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Abstract

Spanning over two decades, the study of qubits in semiconductors for quantum
computing has yielded significant breakthroughs. However, the development of large-
scale semiconductor quantum circuits is still limited by challenges in efficiently tuning
and operating these circuits. Identifying optimal operating conditions for these qubits
is complex, involving the exploration of vast parameter spaces. This presents a real
‘needle in the haystack’ problem, which, until now, has resisted complete automation
due to device variability, fabrication imperfections, and limited data availability.

In this thesis, I first present a machine learning algorithm capable of automatically
identifying Pauli spin blockade (PSB) using charge transport measurements. PSB
can be employed as a resource for spin qubit initialisation and readout but it can
be difficult to identify. The scarcity of PSB data is circumvented by training the
algorithm with simulated data and by using cross-device validation. I demonstrate
the approach on a silicon field-effect transistor device and report a high accuracy on
test devices, giving evidence that the approach is robust to device variability.

Then, I present the first fully autonomous tuning of a semiconductor qubit, from
a grounded device to Rabi oscillations, a clear indication of successful qubit operation.
This automation, achieved without human intervention, is demonstrated in a Ge/Si
core/shell nanowire device and integrates deep learning, Bayesian optimisation,
and computer vision techniques.

Further, I demonstrate the potential of full automation by characterising how
the Rabi frequency and g-factor depend on barrier gate voltages for qubits in
four different charge transitions. The data reveals that certain features in charge
transport measurements can enhance automated tuning processes by recognising
the conditions for successful readout.

Finally, I present the autonomous optimisation of two qubits for maximal Rabi
frequency. This optimisation extends the tuning algorithm, enabling it to enhance
the performance of a qubit.

I hope the mass tuning and characterisation of qubits, enabled by the methods
in this thesis, will create a productive feedback loop between measurement and
fabrication processes. Wafer-scale, high-throughput characterisation of quantum
devices can mitigate device variability and contribute to their scalability. The
continued evolution of these methods will support the growing demands of the field,
ultimately – and hopefully – leading to practical and powerful quantum computers.
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The only way of discovering the limits of the possible is
to venture a little way past them into the impossible.

— Arthur C. Clarke [2]

1
Introduction

Richard Feynman once pondered the challenge of simulating quantum mechanics

with computers. He concluded that to truly mimic nature—especially the quantum

realm—we need a quantum-based simulation [3]. In other words, instead of relying

on classical computer bits that are either 0 or 1, we need quantum bits, or qubits,

which can exist as a superposition of both 0 and 1 simultaneously.

One of the most exciting prospects for quantum computers lies in their ability to

simulate quantum systems. This has potential applications in fields like chemistry

and materials science, where quantum computers can be used to calculate the ground

state energies of molecules [4, 5]. However, the real game-changer came from Peter

Shor, who demonstrated that a large-scale quantum computer could factorise large

products of primes [6]. This breakthrough implied that quantum computers could

potentially break current encryption methods, catching the attention of scientists

and intelligence agencies alike. Beyond cryptography, other promising applications

have been proposed, including optimisation [7] and machine learning [8, 9].

Building a quantum computer is no small feat, and various approaches have

been explored. Regardless of the method, all implementations must meet the

stringent criteria outlined by DiVincenzo [10]. These include scalability, reliable

qubit initialisation, long coherence times, a universal set of quantum gates, and

qubit-specific measurement.

1
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Recent advances underscore the potential of qubits in semiconductors [11] for

universal quantum computation [12–19]. These include the achievement of two-

qubit gates showcasing fidelities that surpass thresholds essential for fault-tolerant

computing [16, 20, 21], and hot qubits that address the bottleneck of millikelvin

refrigeration [14, 22, 23]. Strides in wafer-scale manufacturing of these devices [24,

25] and their efficient testing at cryogenic temperatures [26, 27] further highlight

the rapid progress in this field. Still, semiconductor quantum circuits are limited

to at most six simultaneous qubits [28] in one device. This stands in stark contrast

to the potential afforded by modern semiconductor fabrication techniques, which

could support the integration of millions of qubits.

One of the reasons for this contrast is that a long-standing challenge remains:

the intricate tuning required to reach and maintain qubit operation. Previous works

have introduced diverse approaches for automating single stages of this process, such

as defining double quantum dot (DQD) confinement potentials [29–32], navigating to

specific charge transitions [33–40], fine-tuning of charge transport features [41] or the

inter-dot tunnel couplings [42, 43], as well as device characterisation [44–46]. Offering

glimpses of the potential of machine learning for full qubit tuning automation,

however, the key challenge remains unaddressed.

I want to change that with this dissertation.

Before we embark on this adventure, let me introduce a metaphor to illuminate

the concepts behind semiconductor device tuning. Imagine the tuning problem as

trying to find a landmark, such as the Radcliffe Camera in Oxford. To achieve

this, you need two key elements:

1. A method to determine your current location. In this metaphor, this means

being able to read street signs or ask a passerby for directions.

2. A strategy for deciding your next move. With a map of Oxford and knowledge

of your current location and destination, you can determine the best route to

take.



1. Introduction 3

Similarly, a successful tuning algorithm consists of classifiers to ascertain the

current state of a device and a strategy to decide the next steps based on the

classifiers’ outcomes.

I will first cover the fundamentals of spin qubits in quantum dots, the machine

learning techniques employed in this dissertation, and review the existing tuning

literature in Chapter 2.5.8.

Addressing the first key element of automated tuning (determining your location),

we will encounter the first obstacle that hinders the way forward on our journey.

This challenge is the classification of Pauli spin blockade, crucial for the initialisation

and readout of spin qubits. Accurate recognition is vital for automated tuning. In

Chapter 3.4, I delve into this problem, highlighting the pitfalls and demonstrating

how to navigate around them.

Armed with this knowledge, I will guide you through the journey from a grounded

device to observing Rabi oscillations, all without human intervention. This feat

requires a fusion of Bayesian optimisation, deep learning, computer vision techniques,

and a novel framework that integrates these elements. This comprehensive process

is detailed in Chapter 4.4.

What lies beyond these triumphs? As with any scientific endeavor, we often end

with more questions than we began with, albeit different and more refined ones. One

application of the tuning algorithm, beyond bringing up new devices, is to extensively

characterise qubit devices. This exploration is presented in Chapter 5.2.

The final leg of our journey is about optimising the performance of a qubit. I

show how to autonomously maximise the Rabi frequency of a spin qubit, detailed

in Chapter 6.4.

The methods and findings in this dissertation lay the foundation for more efficient

and scalable quantum computing, addressing long-standing challenges in qubit

tuning and device characterisation, and bringing us closer to realising practical

quantum computers.



And I knew exactly what to do. But in a much more
real sense, I had no idea what to do.

— Michael Scott
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2.1 Quantum dots

This thesis deals with spin qubits which are encoded in the spin of charges that

are confined in semiconductor quantum dots (QDs) [11]. A QD is a potential well

that confines charges in three dimensions, leading to discrete energy levels. Two

such successive levels are spaced by the addition energy

Eadd = EC + ∆E (2.1)

with the purely electrostatic charging energy EC and the energy spacing between

two quantum levels ∆E [47]. The charging energy is defined by the electron charge

e and the total capacitance C of the QD [48]:

EC = e2

C
. (2.2)

There are various ways how such a confinement can be achieved. Commonly, a

combination of electrostatic gating and band structure engineering is used. For this

dissertation, QDs defined with metallic gate electrodes are the most relevant. The

QD can be located within a sandwich of semiconductor materials (such as a 2D

heterostructure or a 1D nanowire), or it can be trapped at the interface between a

semiconductor and an insulating layer (e.g., for silicon FinFETs) [13, 49–51].

Once a QD is formed, it can be probed using tunnel-coupled source and drain

reservoirs. For sufficiently low temperatures T ≪ EC
kB

and small bias voltages

Vbias < EC
e

, where kB is the Boltzmann constant, only single charge transport is

possible. If there are no energy levels energetically available, the charge transport is

blocked, the so called Coulomb blockade. Using a plunger gate, the potential of the

QD can be adjusted until an energy level becomes available and Coulomb blockade

is lifted, allowing for sequential tunneling of single charges.

In double quantum dots (DQD), two QDs are tunnel-coupled. Electron transport

then depends on the alignment of energy levels in both dots and the strength of the

coupling between them (see section 2.1.2). When plotting the current as a function
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of the plunger gate voltages controlling each dot, regions of conductance emerge with

triangular shape, so called bias triangles. They can be analysed to determine gate

lever arms, i.e., how a change in the voltage applied to a gate electrode shifts the

energy levels of a quantum dot, as well as charging and orbital energies [50, 52].

I will describe the features seen in transport measurements in more detail, as

their interpretation is central to this dissertation. Thinking back on the landmark

metaphor: We want to understand their signatures to orient ourselves.

2.1.1 Single quantum dots

A single quantum dot (SQD) is an isolated region of electrons or holes connected to

source and drain reservoirs. The constant interaction (CI) model provides a simplified

description of this system (see Figure 2.1) [47, 53]. Figure 2.1a illustrates a SQD

in the CI model. This model assumes that Coulomb interactions within the dot

and between the dot and its environment can be described by a single capacitance

C = Cs + Cd + Cg, where Cs, Cd, and Cg are the capacitances between the dot

and the source, drain, and gate, respectively. In this model, the capacitance is

independent of the number of charges already on the dot.

The electrochemical potential µ(N), which is the energy difference between a

dot with N charges and a dot with N − 1 charges, depends linearly on the gate

voltage while the energy has a quadratic dependence. The dependence is the same

for all N , so we can move the whole “ladder” of electrochemical potentials up and

down while the difference between levels remain constant.

Charges tunnelling through the dot crucially depend on the electrochemical

potential levels of the source µs and drain µd to align appropriately with the electro-

chemical potential µ(N) of the dot. When applying a bias voltage Vbias = Vs − Vd,

an energy window, also called bias window, µs − µd = −|e|Vbias between source

and drain opens up. If the electrochemical potential µ of a transition between two

states lies in this window, a charge can tunnel into the dot from the source and

then off again into the drain reservoir.
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Figure 2.1: Single quantum dot. a Constant interaction model of a single quantum
dot. The dot is tunnel-coupled to a source and a drain, modelled with capacitances Cs and
Cd. Additionally, the quantum dot is coupled to a gate through the capacitance Cg. The
gate controls the electrochemical potential of the dot. Charges can tunnel between the dot
and source and drain. b Single quantum dot in Coloumb blockade. No electrochemical
potential µ(N) lies within the bias window. c Lift of Coloumb blockade. Current can flow
because the levels align and single charge transport is activated. d Current through the
dot Idot when varying the gate voltage Vg, which changes the electrochemical potential of
the dot. Thus, the current flow and the number of charges on the dot can be controlled
through the gate voltage. Adapted from Ref. [47].
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Transport through the dot is possible if the electrochemical potential of a transition

between successive ground states lies within the bias window: µs ≥ µ(N) ≥ µd. If

this condition is not satisfied, charges cannot tunnel on or off the dot. Therefore

the number of charges on the dot remains fixed. This is called Coloumb blockade.

Figure 2.1b provides an example of this.

Coloumb blockade can be lifted by changing the gate voltage Vg. Once a level lies

within the bias window, a charge can tunnel from the source to the dot, changing

the number of charges from N − 1 to N . After that, a charge can tunnel to

the drain, and the cycle starts again. This is called single-electron or single-hole

transport, as illustrated in Figure 2.1c.

By sweeping the gate voltage, we can obtain the current trace shown in Figure

2.1d. Transport occurs whenever a level aligns appropriately, resulting in a peak.

Between the peaks, the dot is in Coulomb blockade. This mechanism allows precise

control over the number of charges on the quantum dot. The peaks in this type

of measurement are referred to as Coulomb peaks.

2.1.2 Double quantum dots

We consider a double quantum dot (DQD) as two SQDs that are connected in series

(see Fig. 2.2). A circuit in the CI model is shown in Fig. 2.2a. Dot 1 is tunnel-coupled

with the source to capacitance Cs. It is also tunnel-coupled to dot 2 with capacitance

Cm. Dot 2 is tunnel-coupled to the drain with capacitance Cd. Each dot has its

designated gate, where a voltage Vg,1 (gate 1) or Vg,2 (gate 2) can be applied. These

gates are coupled to their designated dots but can also exhibit cross-coupling, leading

to cross-capacitances labeled Cij where i indicates the gate and j indicates the dot.

We can map out the number of charges on both dots (N1, N2) depending on the

gate voltages Vg,1, Vg,2. This mapping results in a charge stability diagram, shown

in Fig. 2.2b, c. Lines indicate voltages where the number of charges on one dot

changes. In the case of uncoupled dots, i.e. Cm = 0, and no cross-capacitances,

i.e. C12 = C21 = 0, the perpendicular lines indicate that changing one gate voltage
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Figure 2.2: Double quantum dot a Constant interaction model of a double quantum
dot. The double dot is tunnel-coupled to a source and a drain, modelled with capacitances
Cs and Cd. Each dot is coupled to a gate to which gate voltages Vg,1 and Vg,2 can be
applied. Those gates couple capacitively with their designated dot with C11 and C22, and
can also couple with the other dot, giving cross-capacitances C12 and C21. The gates
control the electrochemical potential of each dot. The dots are also tunnel-coupled with
Cm. Charges may tunnel between source and dot 1, drain and dot 2, or between the 2
dots. b, c Charge stability diagrams for a double quantum dot. The number of charges
in the double dot (N1, N2) for N1(N2) charges in the first (second) dot are shown. At
the lines, the number of charges in at least one dot changes. b Uncoupled dots with no
cross-capacitances, Cm = C12 = C21 = 0. c Coupling of dots (Cm > 0) leads to splitting of
cross-points and cross-capacitances (C12, C21 > 0) lead to a honeycomb pattern. Adapted
from Ref. [47].

does not affect the electrochemical potential of the other dot, and adding a charge

to one dot does not influence the other (Fig. 2.2b).

