quantum dot arrays

In this section, we derive the continuous minimum charge state for open quantum dot array - the

charge state that minimises (2.8) neglecting constraints (i) and (ii). The free energy is

1

. 1 Y e L L
F(Vy,Qa) i= 5 (€agVy — Qa)" egq (CagVy — Qa) (C2)
For ease of notation going forward, we will write this as

| _
F(V,Q) =5V~ QICTH(V - Q) (C.3)

where V := cgdvd. Differentiating L with respect to A yields

%Z—QTﬂQAO%Q:QTT. (C.4)
Differentiating F' for Q); gives
oF _ !
50, =0TV -Q)] =0 —Qi=V (C:5)

Therefore, the continuous minimum for an open quantum dot array is

Q’*cont open _ ‘7 (06)
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C.2.2 Closed quantum dot arrays

In this section, we derive the continuous minimum charge state for closed quantum dot arrays - the
charge state that minimises (2.8) neglecting constraints (i) and (ii). If the array contains @ charges,

we can incorporate (iii) through the method of Lagrangian multipliers with the Lagrangian
LT Ga ) = y(eal - G ead(Catl - 00 -3 (T -0). em
For ease of notation going forward, we will write this as
LV,G.Q) = 5(V - Q¢ (V Q) - A(Q"T- Q) (€8)

where V := cngd, whilst T is the one vector with all entries one, and otherwise subscripts have

been dropped. Differentiating L with respect to A yields

oL

= QT+Q=0-Q=Q"L (C.9)
Differentiating L for @Q; gives
55, =—[cMV-Q)] ~A=0—Qi=Vi+ACT, (C.10)

Plugging (C.10) into (C.9) and solving for A yields
Q-1Tv

17C1 ( )
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The Lagrangian in (C.8) can be rewritten as

A

— = A 1 1
L(V,Q.,Q) = 5QTc—lQ -vic'Q+ 5VTc—lv —NTTQ + A Q
1 nd T nd A - 1 —
=3 (V+CIx =Q) ¢ (V+CIN = Q) + M Q- AVTT - SAPITCT (Ca2)
by using the matrix generalisation of completing the square. Since the last three terms do not

depend on Q, this new Lagrangian is again quadratic in (j with the positive definite matrix C.

Therefore, the continuous minimum is

Q*cont min -V + CT}\*

=V +(Q-T'7) e (C.13)

C.3 The thresholding strategy

C.3.1 Optimality criteria for limit cases

This section discusses whether only considering the nearest charge states to the continuous minimum
is sufficient. We consider two limiting cases and prove that in these cases, it is sufficient. The

optimisation problem set out in equation (2.9) can be written in the form

1
arg min —Z M + b’ & (C.14)
Fern 2
subject to x; > 0 Vi (C.15)
and x; € Z Vi, (C.16)

where M is positive definite matrix. In the following, we prove that if M were diagonal, it would

be sufficient to always round the continuous minimum to the nearest discrete change state.
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Theorem C.3.1. The global minimiser &y, of the optimisation problem (C.14),(C.15), and
(C.16) can be obtained by rounding each component of the minimiser T}, to the continuous opti-

misation problem consisting of (C.14) and (C.15).

Proof. Since M is diagonal, the optimisation problem uncouples to n independent one-dimensional
optimisation problems of the form min,, 1/ 2Mu:vf + b;z; with the non-negativity constraint x; > 0
and the integer constraint z; € Z. Now we show that rounding the solution 7 .., from the one-

dimensional continuous optimisation problem to the closest integer yields the global minimiser

T giscret- T = 0, the integer constraint is already fulfilled. If 27 ,,, > 0, then the parabola is

*
1,cont

*

7 cont- Lherefore, rounding to the closest integer minimises the one-dimensional
K

symmetric around x

integer-constrained optimisation problem. O

With small perturbations away from this diagonal case, we cannot always round to the nearest
charge to reliably find the lowest energy configuration. Nevertheless, we can guarantee that the
minimiser is one of the 2" surrounding neighbours around the continuous solution as long as
the condition number k(M) = A\paz/Amin is sufficiently low. Intuitively, a low condition number
corresponds to an almost spherical symmetric potential.

Theorem C.3.2. If k(M) < 1+4/n, then one of the 2" surrounding neighbours of the continuous
minimiser T

vont 18 the global minimiser x7; ..., of the integer optimisation problem.

Proof. We proceed by showing that even the closest integer point apart from the surrounding neigh-
bours of the continuous minimiser has a larger objective function value than one of the surrounding
neighbours for any matrix M as long as the condition number is sufficiently low. Let @ be the
vector from Z*,,, to the closest integer neighbour and b the vector from %, to the closest integer

. C1 . . -~
point which is not a surrounding neighbour of z7,,,,.