However, double dots can be coupled, i.e. Cm > 0, meaning that adding a charge

to one dot shifts the electrochemical potential of the other. This coupling leads to

the splitting of cross points into two separate points known as triple points, where

three different charge configurations become degenerate. If the cross-capacitances

C12 and C21 are non-zero, the lines skew, resulting in a hexagonal pattern called

a honeycomb lattice (Fig. 2.2c).
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Low bias regime A detailed view of the charge stability diagram for one pair

of triple points is shown in Fig. 2.3a. The separation of the triple points is due to

the electrostatic coupling energy ECm . This coupling energy describes the change in

energy of one dot when a charge is added to the other dot. The solid line connecting

both triple points corresponds to the electrochemical potential of each dot being

shifted simultaneously, meaning that in the example in the figure the electrochemical

potentials states (0,1) and (1,0) align. The remaining lines indicate where the

potential of one dot aligns with either source or drain. At the triple points, a charge

can tunnel through both dots from source to drain, allowing current flow. At all

other points, the double dot is in Coloumb blockade.

In the low-bias regime, only aligned electrochemical potential levels are involved

in transport processes. This is called elastic tunnelling. Misaligned levels can still

allow tunneling, known as inelastic tunneling [47]. Inelastic tunneling requires energy

exchange with the environment to conserve energy. One example is photon-assisted

tunneling, where photons from microwave or radio-frequency radiation are absorbed

[54]. Energy emission typically occurs through phonons in the surrounding lattice

[47]. Inelastic tunneling is a second-order process and contributes to the current,

dominating charge transport when aligned levels do not permit elastic tunneling.

High bias regime Opening the bias window expands the triple points into bias

triangles, as illustrated in Fig. 2.3b. Within the triangle, the electrochemical potential

levels align such that at least one path, i.e. a succession of charge configurations, is

allowed through the dot causing charge transport from source to drain. Assuming

the drain is grounded, at the lower left tip of triangles the electrochemical potentials

µ1(1, 0) and µ2(0, 1) align. Moving up the left side of the triangle, the electrochemical

potential of dot 1 remains aligned with the source, µ1(1, 0) = −|e|Vbias. As the

electrochemical potential ladder of dot 2 lowers, an excited state may enter the

bias window, leading to increased current, indicated by darker regions within the

triangle. From the tip towards the base along the line where µ2(0, 1) = 0, the

electrochemical potential ladder of dot 1 lowers until the excited state of dot 2 is
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Figure 2.3: Charge stability diagrams. a Detailed view of the charge stability diagram
around one pair of triple points. Lines indicate where the electrochemical potential of one
dot aligns with the source or drain, or with each other in the case of the line connecting
the triple points. Schematic representations of the electrochemical potential alignment is
shown for several configuations of Vg,1 and Vg,2. At the triple points the electrochemical
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dashed orange line. Along this line, the levels of the dots only shift with respect to each
other. Adapted from Ref. [47].
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no longer accessible, causing a current drop. Further along this line, the excited

state of dot 1 may enter the bias window, raising the current again.

The visibility of different regions within the bias triangles highly depends on

factors such as the widths and height of the three tunnel barriers between the

dots and the source and drain, relaxation within the dots, and the efficiency of

inelastic tunnelling processes [47].

Another essential concept is the detuning axis, plotted in Fig. 2.3b on the right

triangle as a dashed orange line perpendicular to the shared basis of both triangles.

Along this axis, the total electrochemical potential of both dots does not change, but

their relative alignment shifts. The magnitude of detuning is denoted by ε.

Detuning ε
0

E
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y

T (1,1)0
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T (1,1)-

S(1,1)
S(1,1)

S(0,2)

S(0,2)

ΔEZ
Ec

4tc
2 2 2tc

Figure 2.4: Energy spectrum of singlets and triplets in a DQD as a function of
the detuning ε. The degeneracy between the S(1, 1) and T (1, 1) is lifted at finite tunnel
coupling tc > 0 and there is an avoided crossing due to the hybridisation of the S(1,1) and
S(0,2) states. The triplet states split with a magnetic field B > 0 according to the Zeeman
splitting ∆EZ . Adapted from Ref. [47].

A DQD with two charges is of particular interest due to the spin selection rules

that govern the quantum dot states and transitions. When two electrons occupy the

DQD, their spins can form singlet or triplet states, with distinct energy configurations.

These singlet-triplet states can be used to encode a qubit and for qubit readout

via Pauli spin blockade, see section 2.1.3.

Two charges can either reside in the same QD, denoted as (0,2), or split between

the two QDs, denoted as (1,1). They form singlet and triplet states. The energy

spectrum of these singlets and triplets is shown for small detunings in Figure 2.4. The

two QDs are considered independent if the interdot tunnel coupling tc is negligible.

For charges in a spin triplet configuration, they can only occupy the same QD if
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one charge is in a higher orbital state, resulting in the triplet T (0, 2) states being

separated by the single QD orbital level splitting. If the charges are distributed

between the two dots and within the detuning range shown in Figure 2.4, they must

be in one of the three triplet states: T+, T−, or T0. These states are energetically

degenerate at zero magnetic field but split in a finite magnetic field due to the

Zeeman effect, resulting in an energy difference of ∆EZ = gµBB.

A finite, spin-conserving tunnel coupling tc between the two QDs, leads to an

avoided crossing at ε = 0 of the S(1, 1) and S(0, 2) states which is proportional

to tc. In the absence of spin-mixing mechanisms the states T (1, 1) and S(0, 2) do

not couple. For ε < 0, the T(1,1) state is energetically separated from the S(1,1)

state by the singlet-triplet splitting J ∝ t2
c

EC
[55].

2.1.3 Pauli spin blockade

The spin states of the charges in a DQD give rise to an effect called Pauli spin

blockade (PSB). First experimentally observed in 2002 [56], PSB has since been

used to explore fundamental physics, including spin T1 relaxation times [57, 58],

the coupling of electron spins to lattice nuclear spins [59], and spin-orbit effects

[60]. In the realm of quantum information, PSB is often used for the read-out

and initialisation of spin states [61–63].

PSB is a current rectification mechanism that occurs due to spin selection

rules. Depending on the charge states involved in transport, the current through

a DQD can flow only for either a positive or negative bias voltage and is blocked

for the opposite bias voltage.

This effect is best understood by considering the triple point at the degeneracy of

the (0,1), (1,1) and (0,2) charge configurations. Figure 2.5a shows the bias voltage

setting in which the current can flow. Charges move through the dot in the cycle

(0, 1) → (0, 2) → (1, 1) → (0, 1). There is always at least one charge in the right dot

with an additional charge tunneling onto the dot from the drain reservoir. Depending

on the available energy levels, a singlet or triplet is formed. Since the (1,1) transitions

in the left dot are energetically accessible, the charge can tunnel to the left dot
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Figure 2.5: Demonstration of Pauli spin blockade. a Unblocked configuration.
Charges can move through the DQD and a bias triangle can be observed. b Blocked
configuration. When a charge enters from the left and forms a triplet with the electron
in the right dot, it cannot tunnel to the right dot because of spin conservation. The
electrochemical potentials corresponding to this case are shown on the left. At the tips of
the triangles, the triplet state T (0, 2) becomes accessible and the blockade is lifted. This is
shown on the right. The data is taken from the device in Chapters 4.4, 5.2 and 6.4.

and exit to the source reservoir. Here, the terms source and drain are used for

consistency but do not carry their literal meanings.

When the bias voltage is reversed, charges follow the cycle (0, 1) → (1, 1) →

(0, 2) → (0, 1). This is shown in Figure 2.5b. Again, at least one charge always stays in

the right dot. When a charge enters from the drain, it forms either a singlet or a triplet

with the charge in the right dot. If they form a singlet, i.e. S(1, 1), the configuration

can access S(0, 2), allowing transport. However, if they form a triplet T (1, 1), the

charge in the left dot cannot access the right dot. The T (0, 2) state is inaccessible

due to its higher energy, and S(0, 2) is forbidden by the Pauli exclusion principle.

Since the relaxation time T1 for a relaxation from T (1, 1) to S(1, 1) can reach

milliseconds [47], the current is effectively blocked on experimental timescales. An



2. Background 15

electron tunneling every 1 ms results in a current of approximately 160 fA, which

is too low to be measured with conventional equipment.

If the bias window is large enough, the T (0, 2) state can become accessible at

sufficiently large detunings. This is shown in the right diagram of Fig. 2.5(b).

The effect relies on the asymmetry of the energy levels, which can also cause

PSB in the opposite direction. At the (1, 1) − (2, 0) transition, the sign of the

bias voltage where the current is blocked and allowed to flow is reversed compared

to the (1, 1) − (0, 2) transition.

Lift of PSB with a magnetic field

Any mechanism that induces a spin flip in one of the charges can remove PSB. Such

a flip changes the (1,1) state from a triplet to a singlet configuration, which is not

blocked. This can occur through deliberate spin rotations, which enable coherent spin

manipulation essential for qubit functionality. PSB can also be lifted by hyperfine

interactions, spin-flip cotunneling, differences in the g-factor between the two quantum

dots, or spin-orbit interactions [64]. I will discuss the lift via spin-orbit interaction in

more detail, as it predominantly affects the transport measurements in the devices

used [65–68]. Further details on spin-orbit interaction can be found in Section 2.1.5.

To understand this intuitively, consider that without an external magnetic

field, the spins align with the internal effective spin-orbit field Beff. When an

external magnetic field is applied, the spins start to precess around it, enabling

spin-flip tunneling.

For a more technical explanation, consider the energy diagram of the (1,1) and

(0,2) states shown in Figure 2.6. When a magnetic field B is applied, the (1,1) triplet

states split into three separate states: T−, T0, and T+, due to the Zeeman effect.

The T0(1, 1) state mixes with S(1, 1), creating two hybrid states: a T0(1, 1)-like state

|Mα⟩ and a S(1, 1)-like state |Mβ⟩ [69, 70]. Transport is permitted through the

singlet-like state |Mβ⟩ but is blocked through the triplet-like state |Mα⟩.

The spin aligns with the spin-orbit field, and when an external magnetic field is

applied, it begins to precess. This precession enables transitions from T±(1, 1) to
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Figure 2.6: Lift of Pauli spin blockade with magnetic field. a Energy levels and
transitions of the (1,1) states into the S(0, 2) state. S(1, 1) and T0(1, 1) are coupled in
presence of strong spin-orbit interaction and the mixed states |Mα⟩ and |Mβ⟩ become new
basis states. The state |Mα⟩ can relax into another state with (1,1) charge configuration
with a transition rate Γrel. Those states, i.e. |Mβ⟩ and T±(1, 1), can relax to S(0, 2) with
transition rates ΓSO

β and ΓSO
± . b Current through a double quantum dot in a GeSi nanowire

as a function of the detuning ε and an external magnetic field B with Vbias = −2.5 mV.
The spin blockade at ε = 0 is lifted with increasing magnetic field. The triplet transitions
T (1, 1) to T (0, 2) are unaffected by the magnetic field. a is adapted and b reprinted from
[71].

S(0, 2) and from |Mβ⟩, allowing for non-spin-conserving tunneling due to spin flips, as

depicted in Figure 2.6a. The coupling rate ΓSO
β between |Mβ⟩ and S(0, 2) is unaffected

by the magnetic field strength, as both states have a spin component of zero. On

the other hand, the transition rates ΓSO
± from T±(1, 1) to S(0, 2) increase with the

magnetic field strength, since a stronger field leads to more rapid spin precession.

A transition involving |Mα⟩ is always blocked. Thus, at high fields transport is

limited by the time the system spends in |Mα⟩. It will become unblocked once it

relaxes into an unblocked state with a transition rate Γrel. The maximum leakage

current Imax is therefore given by

Imax = 4eΓrel (2.3)

in the high field limit where µBB ≫ ℏ
√

ΓSO
± Γrel with the Bohr magneton µB and

the reduced Planck constant ℏ [70].

At zero detuning, i.e. at the common base of the pair of bias triangles, the

leakage current exhibits a Lorentzian shape:

I = Imax

(
1 − 8

9
B2

c

B2 + B2
c

)
(2.4)

where Bc is related to the spin-orbit field [70].
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Figure 2.6b shows transport measurements through a DQD as a function of

detuning ε and the external magnetic field. As predicted by equation 2.4, at ε = 0

there is a transition from low current to a saturated current with increasing magnetic

field. The inter dot triplet transitions T (1, 1) to T (0, 2) are unaffected by the magnetic

field. Typical values of Bc range between ∼100 mT and ∼1 T [65].

2.1.4 Hole spins

The devices studied in this dissertation utilise electron holes instead of electrons,

which is the absence of an electron in the valence band. When an electron is

removed, the remaining state behaves as a positively charged particle. Electrons in

the conductions band have s-like atomic wave functions and therefore a spin quantum

number s = 1
2 . In contrast, holes are described by a p-type wave function. This results

in reduced hyperfine interaction because of the reduced overlap of the wave function

with the nuclear sites of their host. Additionally, they experience a strong spin orbit

interaction which can be exploited to allow for all-electrical control of qubits [72–74].

When describing holes, we must account for their orbital angular momentum

l = 1 in addition to their electron spin s = 1
2 . This means the system is characterised

by the total angular momentum operator J = L + S, where L represents the

orbital momentum operator and S represents the spin operator. However, when

considering strain and confinement effects, the description becomes simpler, allowing

hole quantum dots to be treated using the same formalism as electron quantum

dots [75, 76]. An external magnetic field causes Zeeman splitting, with the energy

expressed as EZ = g∗µBB, where g∗ is the effective g-factor for the hole [55].

The all-electrical driving of hole spin qubits via strong spin orbit interaction

reduces the fabrication complexity of devices by eliminating the need for additional

components like microwave strip lines or magnetic field gradients required for electron

spin qubits. Hole spin qubits have demonstrated ultra-fast Rabi frequencies (fRabi) in

the gigahertz range [77], significantly surpassing the megahertz-range Rabi frequencies

typically observed in electron spin qubits [78]. Despite these high operation speeds,

hole spins may maintain coherence times (T2) in the tens of microseconds [79],
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comparable to those of electron spins, though there is often a trade-off between

coherence time and driving speed [80]. Additionally, the effective g-factor g∗ for holes

is highly tunable through electric fields, providing greater control over qubit properties

and enabling more flexible qubit manipulation [81]. These advantages make hole

spins a promising platform for scalable and high-performance quantum computing.

2.1.5 Spin-orbit interaction

The term spin-orbit interaction (SOI) originates from the concept of an electron

moving in the central potential of an atomic core. As the electron “orbits” the nucleus,

it experiences an effective magnetic field due to its motion, leading to the coupling of

its spin and orbital degrees of freedom. This effect is not limited to isolated atoms

but is also observed in bulk solid-state materials, where electrons or electron holes

experience an electric field generated by the charged atoms in the lattice.

In solid-state physics, there are two primary types of SOI arising from different

kinds of inversion asymmetries. The first type is Dresselhaus SOI (DSOI), which

results from bulk inversion asymmetry inherent in the crystal structure. The

second type is Rashba SOI (RSOI), which is due to structural inversion asym-

metry, often introduced by external factors such as interfaces or electric fields in

heterostructures [47, 82, 83].

For the materials used in this dissertation, DSOI is absent due to the inversion-

symmetric lattices. The dominating effect is of RSOI type. It stems from the strong

confinement of the holes in at least once spatial dimension [49, 64].

2.2 Spin qubits

Spin qubit operation involves the precise manipulation of electron or hole spins

within quantum dots, which are essential units in quantum information processing.

There are various methods to achieve this manipulation. One might initially consider

directly addressing the spin state using magnetic resonance techniques—applying

oscillating magnetic fields to induce spin transitions between spin-up and spin-down

states. However, this approach is challenging due to the small magnetic moment of
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electron spins, which requires strong magnetic fields that are difficult to generate

and localise at the nanoscale.

Alternative techniques offer improvements [47, 84, 85]. Of particular importance

for this thesis is electric dipole spin resonance (EDSR) [64, 81]. EDSR leverages the

coupling between the spin and an external electric field via spin-orbit interaction,

allowing for spin manipulation using oscillating electric fields instead of magnetic

ones. This method provides more efficient and localised control over qubit states

because electric fields can be more easily confined and controlled at the quantum

dot scale. See Section 2.2.2 for more details.

2.2.1 Single spin control

The essence of a qubit lies in its ability to encode information within a two-level

system, which can be realised through different physical mechanisms, such as the

charge states [86] or the spin states of electrons [61] in quantum dots. A spin-1/2

electron inherently offers two distinct spin states, creating a natural two-level system.

Furthermore, other configurations, like the spin singlet and triplet states, also serve

as effective two-level systems for qubit representation.

The Bloch sphere is a powerful geometric representation of a qubit, providing an

intuitive visualisation of its quantum state (Figure 2.7a). In this model, the state of

a qubit is depicted as a point on the surface of a unit sphere. The north and south

poles of the sphere represent the classical binary states |0⟩ and |1⟩, respectively. Any

point on the sphere’s surface corresponds to a superposition of these basis states

|Ψ⟩ = α |0⟩ + β |1⟩, where α and β are complex numbers satisfying the normalisation

condition |α|2+|β|2 = 1. The angles θ and φ, known as the polar and azimuthal angles,

define the position of the qubit state on the sphere. This representation is particularly

useful for visualising qubit operations, such as rotations and state transitions.

Larmor precession and Rabi oscillations are fundamental phenomena in the study

of qubits and their dynamics. A static magnetic field defines the quantisation axis

of the qubit (represented by the blue dashed vertical line in Figure 2.7a). Larmor

precession describes the evolution of a qubit’s spin state under the influence of such
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Figure 2.7: Rabi Oscillations in a two-level system a The Bloch sphere represents
the qubit state |Ψ⟩ = α |0⟩ + β |1⟩, a superposition of the basis states |0⟩ and |1⟩ with
complex coefficients α and β that satisfy the normalisation condition |α|2 + |β|2 = 1. b
The time evolution of the probability of finding the qubit in state |1⟩ (refer to equation 2.5
with ∆ω0 = 0). This probability oscillates between 0 and 1 with the Rabi frequency ωR.
c Here, the probability of the qubit being in state |1⟩ is shown as a function of time and
the detuning of the drive frequency. On resonance, the Rabi oscillations resemble those in
b. When the drive frequency is off-resonance, the amplitude of the oscillations decreases,
while the frequency increases. These dynamics are explained by equation 2.5. Adapted
from Ref. [64].

a constant external magnetic field. In the Bloch sphere, this can be visualised as a

precession around the north-south axis. The precession frequency is determined by

the energy difference between the |0⟩ and |1⟩ states, which, for a spin-1/2 particle,

corresponds to the Zeeman splitting.

Rabi oscillations occur when a qubit is exposed to an oscillating magnetic or

electric field, typically in resonance with the qubit’s energy splitting. When the

qubit is driven on resonance with the Larmor frequency, this results in periodic

transitions between the qubit’s energy states, as seen in Figure 2.7b, allowing for

control over the qubit’s state through the duration and amplitude of the applied

field. The frequency of these oscillations are known as the Rabi frequency ωR. The

Rabi formula captures these dynamics [87]:

P|1⟩(t) = ω2
R

ω2
R + (∆ω0)2 sin2

(√
ω2

R + (∆ω0)2 t

2

)
(2.5)

This formula describes the probability P|1⟩(t) of a qubit being in the excited state

|1⟩ at time t during a Rabi oscillation. When detuned by ∆ω0 the amplitude and

frequency of this oscillation changes, with a maximum possible oscillation amplitude

and slowest oscillations on resonance (∆ω0 = 0). The resulting pattern is shown

in Figure 2.7c and is called “Rabi chevron”.
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2.2.2 Electric dipole spin resonance

Electron spin resonance (ESR) is a technique for controlling spin qubits in quantum

computing. ESR involves the application of an alternating current (AC) magnetic

field at a frequency matching the energy difference between the spin states of an

electron. The AC magnetic field can be generated by driving a current through a

coplanar stripline integrated into the device, near the location of the qubit [88]. Key

challenges in ESR include maintaining generating magnetic fields with sufficiently

high frequency to meet the resonance condition, preventing photon-assisted tunneling

due to accompanying electric fields, and applying the method while mitigating

heating effects at low temperatures [55].

Given the difficulties associated with ESR, alternative strategies focus on elim-

inating the reliance on high-frequency magnetic fields by using electric fields to

control the spin. High-frequency electric fields are simpler to generate, apply, and

confine at the nanoscale than magnetic fields. However, since electric fields do not

directly interact with the spin, a mediating mechanism is needed to couple the spin

to the electric dipole of the AC electric field.

The spin-orbit interaction experienced by holes enables the coupling of electric

field oscillations to the spin of the hole qubit. This process, called electric dipole

spin resonance (EDSR), allows for significantly faster manipulation of spin qubits

compared to traditional ESR. EDSR is typically implemented by varying the electric

potential of nearby metallic gates in a semiconductor device, causing the qubit to

oscillate within its confinement potential. Due to the spin-orbit interaction, the hole

experiences an effective AC magnetic field, leading to spin rotations [89].

2.3 Machine learning

Artificial intelligence as a research discipline started with a 2-month workshop at

Dartmouth College, where a group of mathematicians and scientists invited fellow

researchers to work on making machines “solve kinds of problems now reserved
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for humans, and improve themselves”1[90]. They thought they could significantly

advance the field in “a summer”.

The problems they were working on are still being researched today. This field

has evolved significantly, driven by advances in computational power, the availability

of vast datasets, and the development of sophisticated algorithms. Among these

algorithms, neural networks and Bayesian optimisation stand out as particularly

influential and widely applied methods.

Neural networks, inspired by the structure and function of the human brain,

consist of layers of interconnected nodes or “neurons.” These networks are capable

of learning complex patterns and representations from data, making them suitable

for a wide range of tasks, from image and speech recognition to natural language

processing. The flexibility and power of neural networks stem from their ability to

approximate virtually any function, given sufficient data and computational resources.

I use neural networks to classify measurements throughout this dissertation.

Bayesian optimisation (BO), on the other hand, is a strategy for optimising

complex functions that are expensive to evaluate. It employs principles from Bayesian

statistics to build a probabilistic model of a function of interest and uses this model

to make informed decisions about where to evaluate the function next. I use BO in

Chapter 4.4 to guide a tuning algorithm and in Chapter 6.4 to optimise qubits.

2.3.1 Neural networks

Artificial neural networks (ANNs) are functions that map a feature space F to

a label space L:

f : F → L (2.6)

Typically, F ⊂ Rn and L ⊂ Rk, where n, k ∈ N. Neural networks can approximate

any function [91]. Features can be vectors or tensors, particularly when dealing with

images, where the feature space can be Rh1 ×Rh2 ×Rc (height, width, and channels).
1The full proposal can be viewed at www-formal.stanford.edu/jmc/history/dartmouth.html.

https://www-formal.stanford.edu/jmc/history/dartmouth/dartmouth.html
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Figure 2.8: Illustration of neural networks. a A typical representation of a neural
network with 4 input neurons, 5 neurons in the first and last hidden layer and 3 output
neurons. b A part of the full neural network.

Figure 2.8 depicts typical neural network structures. The input vector yinput

represents activations of the input layer. Each neuron in the hidden layer computes

its activation yhidden layer by:

yhidden layer = σ

(∑
i

(yinput
i wi + bi)

)
≡ σ(z), (2.7)

with the activation function σ, the activation of the i-th neuron yi, and the associated

weight wi and bias bi.

This process is repeated across all neurons and layers until reaching the output

layer.

Activation function

The activation function introduces non-linearity into the model, which is crucial for

learning complex patterns. Without non-linearity, the neural network would merely

perform linear mappings, limiting its ability to model non-linear data relationships.

Different layers can use different activation functions or none at all.
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A commonly used activation function is the sigmoid function:

σ(z) = 1
1 + e−z

(sigmoid) (2.8)

However, the sigmoid function’s gradient diminishes for large inputs, leading to

slow and inefficient learning. The rectified linear unit (ReLU) function overcomes this:

σ(z) = max(0, z) (ReLU) (2.9)

Cost function

To train a neural network, it is essential to define a cost function that measures the

discrepancy of the network output and the ground truth. One of the most common

cost functions is the mean squared error (MSE):

C(w, b) = 1
N

N∑
i=0

|ylabel
i − youtput

i |2 (2.10)

Here, N is the number of training samples, ylabel represents the true labels,

and youtput represents the neural network’s outputs. The cost function depends

on the network’s weights and biases.

To optimise the weights and biases, we compute the gradient of the cost func-

tion, ∇C, using backpropagation, which applies the chain rule to calculate these

gradients efficiently.

The weights and biases are updated using the gradient descent rule:

wnew = wold − η∇C(wold) (2.11)

where η is the learning rate. This process is repeated iteratively to minimise the

cost function. A common variant, stochastic gradient descent (SGD), improves

computational efficiency by evaluating the cost function on mini-batches, subsets

of the training set, which vary with each iteration.

Advanced optimisation methods like Adam [92] further enhance learning by

adjusting the learning rate for each parameter based on estimates of the first and

second moments of the gradients.
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2.3.2 Gaussian Processes

Gaussian processes (GPs) provide a flexible, non-parametric framework for making

predictions about uncertain functions. At their core, GPs define a distribution over

functions, allowing us to model complex relationships without assuming a specific

functional form. This is achieved by considering every point in the input space to

be associated with a normally distributed random variable, where the covariance

between any two points captures our belief about how similar the function values

should be. By leveraging this probabilistic approach, GPs can incorporate prior

knowledge and handle noisy observations effectively. Their strength lies in the ability

to provide not only mean predictions but also uncertainty estimates, making them

particularly valuable in fields where understanding the confidence in predictions

is crucial, such as in Bayesian optimisation. Through the use of kernel functions,

GPs can model a wide variety of patterns and structures in data, ensuring flexibility

and adaptability to various tasks.

In formal terms, a GP defines a collection of random variables, where any finite

subset has a joint Gaussian distribution [93]. For regression tasks using GPs, the

distribution is specified by a mean function µ(x) and a covariance function (also

known as the kernel) k(x, x′). Thus, it is defined as:

f(x) ∼ GP(µ(x), k(x, x′))

Here, f denotes the function we aim to model, with f(x) = [f(x1), f(x2), . . . , f(xn)]

representing the function values at points x = [x1, x2, . . . , xn]. The mean and

covariance functions are evaluated for each element, hence

µ(x) = [µ(x1), µ(x2), . . . , µ(xn)]

and

k(x, x′) =


k(x1, x1) k(x1, x2) · · · k(x1, xn)
k(x2, x1) k(x2, x2) · · · k(x2, xn)

... ... . . . ...
k(xn, x1) k(xn, x2) · · · k(xn, xn)


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Here, µ(x) is the mean vector and k(x, x′) is the covariance matrix of the GP.

The mean function µ(x) and covariance function k(x, x′) are central to the

definition of a GP. The mean function, µ(x), represents the expected value of the

function at any given point x, providing a baseline prediction. The covariance

function, or kernel, k(x, x′), defines the structure of the relationship between pairs

of points x and x′, encapsulating our assumptions about the function’s smoothness

and variability. A commonly used kernel is the radial basis function (RBF) kernel,

also known as the Gaussian kernel [94], defined as

k(x, x′) = exp
(

−∥x − x′∥2

2σ2

)
.

The RBF kernel assumes that points closer together are more strongly correlated,

leading to smooth and continuous function estimates.

In GP regression, making predictions for new points given some observed data

involves updating our prior beliefs with the information from the observed data. Given

a set of observations (x, y), where x represents the input points and y represents the

corresponding outputs, we want to predict the output y∗ for a new input x∗. The

prediction is achieved by conditioning the joint Gaussian distribution of the observed

and new points on the observed data. This results in a predictive distribution for y∗,

which is also Gaussian, with a mean and variance that can be computed using the

observed data and the kernel function. The mean provides the best estimate for y∗,

while the variance gives a measure of uncertainty about this prediction, reflecting

how the new input relates to the observed data.