Without loss of generality, we can assume
that @ and b have the form @ = [&d] and @ = [& d + 1]. ( The notation means that @ has the same

entries as ¢ with an additional appended entry d.)
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Let g(%) = yT My/2 with § = & — &,,,; such that ||7]|* min < 9(¥) < ||7]|*Amaz holds Vi. We want

-,

to show that ¢(@) < g(b) which is necessarily true if ||@||2Amaz < ||b][2Amin. This yields

Amaz _ [|E]]” + (d +1)°
A = [P+

(C.17)

It holds that ||c]|> < (n — 1)/4 since ||d@]||? is defined to be the vector to the closest neighbour and
therefore |a;| < 1/2Vi. By incorporating this bound, we obtain the desired result of A\az/Amin <
1+4/n. O

We showed that under certain conditions, the discrete minimiser is among the surrounding neigh-
bours. Intuitively, we can do better; namely, if the continuous minimiser is close to an integer in
one variable, then the discrete minimiser can be obtained by rounding to the closest integer. The
following theorem derives bounds when rounding single coordinates leads to optimal solutions.

Theorem C.3.3. Let element i of Z7,,,, be in the interval [k, k+0] for an integer k. If the condition

con

number k fulfills

5 < \//12—(71;21)_(/;2—1)2—1, (C.18)

the i-th element of the discrete minimiser is k.

Proof. We proceed in a similar way as beforehand by showing that no integer point with k at its ¢-th
element has a higher value than the “opposite” point with entry & + 1. With no loss of generality,
let @ = [¢ 2] and b = [& 1 — ] be the vectors from the continuous minimiser to two opposite integer

points. Plugging this into ||@]|2Amaz < ||b][2Amin yields

C 2
s e

Rearranging yields the quadratic (k? — 1)6% + 20 — 1 + (k2 — 1)||¢]|?> < 0. Solving that for § and

observing that ||¢]|? < n — 1 yields the desired result. O
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Under this condition, we can guarantee that certain surrounding nodes can be omitted from checking
and can, therefore, choose a threshold of ¢t = 1 — 2§. Experimentally, however, choosing lower
thresholds still yields optimal results, e.g. t = ||Al|]2 - we motivate this choice in the following

section.

C.3.2 Physical motivation for diagonal and spherical limit case

The constant interaction model is a good approximation when the quantum dots interact weakly
and the associated tunnel coupling is small. As a result, we should expect the interdot capaci-
tive coupling to be smaller than the coupling to the nearest gates; the diagonal elements will be

considerably larger than the off-diagonals. As a result, we can write
Cdd — D(I - A) (C.QO)

where D is a diagonal matrix, I is the identity matrix, and the elements A are given by the ratio
of the off-diagonal terms to the on. The inverse of this matrix can be approximated using the

Neumann expansion
o0

=Y A"D '~ (I+A)D L (C.21)

n=0
Therefore, for small A where this approximation is valid, the c;dl matrix is diagonally dominant
and is a perturbation from the diagonal matrix. If cgq were diagonal, the charges in the quantum

dots would not interact. In this case, the lowest energy discrete charge configuration could be found

by rounding the continuous solution to the nearest integer charge, as we prove in the next section.

It follows that for small but non-zero A rounding will yield the lowest energy charge state except
in the most ambiguous cases where a fractional component of the ith element of the continuous

minimum, N, is close to 1/2. Therefore, the threshold should be proportional to some A norm,
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for example

t=|All (C.22)

C.4 Proofs of analytical results

C.4.1 Number of charge states

Theorem C.4.1. The expected number of charge states needing to be considered by the thresholded

algorithm with a threshold t is given by (1 + t)™ot where nge is the number of quantum dots.

Proof. For random uniformly distributed gate voltages, the continuous minimum can also be con-
sidered uniformly distributed. Therefore, in 1d, the probability that the algorithm has to consider
one charge state is 1 — t, and the probability that it has to consider two is t. Therefore, the ex-
pected number of points is E[N14] =¢-2+ (1 —t¢)-1=1+t. As the dimensions are independent
E[Nng] = E[N14]". Therefore, if there are nqo; quantum dots the expected number of charge states

is (1 + ¢)ndot

C.4.2 Optimal gate voltages

Theorem C.4.2. The gate voltages that minimise the charge state Qd free energy, F(V;, Qd) is
V* = (Rega)" R, (C.23)

where RTR = cgdl is the Cholesky factorisation and + denotes the Moore-Penrose pseudo inverse.
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Proof. The free energy is given by

—

F(Vy Na) = 5 (Ga — cga¥y) €7 (G~ eyaVh). (C.24)

DN | =

Using the Cholesky factorisation cgdl = RTR, the minimisation problem can be reformulated as

the following linear least-squares problem

Hgn IRQ4 — RegaVy|o- (C.25)
g
Solving this via the Moore-Penrose pseudo inverse yields the desired result. O

C.4.3 Virtual gates

This section derives how to construct virtual gates, namely determining how to change the gate
voltages to obtain a specific change in the dot potentials.

Theorem C.4.3. The optimal virtual gate matrix, o, used to construct virtual gates is
a = (cgacyy) " (C.26)

where + denotes the Moore-Penrose pseudoinverse. The ith row of this matrix encodes the electro-

static gate voltages required to change the ith dot’s potential.

Proof. The quantum dot potential changes with gate voltages according to AVd = cgdlcgdAVg
according to (2.7). If this simple linear system is invertible, the Moore-Penrose pseudoinverse boils
down to the regular inverse. If it is underdetermined (i.e., more gates than dots and full row rank),
there are infinite solutions. In this case, the pseudoinverse picks the solution with minimal 2-norm.
In case of an overdetermined linear system (i.e. more dots than gates or no full column rank) there

is no solution. In this case, the pseudoinverse returns the least squares approximate solution. [J
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