2.3.3 Bayesian optimisation

Bayesian optimisation (BO) is a probabilistic framework for optimising expensive and

noisy black-box functions, particularly when evaluations are costly and limited. BO

leverages GPs as surrogate models to approximate the unknown objective function

f(x). The GP provides a posterior predictive distribution over f(x), which is

iteratively updated using Bayes’ theorem as new data is observed.
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At each iteration n, given observations Dn = {(xi, yi)}n
i=1, where yi = f(xi) + ϵi

and ϵi represents noise, the posterior distribution p(f |Dn) is updated via Bayes’ rule:

p(f |Dn) = p(Dn|f) p(f)
p(Dn) ,

where p(f) is the prior over functions defined by the GP, p(Dn|f) is the likelihood

of the observed data given f , and p(Dn) is the marginal likelihood (also known as

the evidence), ensuring the posterior distribution is properly normalised.

BO efficiently explores the input space by balancing exploration and exploitation

through an acquisition function α(x; Dn), which quantifies the utility of evalu-

ating f at point x. The next evaluation point is chosen by maximising the

acquisition function:

xn+1 = arg max
x

α(x; Dn).

Commonly used acquisition functions include the expected improvement (EI),

probability of improvement (PI), and upper confidence bound (UCB). These functions

are designed to guide the search towards regions with high potential for improvement

or high uncertainty.

The EI acquisition function focuses on areas where the potential for improvement

over the current best observation is high. It is defined as:

αEI(x; Dn) = Ef(x)∼p(f(x)|Dn)[max(0, f(x) − fbest − ξ)],

where fbest is the best observed value so far, and ξ ≥ 0 is a trade-off parameter

encouraging exploration.

PI targets regions with a high probability of surpassing the best known value.

The PI is given by:

αPI(x; Dn) = P(f(x) ≥ fbest + ξ) = Φ
(

µ(x) − fbest − ξ

σ(x)

)
,
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where µ(x) and σ(x) are the predictive mean and standard deviation from the

GP, respectively, and Φ is the cumulative distribution function of the standard

normal distribution.

UCB combines the mean prediction and uncertainty, encouraging exploration of

regions with high uncertainty and potential high rewards. It is defined as:

αUCB(x; Dn) = µ(x) + κσ(x),

where κ > 0 controls the degree of exploration.

An illustrative example of these acquisition functions is presented in Figure 2.9.

The true function f(x), the GP mean prediction µ(x), and the 95% confidence

interval given by µ(x) ± 1.96σ(x) are shown in Figure 2.9a. The initial sample

points are indicated by red dots. The EI, PI, and UCB acquisition functions are

shown in Figure 2.9b, each suggesting a different next sampling point based on

their respective criteria.

By iteratively selecting evaluation points that maximise the acquisition function

and updating the surrogate model with new observations, BO can efficiently identify

the global maximum of complex functions with relatively few evaluations. This

process is particularly useful in fields like hyperparameter tuning and experimental

design [95, 96].

2.4 Measurement techniques

In this thesis I will mostly use simple direct current (DC) measurements to inform

my tuning algorithms. They involve applying a bias voltage and measuring the

resulting current through the DQD, allowing direct observation of conductance

changes. This method is straightforward but can be limited by low current levels.

In contrast, charge sensing measurements use a nearby quantum point contact or

single-electron transistor to detect changes in the charge state of the QD without

requiring current flow through the DQD itself [47]. This approach is highly sensitive,

enabling the detection of single-electron tunneling events and providing detailed
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Figure 2.9: Illustration of Bayesian Optimisation using Gaussian Processes. a The
true function f(x) (red dashed line), the GP mean prediction µ(x) (blue line), and the
95% confidence interval (shaded area). The initial sample points are shown as red dots.
The vertical dashed lines indicate the next suggested sampling points by each acquisition
function: EI (green), PI (magenta), and UCB (cyan). b The acquisition functions EI
(green), PI (magenta), and UCB (cyan), with their respective maxima marked by vertical
dashed lines, suggesting the next points to sample.
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information about charge configurations and Coulomb blockade phenomena but

requires more complex devices or measurement setups.

When reading out a qubit, I want to measure the transport of a single charge

that is either blocked by PSB, or the block has been lifted by the manipulation pulse.

Since we are measuring charge transport, we cycle this process to measure a current.

If the cycle length is 100 ns for the whole time it takes to initialise, manipulate and

read out, this would give a current of about 1 pA given the elementary charge of

about 1.6 × 10−19 C. This assumes a perfect conversion rate. At the same time,

unwanted leakage currents exists in the readout point. This current is on the order of

pA to tens of pA in the experiments I will be presenting. This means that the current

contribution by the qubit readout will almost certainly be blocked out by noise.

To improve the signal-to-noise ratio and effectively detect the qubit readout

signal despite the presence of noise and leakage currents, I employ a lock-in amplifier

(Figure 2.10). The lock-in amplifier modulates the driving pulse at a specific frequency

(the lock-in frequency) and demodulates the measurement signal from the sample.

This technique allows me to measure the difference in current through the DQD when

the driving pulse is applied versus when it is blanked, enhancing the detection

of the qubit signal.

In my measurement setup, the lock-in amplifier provides a trigger signal to the

arbitrary waveform generator (AWG) at a frequency on the order of Hertz. The rising

edge of this trigger activates channel A of the AWG, while the falling edge activates

channel B. Depending on which channel is active, the AWG controls the microwave

(MW) source via IQ modulation, turning it on or off accordingly. The AWG also

outputs a Coulomb blockade pulse in the MHz range. Both the Coulomb blockade

pulse and the MW pulse are combined and sent to one of the plunger gates. At

1.5 K, this combined signal is merged with the DC voltage from the digital-to-analog

converter (DAC) via a bias-tee. The current through the nanowire is then amplified

by a current-to-voltage (I/V) converter and measured by an acquisition card.

The signal coming from the device is split and separately multiplied with the

reference signal from the lock-in amplifier and a 90◦ phase-shifted copy of it. The
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outputs of these mixers pass through configurable low-pass filters, resulting in

two outputs, X and Y , termed the in-phase and quadrature components. Due to

factors such as the length of the cables, the signal might appear in either X, Y ,

or a combination of both. In principle, the phase of the lock-in reference signal

could be adjusted to compensate for this. However, I avoid this calibration step

by applying principal component analysis (PCA) to the lock-in signal, a method

previously used for the same purpose [32, 97].

2.4.1 PCA of lock-in measurements

Principal components analysis (PCA) is a statistical technique used to reduce the

dimensionality of a dataset while retaining most of its variability. Intuitively, PCA

works by identifying the directions (principal components) along which the data

varies the most, enabling us to project the data onto a lower-dimensional space

without significant loss of information.

Let X be a dataset with n observations and p variables, represented as an n × p

matrix. The first step in PCA is to standardise the data if the variables are on different

scales. This is typically done by subtracting the mean of each variable and dividing

by the standard deviation, resulting in a zero-mean and unit-variance dataset.

Next, we compute the covariance matrix S:

S = 1
n − 1

n∑
i=1

(xi − x̄)(xi − x̄)T

with x the individual elements of X and x̄ the mean value of x. The covariance

matrix S is a p × p symmetric matrix that contains the covariances between each

pair of variables.

The core of PCA involves finding the eigenvalues and eigenvectors of the covariance

matrix S. The eigenvalues λi indicate the amount of variance captured by each prin-

cipal component, and the eigenvectors vi provide the directions of these components.

We solve the following equation to obtain the eigenvalues and eigenvectors:

Svi = λivi
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Figure 2.10: Measurement setup with lock-in amplified signal. Diagram of the
experimental setup used for measurements in Chapters 4.4, 5.2, and 6.4, highlighting the
lock-in amplification of the qubit signal. All DC voltages are set by a digital-to-analog
converter (DAC). The current through a nanowire is amplified by a current-to-voltage
(I/V) converter and measured by an acquisition card. The lock-in amplifier provides a
trigger signal to the arbitrary waveform generator (AWG) at a lock-in frequency on the
order of Hertz. The rising edge triggers channel A of the AWG, while the falling edge
triggers channel B. The AWG controls the microwave (MW) source via IQ modulation,
turning it on or off depending on whether channel A or B is activated. The AWG always
outputs a Coulomb blockade pulse in the MHz range. Both the Coulomb blockade pulse
and the MW pulse are combined and sent to one of the plunger gates. At 1.5 K, the signal
is combined with the DC voltage from the DAC via a bias-tee. The current through the
nanowire can then be demodulated by the lock-in amplifier.
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The eigenvalues are then sorted in descending order, and the corresponding

eigenvectors form the principal components. The first principal component is the

eigenvector associated with the largest eigenvalue, capturing the most variance in

the data. Subsequent principal components capture the remaining variance under

the constraint that they are orthogonal to the previous components.

To transform the original dataset X into the principal component space, we

project the data onto the eigenvectors. Let V be the matrix of eigenvectors, then

the transformed data Y is given by:

Y = XV

Here, Y is the dataset represented in the new coordinate system defined by the

principal components. The dimensionality of the data can be reduced by selecting a

subset of the top k eigenvalues and their corresponding eigenvectors, thus forming a

lower-dimensional representation while retaining most of the original variance.

In the case of the measurements from the lock-in amplifier, we simply want to

reduce a set of 2D data points to 1D data points. Fig. 2.11a shows an example

measurement. Lock-in amplified measurements are taken for varying magnetic fields

B. These types of measurements will be analysed in Chapters 4.4, 5.2 and 6.4.

Fig. 2.11b shows the distribution of the same data in a plane with the magnetic

field as the colour coding. Further signal processing requires us to, e.g., find peaks

in these measurements so it is preferrable to reduce their dimensionality. For this,

we can use PCA as a linear projection describes the data well.

The first principal axis is shown in Fig. 2.11b as a green arrow. The projection

on this axis is shown in Fig. 2.11 c in blue. For comparison, I show another

simpler way to reduce the dimensionality, which is simply the Euclidean distance

from the origin (orange curve in Fig. 2.11c). That metric in general retains less

of the variability of the data.

One problem with PCA in combination with this measurement technique is that

it will not tell by itself whether deviations will present itself as positive or as negative
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Figure 2.11: Signal processing of lockin amplified measurements. a A typical
measurement of the current that is enhanced with a lock-in amplifier while varying magnetic
field B. b The in-phase component X and quadrature component Y is shown with B as
the colour corresponding to a. The first principal component is plotted as a green arrow
over the data. That arrow describes the direction of variability in data well, thus PCA
is a well suited dimensionality reduction tool here. c Data processed with the Euclidean
distance from the origin for X and Y in orange and with PCA in blue.

currents. This can lead to problems if we, e.g., apply a peak finding algorithm

downstream. This case is shown in Fig. 2.12.

The Euclidean distance sidesteps this problem but loses some of the variability,

see Fig. 2.12c. However, we can use a simple rule to correct the sign of the signal

by considering the mean value of the signal and comparing it to the mean of the

range. If the mean of the range is higher than the mean of the signal, we do nothing,

otherwise we negate the signal, leading to the “corrected PCA” in Fig. 2.12c.
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Figure 2.12: Signal processing for measurements with negative peak currents.
a, b as in Fig. 2.11. c Instead of simply showing the projection on the first principal
component, I show it with the sign corrected.
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2.5 Automated tuning – the playing field

The process of bringing a new semiconductor quantum dot device into a state in

which it can be used as a quantum bit is notoriously difficult because of fluctuations

in the disorder potential, fabrication variances, and material defects.

To solve the problem of automating this, there are numerous techniques available,

and selecting the appropriate one for a given task requires careful consideration

of several factors:

• The necessity for expert-labeled training data, which may not always be feasible

or practical to obtain.

• The need for efficiency, both in the total number of measurements taken for

a given task and in the computational resources required to decide which

measurements to take.

• The minimum accuracy required for the broader algorithm to achieve its overall

objective.

To address these considerations at various stages of the algorithm, a range of

commonly used techniques includes GP inference (see Section 2.3.2), CNNs (see

Section 2.3.1), unsupervised computer vision (CV) and computational geometry

techniques, and BO (see Section 2.3.3).

There have been suggestions on how to structure this tuning process by Ares

(2021) [98] and Zwolak and Taylor (2023) [99]. These approaches are illustrated in

Fig. 2.13. The terminology differs slightly between the two and I will elaborate on

these differences below. It is important to note that both of those frameworks did

not come with a demonstration of the full tuning functionality. The jury is therefore

still out on how to best think about the tuning process. I will structure the literature

overview according to these two suggestions as they provide a good foundation.

We begin with a grounded device where the electrostatic potential landscape is

mostly flat. Zwolak and Taylor (2023) [99] introduce a preliminary “bootstrapping”

phase, which includes tasks such as checking the functionality of gates, testing for
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leakage currents that indicate a fabrication problem, and establishing safe operating

voltage ranges that will not damage the device. To my knowledge, these specific tasks

have not been the focus of any publication, as these steps are generally considered

trivial and not warranting detailed investigation.

Ares (2021) [98] proposed the first stage as “super-coarse tuning” which overlaps

with the “bootstrapping” stage of Zwolak and Taylor (2023) [99] and their subsequent

“coarse tuning” stage. The overarching theme of this stage is to set the rough

potential of the device, i.e., form a DQD. Following this, it may be beneficial for

downstream tasks to “establish controllability” [99], by, e.g., determining cross-

talk between gate electrodes.

Subsequently, we move to the “coarse tuning and characterisation” stage as

described by Ares (2021) [98], or “charge state tuning” according to Zwolak and

Taylor (2023) [99]. At this stage, the goal is to deplete the quantum dots, allowing

operation in the few-electron regime.

Both frameworks agree on a stage termed “fine tuning” immediately prior to

encoding a qubit. This involves further manipulation of the potential landscape

to adjust specific physical parameters, such as the inter-dot coupling. Ares (2021)

[98] extends the process by suggesting an additional stage focused on optimising

a qubit once it has been established.

The linear representation of the process is a significant simplification. Each

publication addresses various challenges, sometimes fitting well within this linear

framework and at other times only touching on specific aspects. The publications

use different device architectures, material platforms, and measurement techniques.

Therefore, while one might borrow ideas from specific publications to unify this

pipeline, each step ultimately requires tailoring to the specific context of the

device in question.

I will now highlight the progress in the literature for the stages of the tuning

process. I have placed most of them in Fig. 2.13 but as discussed above, the

publications do not always fit neatly into the proposed frameworks, so please enjoy

this figure with a pinch of salt. I added more depth to the pipeline by showing which
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Figure 2.13: Autonomous tuning literature. There are two suggestions in the
literature on how to structure the tuning process. I show both frameworks and how they
align with each other. Publications automating particular steps of the tuning pipeline
are listed below the two proposed frameworks. I colour-code each publication by whether
the authors used simulated data (blue), experimental data (red), or demonstrated their
approach live with a real device (purple). Further the border of each publication indicates
whether they employ transport measurements (green solid line) or a charge sensing scheme
(dashed purple line). Graphics at the top are adapted from Ares (2021) [98].

of the publications were done using transport measurements and which used charge

sensing. This is indicated by the colour of the edge of the corresponding boxes. On top

of that I use the background colour of the boxes to hint at whether the work was done

using simulated data, experimental data (but offline), or online with a “live” demo.

2.5.1 Setting the rough potential

The first algorithm to address autonomous tuning was introduced by Baart et

al. (2016) [37]. This algorithm is highly device-specific and may not generalise to

other devices. In terms of the landmark metaphor this means: they already have a

very detailed map, and the street signs are always clearly visible, which is not always
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the case in practice. The authors demonstrated the ability to tune a device from

scratch to a double dot in the single-electron regime through a three-step process.

First, they find the pinch-off of each gate, i.e., the voltage which divides the voltage

space into a region of low or no current and a region of high current. Secondly, they

take 2D scans of the current as a function of the barrier gates, fit a tetragon to the

region of large current and use this to take a higher resolution scan where they expect

a single dot to form. A point in gate voltage space is selected based on post-processed

charge stability diagrams, and the process is repeated to form a double dot. As their

last step they template match a cross pattern in a charge sensing measurement to fix

the number of electrons in the double quantum dot (see Section 2.5.4 for more details).

They demonstrate the overall strategy on how to find a double dot automatically,

i.e., finding pinch-off, looking for Coulomb peaks which are characteristic QD features,

and mapping out the region of high current in voltage space. This is an important

contribution as later literature builds upon those findings.

Darulova et al. (2020) [29] picked up the ideas developed by Baart et al. (2016) [37]

and combined it with various classifiers that guide the tuning, making it applicable

to a larger range of devices. Through a series of binary decisions that are guided

by heuristics and by the results of classifiers that were trained on real data, they

arrive in a single or double dot. Of the five devices that pass the initial quality

tests, three were successfully tuned in two cool-downs and two were successfully

tuned in one of the two cooldowns.

Darulova et al. (2020) [29] rely on a lot of device-specific knowledge, e.g., the

heuristics in the tuning process and the way the tuning algorithm steps through

voltage space. This hampers the generality of their approach. However, it may lead

to very fast tuning times which they unfortunately do not report.

Device-specific algorithms are not necessarily bad in the context of tuning up

a large-scale quantum computer because we can assume that all devices in such

a quantum computer are very similar. Speaking in terms of the metaphor, if we

want to find the Radcliffe Camera in Oxford over and over again, we will have a

very good map and strategy to find it at some point. A highly specialised approach
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Figure 2.14: Visualisation of hypersurface construction. Many algorithms rely
on mapping the area between conducting and non-conducting regions. In certain parts,
we expect to find DQDs, which exhibit recognisable features in the stability diagram (see
measurements on the right). This figure is reprinted from Ref. [30].

might therefore be favourable, even though a more general approach is more robust

to variations in the task and to noise.

Moon et al. (2020) [30] show what a more general approach can look like. Their

algorithm revolves around the idea of mapping out the surface between high and low

current areas, similar to Baart et al. (2016) (see Fig. 2.14). However, they assume

little prior knowledge about the device. In terms of the landmark metaphor, this

means that they first build a map instead of assuming one from previous knowledge.

They claim that the time needed to find a double quantum dot is only 70

minutes, and therefore less than the time needed by a human expert (3 hours).

Another advantage of this method is that it is robust against failing gates. In their

study, one gate showed leakage current and was therefore excluded from the tuning.

Other approaches [29] would have sorted out this device as untuneable but Moon et

al. (2020) were still able to tune that device into a double quantum dot.

Severin et al. (2021) [31] take what is essentially the same algorithm and show

that it can tune three different silicon-based device architectures into a the double

quantum dot regime, further showing the generality of the approach.

While very general, there are some issues with the algorithm of Moon et al. (2020).

It does not stop on its own but only when it is timed out. The recognition of double

quantum dot is done a posteriori by human experts. This could be fixed by combining

the algorithm with the classifiers developed by Darulova et al. (2020) [29].
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Taking the idea of mapping out the gate voltage space to the extreme is the

work of Euler et al. (2020) [100]. They use a semiconductor device with a circular

arrangement of gates and create a large data set of current measurements while

controlling input gate voltages. They use that data set to train a neural network

that can predict the current given a set of gate voltages. The neural network is

essentially a virtual representation of the device. They can use it to determine

a set of gate voltages that will lead to a specified behaviour, e.g., for the device

to act as a logical gate or as a classifier.

A different angle was taken by van Straaten et al. (2021) [32]. In terms of the

metaphor, they managed to find the Radcliffe Camera by moving extremely fast

but in a random walk. They rely on fast measurements based on radio-frequency

reflectometry and can take a device from being grounded to showing DQD features

in about 15 minutes. This measurement technique allows them to speed up the

process to a point where they don’t need much guidance anymore, they can simply

search through the parameter space with a random walk and some guidance from a

GP. They use a score function based on the Fourier transform of the measurement

signal to inform their algorithm.

2.5.2 From a single to a double quantum dot

Several publications have suggested a way to automatically tune a device from a

single dot to a double dot. The algorithms here start with a single dot or close to

the single dot regime. In a charge stability diagram, i.e., a 2D scan of the current

as a function of the gates that control the electrochemical potential of each dot

(so-called plungers), this expresses itself as diagonal lines. Double dots show a

honeycomb pattern and eventually bias triangles instead. Kalantre et al. (2019) [33]

showed on mostly simulated data that it is possible to train classifiers to distinguish

the two features. With the trained neural network able to tell in which gate

voltage region a device is, they use a simple numerical optimiser to find the desired

configuration. They demonstrate this algorithm on simulated data and on a real
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Figure 2.15: Visualisation of ray-based fingerprinting. a A stability diagram
measured via a charge sensor is displayed. The stability diagram includes regions of DQDs,
SQDs, and areas with no dots. The figure illustrates how the rays effectively sub-sample
a 2D scan. b Measurements from the rays closest to the center in a are shown. These
measurements are post-processed to identify the transition line nearest to the measurement
center, which is marked with a black dot. c The post-processed data from b is input into
a neural network, which predicts whether there is a DQD, no dot, or a SQD under the left
plunger gate, right plunger gate, or centrally between them. Reprinted from Ref. [35].

device to a limited extent. Zwolak et al. (2020) [34] systematically demonstrate

that algorithm online, i.e., in real time.

The same authors have also proposed an improved version of their algorithm,

in Zwolak et al. (2021) [35]. Instead of measuring full two-dimensional scans and

feeding them into neural networks, they introduce “ray-based fingerprints” that

reduce the amount of measurements needed by about half (Fig. 2.15). The scheme

leverages one-dimensional projections of the device response in the multidimensional

parameter space. They report improved accuracy and a reduced complexity in the

classifier structure, i.e., a smaller neural network. They argue that these smaller

neural networks are needed for on-chip tuning in the future.

Nguyen et al. (2021) [36] show that it is possible to solve the problem of tuning

into the double dot regime using reinforcement learning (RL). They train a so-

called RL agent, in this case a neural network, to move in the plunger voltage

space to find bias triangles.
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2.5.3 Establish controllability

There is considerable cross talk between the gate electrodes because of their proximity.

In my analogy, this means that we need to adjust the way we walk so that if you

think you are moving North, you are actually moving North and not also slightly

West. In the context of quantum dot tuning, this means determining the virtual

gates such that each gate only changes what it was intended to change.

Some work has been done to introduce methods for the extraction of virtual

gates on the device. Mills et al. (2019) [101] demonstrate the extraction of virtual

gates with simple methods such as Hough transforms and template matching in a

triple quantum dot. Using virtual gates, they can tune the inter-dot tunnel couplings

of both pairs of DQD configurations.

Ziegler et al. (2023a) [102] show that neural networks can be used to classify

stability diagrams on a pixel level which in turn enable the automatic extraction

of virtual gates.

Oakes et al. (2020) [103] demonstrate this characterisation task for more quantum

dots. They extract virtual gates of 2x2 dot array using stability diagrams that are

processed with a Hough transform and then fed into a neural network. Similarly,

Chatterjee et al. (2022) [44] develop an active learning scheme that characterises

a 2x2 array by estimating the polytope of Coulomb blockade boundaries. From

these, virtual gates could be extracted.

When using sensor dots to measure the device quantum dots, one also needs

to consider the cross talk of those sensors with the device quantum dots. Hickie

et al. (2023) [97] show an automated method to do this. They also show the

autonomous tuning of the sensor dot for optimal sensibility. Similarly, Hader et

al. (2023) [104] study the optimal operating regimes of sensor dots by modeling

the noise of measurements of sensor dots.

2.5.4 Finding the correct charge configuration

To encode a spin qubit, we typically want to reduce the number of electrons or holes in

the QDs to a few or single electron/hole regime. Finding a suitable charge transition
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Figure 2.16: Demonstration of template matching. Three stability diagrams of three
different DQDs measured with charge sensing are shown. The insets show the template
that is used to find the inter-dot transitions. The ones found by the algorithm are encircled.
The single-electron regime is found by checking the region to the lower left of the most
bottom-left detected cross. If no more crosses are found, it is assumed that the DQDs are
depleted in that area, allowing for the assignment of the number of charges. Reprinted
from Ref. [37].

is usually done by first completely depleting the quantum dots, i.e., there are no

more electrons or electron holes in the dots, and then counting charge-transitions

until the number of charges is right in each dot. Charge-transitions can be measured

using a nearby sensor dot, or a quantum point contact. In the landmark metaphor

this means that we try to find the Radcliffe Camera by finding a different landmark

we can recognise directly, say, Magdalen Bridge, and then counting intersecting

roads on the way towards the Radcliffe Camera.

As previously mentioned, Baart et al. (2019) [37] identify the crossing of two

charge-transitions by matching the relevant features in the stability diagrams to a

template. Assuming we also know when the dots are both empty, those crossings

can be used to determine and set the number of electrons in each dot (Fig. 2.16).

Durrer et al. (2020) [39] train neural networks to recognise transitions in charge

stability diagrams and use this to tune into a desired charge state. They first deplete

the dots until they are empty and then fill them to the desired number of electrons

by counting the relevant features. They report a success rate of only 57% and

attribute it to a low signal-to-noise ratio.



2. Background 45

Lapointe-Major et al. (2020) [40] report that it is possible to tune into the single

electron regime using simpler techniques. They remove background noise and then

use the Hough transform to detect transitions. The authors only demonstrate their

method on a single stability diagram and they don’t systematically benchmark

the algorithm, e.g., for random starting positions. Thus, it is not clear how well

the algorithm works.

Czischek et al. (2021) [38] show a similar approach to Lapointe-Major et al. (2020)

but use very small neural networks to detect transitions. In contrast to Lapointe-

Major et al. (2020), they study the success rate of their algorithm which finds the

single-electron regime in about 75% of the times.

Ziegler et al. (2023b) [105] present an approach that integrates multiple tuning

stages. They begin with a coarse-tuning module that assumes pre-set barrier voltages

and can transition from a single to a double quantum dot using previously developed

algorithms [33–35]. Next, they establish controllability as described by Ziegler

et al. (2023a) [102] and navigate to a specified charge state following ideas from

Zwolak et al. (2021) [35]. Their methods are primarily tested on simulators and

only validated offline with experimental data. The real-world performance of this

approach remains to be demonstrated.

2.5.5 Fine tuning

Van Diepen et al. (2018) [43] show the automatic tuning of the inter-dot tunnel

coupling using fitted measurement data and a simple feedback loop. Botzem et

al. (2018) [106] show different techniques that can be used to characterise the device.

Additionally to the inter-dot tunnel coupling t, they describe techniques to extract

the tunnel coupling to the leads, and how to locate certain operating points. They

claim that their measurements can be done with almost no human interference.

Teske et al. (2019) [42] use the techniques from Botzem et al. (2018) [106] to

automatically fine tune parameters. They estimate the gradient of the parameters

which are being tuned (the width of the inter-dot transition in gate voltage space, w,

and the time required to reload a singlet tsr) with respect to the gate voltages. Based
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Figure 2.17: Fine tuning using a variational autoencoder. a The device used in
this study by van Esbroeck et al. (2020), probed using transport measurements. b A
large stability diagram serving as the starting point. The pairs of triple points lack the
typical triangular features. The algorithm adjusts the barrier voltages to transform a pair
of triple points into bias triangles. c The algorithm flow. The variational autoencoder
(VAE) is used as a way to score the measurements and inform a decision making algorithm.
Reprinted from Ref. [41].

on that gradient, they calculate a new set of voltages and iterate. The advantage of

this method is that the estimation of the gradient of the QD’s characteristics as a

function of gate voltages provides insight into the tunability of a quantum dot.

Van Esbroeck et al. (2020) [41] have taken a deep learning approach for fine tuning.

They train a deep generative model, a variational autoencoder, on bias triangle

measurements. The model provides a latent representation of those measurements.

By introducing targets labelled by experts in this latent space, they can reduce

the distance between an untuned pair of bias triangles and the targets in latent

space (Fig. 2.17).

2.5.6 Classification approaches

Some publications are only concerned with the aspect of classifying measurements.

This emphasises the importance of the aspect. Think back on the Radcliffe Camera

metaphor: If we can’t see where we are, then we don’t know where to go.

Schug et al. (2024) [107] propose a method for the explainable classification of a

measurement type called “triangle plot” (as dubbed by the authors) which can be

used in the early stages of tuning when setting the rough potential. Using so-called

explainable boosting machines, they devise a method that does not need a neural
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network to function. Since it is an explainable technique, they argue that this may

work better in a hybrid tuning model where humans intervene from time to time.

Weber and Zwolak (2023) [108] propose a way to annotate charge stability

diagrams with the label of single, or double quantum dots, or no dots. They base

their scheme on the “fingerprinting” method of Zwolak et al. (2021) [35].

I previously introduced the work of Ziegler et al. (2023) [102] when talking about

establishing controllability. Their work also falls in this category of publications

focused on classifications as their neural network does a pixel-wise classification

of charge stability diagrams.

Muto et al. (2024) [109] show a neural network approach to recognise charge

states, i.e., single, or double quantum dots, or no dots. The largest contribution they

make is that they gain insights into the inner workings of the neural network and

show that the neural network indeed looks for the transitions lines when making

a decision, much in the same way as humans.

Most coarse tuning methods rely on training a classifier, which usually requires

a large amount of data. Since real experimental data can be scarce, Darulova et

al. (2021) [110] investigate the performance of such classifications depending on

whether real or simulated data is used. They specifically look at the classification

between single and double dot features. They find that training with real data, or

with real and simulated data mixed, gives the best accuracy. They conclude that

real data is more important and that realistic noise models need to be included

in the simulated data for them to prove helpful. On a similar note, Ziegler et al.

(2022b) [111] emphasise the importance of noise models and show how appropriate

noise models can improve the quality of classifiers trained on simulated data.

2.5.7 Beyond the initial tune-up

If the initial tuning is successful, the story does not end here. For one, having

successfully tuned a qubit does not say anything about its quality. We therefore

may wish to optimise things like the fidelity of one- or two-qubit gates. Multiple

qubits also require multiple (double) quantum dots to be tuned in vicinity of each
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other, i.e., the tuning of arrays would need to be addressed. This is complex due to

the interaction between the gates and complex features that occur when measuring

multiple quantum dots at once.

The optimisation of single-qubit gates has been demonstrated by Cerfontaine

et al. (2020) [112]. They measure eight error syndromes in a singlet-triplet qubit

defined in GaAs and use those to optimise pulse sequences using a simple numerical

optimiser. Using this technique, they achieve a gate fidelity of 99.5%. They do not

optimise this fidelity directly but optimise via error syndromes. It might therefore

be possible to push the fidelity even higher by directly optimising it.

Berritta et al. (2024) [113] stabilise a singlet-triplet qubit and optimise the

coherence time by leveraging fast computations that estimate local fluctuations

that affect the qubit performance.

Although many algorithms for various of the steps have been proposed, it remains

unclear how to combine them. Looking at the calibration of superconducting quantum

computers can offer some insights into this. Kelly et al. (2018) [114] developed a

framework in which the calibration process is represented as a directed acyclic graph

that corresponds to dependencies in the calibration routine. By traversing this graph,

a system can be calibrated and maintained, effectively representing and utilising

human knowledge about the dependencies of different steps. However, translating

this algorithm to the tuning of semiconductor quantum devices is not straightforward.

The largest spin qubit device to date was presented by Philips et al. (2022)[28].

They operate a six qubit processor. To do this they need extensive calibration and

they use a framework similar to the one introduced by Kelly et al. (2018) [114].

Tuning of arrays has been demonstrated and first steps towards automation

have been taken. Volk et al. (2019) [115] show how an array of eight dots can

be systematically tuned by sequentially tuning single dots and using virtual gates,

i.e., combinations of the real gates that aim to counteract cross-talk effects. This

approach, however, was not automated. Liu et al. (2022) [116] use a very similar

approach to show that they can tune up a linear array of four quantum dots. They
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Figure 2.18: Improvements of devices using high-throughput characterisation.
a A model of the devices developed by Neyens et al. (2024). b Over multiple generations,
device fabrication improved. The voltage required to turn current on and off with a
particular gate, the threshold voltage, is shown. The variance in threshold voltage is
significantly reduced in later generations. c Stability diagrams of SQDs representative of
each generation are displayed. The uniformity of these stability diagrams improves due to
the feedback loop. Reprinted from Ref. [24].

combine the ideas of Volk et al. (2019) [115] with neural networks that estimate

the charge state and the tunnel coupling between dots.

2.5.8 Alternative approaches

Looking on from that, the need for tuning can be reduced by other means. Neyens et

al. (2024) [24] show that improving the fabrication can make devices more predictable.

They show that a median of 63% of the quantum dots per device could be set

to the single electron regime with a single common plunger gate voltage after

improving the fabrication of devices with rapid and large-scale characterisation.

Fig. 2.18 illustrates the improvement of the devices using a feedback loop between

measurements and fabrication.

A different approach is taken by Meyer et al. (2023) [117]. Using hysteretic

effects, they show that the voltages to have a single electron on a quantum dot

are actually tunable and can be tuned to a certain value. If properly exploited,
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this could reshape tuning pipelines. However, it remains to be shown that this

effect can actually improve tuning.

Finally, it is worth mentioning the work done by Klimov et al. (2020, 2024) [118,

119] on superconducting qubits. They show that on larger quantum processors

with tens of qubits, optimisation can be done to enhance the performance on a

systems level rather than for single qubits. Similar work will have to be done for

spin qubits once they reach this size.

The automation of the tuning process is an active field of research and many

groups have made significant contributions. The whole pipeline, however, remains

to be automated from end to end. There is, therefore, an opportunity to address

those shortcomings. A framework needs to be established that connects the different

parts of the tuning process and possible gaps in the tuning pipeline need to be

filled. This is the focus of this dissertation.



3
Automated identification of Pauli spin

blockade

Contents
3.1 Context of Pauli spin blockade in spin qubits . . . . . . 52
3.2 Experiment . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

3.2.1 Pauli spin blockade . . . . . . . . . . . . . . . . . . . . . . 55
3.2.2 Simulator . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
3.2.3 Deep learning . . . . . . . . . . . . . . . . . . . . . . . . . 61

3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
3.3.1 Benchmarking . . . . . . . . . . . . . . . . . . . . . . . . 64
3.3.2 Benchmarking with smaller neural network . . . . . . . . 70
3.3.3 Testing on simulated data . . . . . . . . . . . . . . . . . . 70
3.3.4 Influence of the number of simulated pairs . . . . . . . . . 73

3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

The challenges in constructing automated tuning algorithms are plentiful. One

of the main challenges is to make decisions based on noisy data with complex

structure. Identifying Pauli spin blockade (PSB) in charge transport measurement

is an example. Its signatures can be subtle and there is not a lot of data available

to train a decision algorithm.

In terms of the landmark metaphor introduced in Chapter 1, this is trying to

answer the first question: How can we interpret what we see? I explain how a

machine learning approach is able to solve this. I evaluate the performance of

51
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two different neural network architectures trained on simulated and experimental

data, examine the impact of the number of training samples, and show how this

algorithm can be integrated into a tuning flow.

This chapter is adapted from my publication

J. Schuff, D. T. Lennon, S. Geyer, D. L. Craig, F. Fedele, F. Vigneau,
L. C.. Camenzind, A. V. Kuhlmann, G. A. D. Briggs, D. M. Zumbühl,
D. Sejdinovic, and N. Ares, “Identifying Pauli spin blockade using deep
learning”

published in the journal Quantum in 2023 [46]. Parts are taken verbatim from

that publication.

This work was done in collaboration with the University of Basel. To honour

the collaborative nature, I use the first person plural form in this chapter. My

contribution was to perform the experiments, write the simulator, perform the

training and evaluation of the neural networks, and write the manuscript, see also

the author contributions statement of Ref. [46].

3.1 Context of Pauli spin blockade in spin qubits

PSB is often a crucial requirement for spin qubit initialisation and readout. It

allows for spin-to-charge conversion, as spin-conserved tunneling leads to current

rectification [47]. We can rely on PSB even at elevated temperatures (>1K) that do

not require a dilution refrigerator and ease the requirements on the experimental

setup [22, 23, 120, 121]. It is thus essential to reliably and efficiently detect PSB.

However, detecting PSB is challenging even for experienced experimenters because

evidence for PSB is often subtle. In the few-charge regime, PSB can occur at

unexpected gate voltages or might be entirely absent due to variations in device

fabrication and material defects. In the multi-charge regime, identifying PSB is

like finding a needle in a haystack; the regions in the stability diagram where PSB

manifests can be extremely small and easily overlooked. Moreover, PSB can be

partially lifted, e.g., by spin-orbit coupling, which can allow some current to flow

even when PSB is expected. These partial lifts make it harder to distinguish PSB
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from other transport phenomena. The appearance of PSB relies on several factors,

including the precise details of the confinement potential, which are affected by

fluctuations in the disorder potential due to fabrication variances and defects within

the material. All these complexities contribute to the elusiveness of PSB.

To achieve true scalability, we need an automatic method for detecting PSB that

can be incorporated as a fundamental building block into a fully automatic qubit

tuning algorithm. The scarcity of available data makes reliable automation tough.

In addition, PSB data tends to be unbalanced, meaning that there are many more

examples of measurements in which PSB is not present than examples evidencing

PSB. Measurements exhibiting PSB are therefore rare in an already scarce body

of data. An automatic approach would also allow us to gather sufficient data and

insight to reveal the factors that determine the presence of PSB, which can be even

more difficult to identify in material systems with strong spin orbit coupling.

We demonstrate how to detect PSB using deep neural networks. Deep neural

networks were used in the context of charge state identification, coarse and fine tuning

and readout [29–31, 33–43, 45, 106, 122], with some approaches using simulated

data to train their algorithms [33, 34, 110]. Unlike these cases, automatic PSB

detection required us to make use of extremely scarce and unbalanced quantum

device data. We developed a physics-inspired simulator and introduced cross-device

validation to address this challenge.

We demonstrate our algorithm in a silicon fin field-effect transistor (FinFET)

confining holes [23]. We show that we can achieve an accuracy of over 96% on

identifying signs of PSB on unseen devices. The data stems from four silicon FinFET

devices with different gate dimensions. We designate training devices, from which

we extract training data, and testing devices, from which we extract data to test

our algorithm. We discuss the performance of the algorithm for different types

of training data, using simulated training data, measured training data, and a

combination of both.
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Figure 3.1: Silicon FinFET device. a Schematic and b cross-sectional TEM image of
a silicon FinFET device. The plunger gates (P1 and P2) accumulate holes in a DQD, the
inter-dot barrier is controlled by B and source and drain reservoirs are accumulated using
lead gates (L1 and L2).

3.2 Experiment

A schematic representation of a silicon FinFET device similar to the ones used in

this work and a cross-sectional transmission electron microscope (TEM) image are

shown in Figs. 3.1. The devices are fabricated using a CMOS-compatible fabrication

process, where a self-alignment technique allows for ultra-small gate length and

intrinsically perfect layer-to-layer alignment [123]. The fin provides a quasi 1D

confinement for holes and a double quantum dot (DQD) can be defined using gate

electrodes. Source and drain reservoirs are formed by lead gates L1 and L2, which

accumulate p-type carriers. The plunger gates P1 and P2 allow for control of the hole

occupancy. The inter-dot coupling is controlled by gate B. We perform transport

measurements by applying a bias voltage VSD between source and drain drawing a

current I through the device. Measurements of current as a function of the plunger

gate voltages VP1 and VP2 are called stability diagrams. Energetically allowed charge

transitions appear as two bias triangles in stability diagrams, see Fig. 3.2c. Bias

triangles indicate that the device is tuned into the DQD regime.

Four devices with different dimensions (for details see Appendix A.1) were

measured at different bias voltages and at temperatures ranging from 20 mK to

1.5 K. In all measurements the magnetic field was applied in-plane and perpendicular

to the fin as indicated in Fig. 3.1a.
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Figure 3.2: Pauli spin blockade mechanism and measurements. a, b Schematic
of the transport cycle in the unblocked (a) and blocked (b) configurations, respectively.
In the unblocked configuration (a), holes can easily tunnel through the device. In the
blocked configuration (b), spin conservation blocks the transport through the ground
state transition when inverting VSD due to the forbidden T(1, 1)−S(0,2) transition. c Bias
triangles with positive VSD. d Bias triangles with negative VSD. The current at the base
line of the triangles, i.e. current due to the T(1, 1)−S(0,2) transition, is blocked (left). A
finite magnetic field B = 0.1 T lifts the blockade (right). We show the absolute value of
current for ease of comparison between figures. We outline the bias triangles with white
dashed lines to guide the eye.

3.2.1 Pauli spin blockade

PSB has been introduced in Chapter 2.1.3. The description there applies to both

holes and electrons. We reiterate the main points here and give more context for

PSB in the devices used in this chapter. For positive VSD, we expect transport cycles

to be possible (see Fig. 3.2a). When applying a negative VSD, we expect transport

through the DQD is blocked since the T(1, 1)−S(0,2) transition is forbidden by spin

conservation (see Fig. 3.2b). The effect is also possible in the opposite bias direction,

i.e. a blockade can occur with positive bias voltage for a (1, 1)−(2, 0) charge transition.

The blockade can be lifted by processes that allow transitions out of the T(1,1)

state. The mechanism for holes and strong spin orbit coupling in a magnetic field

is described in detail in Ref. [124] and Chapter 2.1.3.

Signatures of PSB can be observed in Figs. 3.2c, d. Two bias triangles are visible

for VSD = 8 mV. For opposite polarity VSD = −8 mV the current at the common

base line of the triangles, i.e. current due to ground state transitions, is strongly
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suppressed at zero magnetic field. The excited state transitions are visible as parallel

stripes away from the common base line. They appear at a detuning exceeding the

singlet-triplet splitting and are visible in both bias directions, although the magnitude

of the corresponding current might differ due to device asymmetries. The blockade

at the base line of the bias triangles is lifted for a magnetic field of B = 0.1 T. PSB

can be detected by comparing stability diagrams displaying bias triangles at B = 0

and B ̸= 0 and looking for changes in the base line current. Two stability diagrams

showing the same bias triangles at B = 0 and B ̸= 0 will be called a pair. These pairs

are the type of data required by our algorithm to identify PSB. A comparison between

stability diagrams corresponding to opposite signs of bias voltage could also be used

to identify PSB. We expect that this comparison is difficult to use in PSB detection

since differences in the transport features might arise from device asymmetries.

3.2.2 Simulator

A simulator allows us to generate large and diverse data sets needed to train the

deep learning algorithm. Our goal is to simulate pairs of stability diagrams, as

introduced in Section 3.2.1. To achieve this, we first calculate the steady state

current [125] with one energy level in each quantum dot. Next, we consider multiple

energy levels in each dot and sum the contribution of every possible combination

of energy levels to determine the total current.

Let us consider the steady state current through a double quantum dot coupled

to fermionic reservoirs. For an energy level EA in the left dot and an energy level

EB in the right dot we define the detuning as ϵ = EA − EB. These energy levels are

seen as the combined charge and spin states of an excess electron. We describe the

simulator in terms of electrons but it holds true for holes as in the silicon FinFET

used in the experiment. We consider an electron to already occupy the right dot.

The tunneling rates from the left reservoir (the source) and to the right reservoir (the

drain) are ΓL and ΓR, and the tunneling rate between the dots is ΓT . This situation

is shown in Fig. 3.3a. The stationary solution from Ref. [125] is given by



3. Automated identification of Pauli spin blockade 57

Ipartial = Γ2
T ΓR

Γ2
T (2 + ΓR/ΓL) + Γ2

R/4 + ϵ2 . (3.1)

Figure 3.3: Explanation of the simulator. a Fundamental building block. If only
one energy level is available in each dot, we can compute the current through a double
quantum dot. b Simulation with several levels in each dot. We simply add the contribution
of each pair according to 3.3a. If the DQD is in Pauli spin blockade, lower levels can be
identified with singlet and triplet levels, higher levels are excited levels. The excited states
are associated with the same number of charges in the DQD as the lowest states, but with
additional energy, e.g., due to one charge occupying a higher orbital (see Fig. 2.3). To
simulate the effect of Pauli spin blockade, transitions from a singlet to a triplet state are
suppressed.

The total current consists of contributions due to different energy levels in the

left and right dot, as illustrated in Fig. 3.3b. The excited states are associated with

the same number of charges in the DQD as the lowest states, but with additional

energy. This can be due to, e.g., one charge occupying a higher orbit (see Fig. 2.3).

The current is given by

I =
∑
EA

∑
EB

Ipartial =
∑

i

∑
k

(
Γ(i,k)

T

)2
Γ(k)

R(
Γ(i,k)

T

)2
(2 + Γ(k)

R /Γ(i)
L ) +

(
Γ(k)

R

)2
/4 + ϵ2

(i,k)

. (3.2)
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Each level in the left dot E
(i)
A is associated with a source tunneling rate Γ(i)

L .

Accordingly, each level in the right dot E
(k)
B is associated with a drain tunneling

rate Γ(k)
R and each pair of energy levels (E(i)

A , E
(k)
B ) is associated with an inter-dot

tunneling rate Γ(i,k)
T . This equation is only used if the lowest energy levels in each

dot are in the bias window. Otherwise the DQD is in Coulomb blockade and current

will be suppressed by setting I to zero.

Energy levels are computed by considering the gate voltage of each assigned

plunger gate VA, VB and the associated lever arm LA, LB that translates voltage

to an energy. Additionally, we introduce cross talk terms CA, CB which describe

the influence of a plunger gate on the other quantum dot, i.e. the dot that the

gate was not intended to be influenced. This way, the ground energy levels E
(0)
A

and E
(0)
B can be computed as

E
(0)
A = LA · VA + CB · VB, (3.3)

E
(0)
B = CA · VA + LB · VB. (3.4)

Each energy level E
(i)
A (E(k)

B ) for i > 0 (k > 0) is split from the previous energy

level by an energy E
(i)
split (E(k)

split):

E
(i)
A = E

(i−1)
A + E

(i)
split, (3.5)

E
(k)
B = E

(k−1)
B + E

(k)
split. (3.6)

We apply white noise κ to each energy level with κ ∼ N (1, σ2), where σ is a

sampled parameter (Appendix A.2). The indices (i), (k) are omitted from now

on for readability.

Thermal broadening of the triangles is taken into account by adding the thermal

energy kBT to source potential µ̃S and drain potential µ̃D with the Boltzmann

constant kB and temperature T , µS = µ̃S + kBT , and µD = µ̃D + kBT . The tunnel

rates are modified due to the effects of temperature as,

ΓL = Γ̃Lf(EA, µS), (3.7)
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ΓR = Γ̃R[1 − f(EB, µD)], (3.8)

where Γ̃L and Γ̃R are sampled parameters, and f(ϵ, ν) = (1 + exp( ϵ−ν
kBT ))−1 is the

Fermi-Dirac distribution. Equally, Γ̃T is sampled and then rectified to only allow

for physically possible transitions in the bias direction:

ΓT =
Γ̃T , if EA − EB ≥ 0

0, else.
(3.9)

Equations 3.1 to 3.9 produce one triangle of the pair we need. We can think

of this as the cycle (0, 1) → (1, 1) → (0, 2) → (0, 1) with (m, n) indicating m

electrons (holes) in the left dot and n electrons (holes) in the right dot. There is

another cycle possible, namely (1, 2) → (1, 1) → (0, 2) → (1, 2). The bias triangle

associated with this cycle is shifted due to the electrostatic coupling energy between

the dots ECm . This second triangle is simulated by shifting all energy levels by

ECm and repeating the current simulation discussed above. If the bias triangles

overlap, only the maximum current is used.

To mimic experimental observations and to create a diverse data set, we get a

set of two bias triangles by randomly sampling the scalar parameters

{LA, LB, CA, CB, σ, µ̃S, µ̃D, T , ECm},

the vector parameters

{Γ̃L, Γ̃R, Esplit},

and the elements of the matrix Γ̃T . The dimensions of the vectors and the matrix

depend on the number of energy levels we consider in each dot, which is also sampled

randomly. This means that the total number of parameters varies between 24

(when the minimal number of energy levels is used) and 48 (when the maximal

number of energy levels is used). All these parameters are significant as they define

the physical properties of the simulated quantum dot system. The simulator then

generates a two dimensional charge stability diagram. A list of all sampling ranges

can be found in Appendix A.2.
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Finally, we add different types of noise to the simulations further to the noise

already described. Gaussian blurring is used to smooth the edges of the triangles.

The triangles can also move in voltage space due to charge switches or other drift

effects. Charge switch noise at random points simulates both effects, see Figure

3.4b bottom left for an example. We also add white noise to the final current

values at each simulated point.

To simulate the effect of PSB we add simple rules about where and how much

current is allowed. The right lowest level represents the S(0,2) level and we neglect

the small splitting of the left lowest energy level into S(1,1) and T(1,1), see Figure

3.3b, making it only one level. With PSB, tunneling between these two states is

prohibited because an electron will eventually occupy the T(1,1) state and will not

be able to tunnel to S(0,2). This leads to the rule:

For bias triangles in PSB, the tunneling rate between the two lowest energy

levels is set to 0.

An electron that is stuck in T(1,1) also blocks all other paths through the double

dot. Therefore, a second rule is introduced:

We suppress all current at a given point in voltage space if the only available

energy levels in the bias window are the lowest ones.

While this can lead to simulated measurements that may be unphysical, it enables

efficient training of the algorithm. We sample each parameter of the simulator,

e.g. lever arms, from a given range of possible values. We did not perform an

optimisation over those sampling ranges to avoid introducing a greater bias to

the output of the simulator.

Fig. 3.4 shows examples of simulated bias triangles. PSB is introduced for Bsim = 0

while it is not considered for Bsim ̸= 0 (Fig. 3.4a). Each pair of simulated stability

diagrams is marked by a grey box in Fig. 3.4. Examples of bias triangles where

PSB does not occur are shown in Fig. 3.4b. In this case the difference between

measurements in a pair is due to the added noise.
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With PSB

(b) 

I [a.u.]0 1(a)

Without PSB I [a.u.]0 1

Figure 3.4: Examples of simulated training data. Each pair in a and b (grey boxes)
represents a different set of parameters. The simulated current values are normalised
for each of these pairs. a Examples displaying PSB. b Examples in which PSB is not
introduced in the simulation. Running the simulator twice with the same parameters
results in two similar measurements that only differ due to the noise added to the simulator.

3.2.3 Deep learning

The neural network used is a deep residual network (ResNet) [126] with 18 layers. A

ResNet is a standard and well-established convolutional neural network architecture

that benchmarks very well on image recognition and classification tasks [127, 128]. It

introduces shortcut connections to mitigate the vanishing gradient problem, allowing

for the effective training of deeper networks. This architecture was chosen because

it enables the model to learn more features from the stability diagrams without

the degradation problems that typically occur in very deep networks, and because

it is a proven, reliable choice in the field.

The input to the neural network is a pair consisting of two stability diagrams, as

defined in Section 3.2.1. The current input values are jointly normalised between 0

and 1 for each pair. The neural network outputs a score between 0 and 1, where a

score of 1 corresponds to maximum confidence in the occurrence of PSB, and a score

of 0 corresponds to minimum confidence. The threshold for classification is set at 0.5.
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Due to the random sampling of parameters in the simulations and the randomness

in the data augmentation process, we expect a high variance in the results of the

classification if we train the neural network more than once. We thus train the

neural network ten times to obtain ten individual classifiers that we combine into

an ensemble of classifiers. By ensemble classifier we mean a classifier that uses the

average score of all individual classifiers as the score of the ensemble. This approach

is expected to produce more robust results than individual classifiers. We will later

compare the performance of the neural network based on the ResNet architecture

with the performance of a smaller network based on the LeNet architecture. Details

on the architectures and the training of the neural networks can be found in

Appendices A.3 and A.4.

3.3 Results

To test our algorithm, we consider a device that is tuned to a DQD regime. Often,

the next step is to identify bias triangles which might exhibit PSB. We select gate

voltage windows enclosing bias triangles as indicated by rectangles labelled A-C

in Fig. 3.5a. All other bias triangles that could be observed in this device are

displayed in Figure 3.6. To create the pairs introduced in Section 3.2.1 we combine

the bias triangles delimited by the chosen rectangles with an equivalent version of

these measurements at low magnetic field.

Magnetic field hysteresis can shift the PSB signature away from B = 0. This can

sometimes occur when using superconducting coils. We thus do not set B = 0 for

these measurements but we choose 9 different equidistant magnetic fields between

B = −0.08 T and B = 0.08 T. In this way, we create nine pairs of stability diagrams

for each gate voltage window A to C. Example pairs are displayed in Fig. 3.5b.

The predictions obtained by the ensemble of classifiers trained on simulated

data as described in Section 3.2.3 can be seen in Fig. 3.5c. All predictions for

charge transitions A and B are negative, i.e. no signs of PSB are detected. For

charge transitions in C PSB is detected for pairs with low magnetic field values

B = −0.06, −0.04, −0.02 T even though the base line is very faint when PSB is
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Figure 3.5: Using the classifier to find bias triangles exhibiting PSB. a Stability
diagram taken at B = 0.5 T. White rectangles are drawn by a human wishing to classify
bias triangles A-C. As in Fig. 3.2, we display the absolute value of current and outline the
bias triangles with dashed white lines. b Examples of pairs that are inputs to the classifier.
The bottom row shows the bias triangles from Fig. 3.5a, which serve as a reference, since
we expect PSB to be lifted at this magnetic field value. The same bias triangles are shown
in the top row at low magnetic field. Black arrows point at a vanishing common base line
indicating the presence of PSB. c Classification of bias triangles A-C. The ensemble of
classifiers produces a score for each of the nine pairs corresponding to charge transitions
A-C, which are composed by paired measurements at B = 0.5 T and at values of B close
to zero (B = −0.08 to 0.08 T). A score of over 0.5 predicts the occurrence of PSB. d
Magnetic field dependence of current measurements along the detuning axis, indicated
by white dotted lines in Fig. 3.5b. A reduction in current confirms the predicted PSB for
three pairs of C. We draw a dashed line from the pairs in Fig. 3.5b through Fig. 3.5c and
Fig. 3.5d to indicate the magnetic field values corresponding to those pairs. More results
can be found in Figure 3.6.

lifted. Our algorithm classifies pairs, not transitions. For charge transition C, some

pairs are classified as not exhibiting PSB for those magnetic fields for which the

signature of PSB is not apparent. Also, for this transition, the blocked current

occurs at B ≠ 0. We assume that the effective magnetic field is 0 for the blocked
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case and the offset is due to hysteresis.

To confirm the predictions, we measure the current at the base of the bias triangles

as a function of the magnetic field and detuning, see Fig. 3.5d. The detuning axes,

i.e. the sweep direction of gate voltages VP1 and VP2, are indicated as white dotted

lines in Fig. 3.5b. For charge transitions in C, the current suppression is evident at

low magnetic field values. This verifies that the corresponding pairs are correctly

identified as displaying PSB. Conversely, no current reduction is observed for bias

triangles A and B, confirming the absence of PSB. An automated tuning pipeline

could use this information to perform further experiments, such as measurements

of Rabi oscillations.

More classification results

Fig. 3.6 shows more classification results. Fig. 3.6a shows the stability diagrams with

the identified bias triangles as white boxes and Fig. 3.6b shows the predictions of

the classifier, which predicted no PSB for charge transitions D-F.

We repeat the same experiment for reversed bias. Fig. 3.6c shows the stability

diagram with identified bias triangles. We call them G-L to distinguish them from the

measurements in the main text even though they correspond to charge transitions A-F.

Here, all bias triangles were classified as not having PSB, shown in Fig. 3.6d.

3.3.1 Benchmarking

We now benchmark the performance of the algorithm for different types of training

data, and considering both individual and ensemble classifiers.

We built a data set consisting of 53 pairs, as defined in Section 3.2.1, originating

from measurements of four different devices. In this data set, we only included

examples that exhibit well shaped bias triangles and measurements that show either

clear signatures of PSB or no signatures of PSB at all, so that human experts can

verify the correctness of the label. Table 3.1 shows how many pairs are associated

with each device. All pairs used are shown in Fig. 3.8.
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Figure 3.6: More classification results. a Stability diagram for more bias triangles.
b Classification results corresponding to charge transitions in a. c Stability diagram for
reversed bias. d Classification results in the reversed bias case. As in Figs. 3.2 and 3.5, the
absolute value of current is shown and dashed white lines outline the bias triangles in a
and c.
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Device
i ii iii iv

Positive 1 15 2 1
Negative 0 16 14 4

Table 3.1: Structure of experimental data used to benchmark the algorithm.
For each of the devices considered, number of pairs displaying PSB (positive) and not
displaying PSB (negative) as assessed by a human judge. Data from device ii was collected
over multiple cool-downs. A few individual pairs might show the same charge transitions
in different locations in gate voltage space, e.g. for different tunnel coupling strengths. The
data set includes measurements corresponding to B = −0.04 T from Fig. 3.5 and Fig. 3.6.

To study the effect of different training data on the performance of the algorithm,

we investigate three cases, which we refer to as Simulated data (Sim), Experimental

data (Exp) and Mixed data (Mix). Sim corresponds to the case of training

the classifiers with only simulated data. These classifiers are the same as those

used for the predictions in Fig. 3.5. For Exp, training is performed only with

experimental data from the devices listed in Table 3.1. Mix is a mix of training

with experimental and simulated data; half of the training data is experimental

and the other half is simulated.

We augment the training data by random shearing, stretches, crops, contrast and

brightness such that there are 50,000 pairs. Details of training and augmentation

can be found in Appendix A.4.

Since our data set of measurements is small we employ a form of cross-validation

in the cases Exp and Mix which we call cross-device validation. This means that

each classifier is tested on data from a device that is different from the devices it

was trained on. Each of these groups of training and testing data forms a fold. The

process is repeated until all devices have served as a testing device once. Because

we don’t have both positive and negative pairs from device i we don’t use that

device as a testing device as computing some specific performance metrics is not

possible. In computation of the cross-validation performance metrics, we weight

each fold according to the number of pairs it holds. This can be seen as a form of

inverse-variance weighting. In the case Sim we do not need cross-validation since

we use only experimental data for testing.
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Figure 3.7: Benchmarking results. a Accuracy. Box plots with results from individual
classifiers plotted as dots, the mean of those is plotted as a dashed green line, and the
performance of the ensemble of classifiers as a solid orange line. b Receiver operating
characteristic (ROC). For each case, the ensemble ROC is plotted as a solid orange line
and the mean individual ROC as a dashed green line. c Area under the curve (AUC).
Legend as in Fig. 3.7a.

We define accuracy as the proportion of correctly classified data in the complete

data set. The accuracies of single and ensemble classifiers are shown in Fig. 3.7a.

Training the classifier with only simulated data (case Sim) leads to an ensemble

accuracy of 96.2%. This high accuracy indicates that our simulator produces data

that are similar to experimental measurements. The ensemble classifier outperforms

the mean of individual classifiers (92.8%), justifying the use of ensemble classifiers.

Previous classifiers that classify data from quantum devices show accuracies below

90% [110]. The mean accuracy of individual classifiers decreases to 84.2% for classifiers

trained purely on experimental data (case Exp) and the ensemble of classifers

achieves an accuracy of only 83.0%, showing the advantage of a simulator. These

lower accuracies indicate over-fitting as a result of small training data sets. The

simulated data provides a more representative and diverse data set that prevents this

problem. Mixing the two data types (case Mix) leads to the same ensemble classifier
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accuracy as using only simulated data (96.2%). The mean of the individual classifiers

improves to 95.7% and a lower variance of the individual classifiers is observed.

We find that neural networks trained only on experimental data strongly under-

perform those that were trained with only simulated data or a mix of both types

of data. Thus, the simulated data seems to be the main driver of performance in

contrast to the findings in [110]. The superiority of classifiers trained on simulated

data may be due to the scarcity of experimental data and specific to the problem of

detecting PSB. We train with between 31 and 48 experimental measurements before

augmentation in the cases Exp and Mix depending on the fold. In the case Sim

(Exp) we use 25,000 (12,500) simulated pairs before augmentation. The influence

of the number of pairs used in training is discussed later in Section 3.3.4.

The accuracy can be affected by the choice of the score threshold so we use other

metrics to further analyse our results. Choosing a score threshold means navigating a

trade-off between true positive rate (TPR) and false positive rate (FPR). The receiver

operating characteristic (ROC) curve, a plot of TPR against FPR, illustrates this

trade-off, see Fig. 3.7b. The area under the ROC curve (AUC) is independent of the

score threshold and is 1 for a perfect classifier. An arbitrary classifier would produce

a ROC that is a diagonal with an AUC of 0.5. In the case Sim we obtain an AUC

of 0.983 for the ensemble classifier, see Fig. 3.7c. This can be slightly improved by

mixing in experimental data (case Mix), leading to an AUC of 0.991. In comparison,

only using experimental data (case Exp) gives an ensemble AUC of 0.924. The

mean individual classifiers achieve an AUC of 0.983, 0.910, and 0.984 in cases Sim,

Exp and Mix, respectively. The results obtained by estimating the AUC are similar

to those obtained by calculating the accuracy of the classifiers; training only on

experimental data results in under-performing classifiers.

We show all experimental data used for the training and testing of the classifier

in Fig. 3.8. We split them according to device source (row) and whether they show

signs of PSB or not (column). Data from device iv corresponds to charge transitions

A, B, C, D, and H with a low magnetic field of B = −0.04 T (see Fig. 3.5 and

Fig. 3.6). We show three ensemble classifier scores (one for each type of training
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Figure 3.8: All experimental data used for benchmarking and the prediction of
the ensembles of classifiers. There are two main columns (sets with and sets without
PSB) and four main rows (devices i to iv). The measurements shown in the left column
(marked “PSB”) are not definitive proof that PSB is present but show the signs we expect
and want to detect with a classifier. In the top left corner there is an example prediction
plot with all labels: We show ensemble scores for the case of training on simulated data
(blue), experimental data (orange), or a mix of both (green). The prediction threshold
is plotted in the background as a horizontal line at a score of 0.5. Each set consists of
a current measurement with low or zero magnetic field (top) and with a large magnetic
field (bottom) and is jointly normalised between 0 and 1. Above each set the score plot
is shown for that set without labels. The sets with PSB of device iii additionally show a
magnification of a part of the base of the triangles due to visibility.
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data) for each example. In the left column, we expect a perfect classifier to predict

PSB (which would mean a full bar), in the right column it would predict no PSB

(which would mean a missing bar).

This shows which examples were hard for the classifiers and it also shows the

diversity of examples the classifier needed to deal with.

Some bias triangles show only weak signs of PSB, such as the ones from device

iii. Even though we can not be sure from those measurements that this is indeed

due to PSB and not due to other effects, e.g. orbital effects, we still label those bias

triangles as showing PSB. The point is that the signature could be due to PSB and

should therefore be caught by a classifier. Confirmation measurements such as the

ones done in Fig. 3.5d need to be performed after that to verify the prediction.

3.3.2 Benchmarking with smaller neural network

We repeat the benchmarking as in Section 3.3.1 with the smaller LeNet architecture

described in Appendix A.3.2. The results are shown in Fig. 3.9. The performance in

the case Exp is improved significantly, reaching an ensemble accuracy of 90.6%. This

indicates that the size of the ResNet18 architecture leads to over-fitting. However,

given the size of our dataset, we are limited in the creation of a holdout dataset

to report generalisation capability and to tune the hyperparameters of the training

without risking overfitting (see Appendix 3.3.3). Still, the ensemble trained in the

Mix setting is outperforming the Sim and Exp case, showcasing the usefulness

of the simulator. The ensemble classifier of Mix reaches an accuracy of 98.1%

and an AUC of 1.0.

We refrained from optimising any hyperparameters during the training stage, in

an effort to minimise the risk of overfitting. This includes the choice of architecture.

3.3.3 Testing on simulated data

To further judge the generalisation performance of the models, we test them on

new simulated data. We simulate 1000 pairs of stability diagrams. For Exp
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Figure 3.9: Benchmarking results with LeNet architecture. This is the same
analysis as in Fig. 3.7 but with a different neural network architecture. a Accuracy. Box
plots with results from individual classifiers plotted as dots, the mean of those is plotted as
a dashed green line, and the performance of the ensemble of classifiers as a solid orange line.
b Receiver operating characteristic (ROC). For each case, the ensemble ROC is plotted as
a solid orange line and the mean individual ROC as a dashed green line. c Area under the
curve (AUC). Legend as in Fig. 3.9a.

and Mix we use models that were trained on all available data, i.e. we do not

separate data into folds.

The results are similar to those found testing on experimental data but with

notable changes when comparing the models with different sizes. Fig. 3.10 shows

the performance of the smaller LeNet models and Fig. 3.11 of the larger ResNet

models. With an ensemble accuracy of 86.5% and an AUC of 0.956, the smaller

LeNet model is performing very similarly to the larger ResNet model in the Exp

case with an ensemble accuracy of 87.5% and an AUC of 0.943. For the other cases,

the larger ResNet (Sim: ensemble accuracy 98.4% and AUC 1.0; Mix: ensemble

accuracy 98.5% and AUC 1.0) performs better than the LeNet (Sim: ensemble

accuracy 96.5% and AUC 0.999; Mix: ensemble accuracy 97.3% and AUC 0.997)

which hints at a greater generalisation capability of the larger network when trained
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Figure 3.10: Benchmarking results on simulated data with LeNet architecture.
Description as in Fig. 3.9 but for testing on simulated data.
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Figure 3.11: Benchmarking results on simulated data with ResNet architecture.
Description as in Fig. 3.9 but for testing on simulated data.
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Figure 3.12: Varying simulated sample size. We show the accuracy for varying sizes
of the simulated data set. In all cases the simulated pairs were augmented until 50,000
total pairs are created. 25,000 pairs in the training set corresponds to the analysis shown
in the main text in Fig 3.7.

with sufficiently diverse data.

3.3.4 Influence of the number of simulated pairs

We investigate the role of the number of simulated pairs when training with only

simulated data. We simulate 10, 100, 1,000, or 10,000 pairs and augment them

until we have 50,000 pairs. The accuracy for classifiers trained on those data

sets in comparison with the sample size used in the main text (25,000 sampled

pairs) is shown in Fig. 3.12.

The results show that the main driver of accuracy is the size of the sample set.

The number of pairs when training with real data is between 31 and 48, depending

on the fold, reaching about 85% mean accuracy. In comparison, 100 simulated pairs

lead to a similar mean accuracy but the spread of accuracies is much larger.

3.4 Discussion

We train deep neural networks with simulated and experimental data to detect

bias triangles that show signs of PSB. We demonstrate that even in the case of

extremely limited data, a neural network can be successfully trained to solve this
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intricate task. Cross-device validation allows us to show that the method performs

well on unseen devices.

We find a higher variance of accuracy of individual classifiers when trained on

simulated data compared to classifiers trained on real data. This might be due to

the limitations of the simulator and could be mitigated by increasing the number of

simulations used in training at a larger computational cost. Forming an ensemble

prediction leads to a high accuracy. In contrast to previous work [110], simulated

data seems to be more important for training than experimental data. This might

be due to the scarcity of experimental data available for the classification of PSB.

The small experimental data set potentially lacks comprehensive information, which

could hinder the neural network’s ability to learn.

In other types of devices, the signature of PSB might be reversed, i.e. a maximum

leakage current is observed for B = 0. Our methodology remains applicable to these

cases by merely reversing the sequence of the pairs employed in the classification.

Competing effects might lead to partial lifts when PSB is present. We can see

that a few partial lifts present in the experimental data were correctly classified

by our algorithm.

The hurdles in the scarcity of data can be overcome through careful training and

high quality simulated data. Scarcity of data could be addressed by the community

through open access to data. We expect our algorithm to identify PSB in different

types of devices given consistent datasets.

Alternative approaches to the automatic identification of PSB could include

both data-driven and non-data-driven methods, such as computer vision techniques

or feature engineering. However, due to the limited availability of data and the

elusive nature of signatures associated with PSB, these approaches could prove

particularly challenging.

The simulator developed in this study holds the potential for various applications,

including the development of an algorithm capable of recognising energy splittings

or defining an energy detuning axis. The integration of simple simulators to

train machine learning models can be applied to tackle a wide range of quantum
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device challenges, including feature extraction and efficient measurement of stability

diagrams, Rabi chevrons, and EDSR spectroscopy.

In light of the subtlety of the problem of identifying PSB this method has

promising applications in the automation of tuning procedures for spin qubit devices.

In the next chapter we embed the classifier in a larger tuning algorithm to determine

whether a charge transition is promising for PSB.



There is a finite number of ways you can screw it up,
so you will eventually finish.

— Shane Wighton
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In the previous chapter I explained how to teach a computer to make a difficult

decision by itself, in the landmark metaphor this means it can now “see the Radcliffe

Camera”. An algorithm that can tune a device from “from scratch” needs to make

many of those decisions. Additionally, it requires routines that navigate through

the parameter space and a framework that connects everything.

The algorithm in this chapter achieves all of those things. It is adapted from my

publication

J. Schuff, M. J. Carballido, M. Kotzagiannidis, J. C. Calvo, M. Caselli,
J. Rawling, D. L. Craig, B. van Straaten, B. Severin, F. Fedele, S. Svab,
P. Chevalier Kwon, R. S. Eggli, T. Patlatiuk, N. Korda, D. Zumbühl,
N. Ares, “Fully autonomous tuning of a spin qubit”

76
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which has been published in Nature Electronics [129]. Parts are taken verbatim

from that publication. This work was done in collaboration with the University of

Basel and Mind Foundry. I will present the work in the “we” form to reflect this.

I developed the modular framework and the overall algorithm flow. I performed

the experiments and analysed the results. I developed some of the routines for the

various stages of the algorithm completely myself, and some of them in collaboration

with Mind Foundry, and I wrote the manuscript. I refer the reader to the author

contributions statement of Ref. [129] for a detailed list.

The process of going from a fully de-energised device to the observation of

Rabi oscillations, a definitive indicator of qubit functionality, usually takes human

experts weeks, or even months, to complete. Our algorithm, deployed on a DQD

device, can complete the tuning process within three days without the need for

human intervention.

Our success in moving away from the manual tuning of semiconductor qubits

marks a paradigm shift in quantum device scalability. Key to this success is the

algorithm’s ability to navigate through various stages of the tuning process, efficiently

handling challenges and making accurate decisions. Our findings, underpinned

by deep learning, Bayesian optimisation, and computer vision techniques, would

finally allow for the operation and characterisation of complex, large-scale semi-

conductor qubit circuits.

4.1 Device architecture and readout technique

We consider a common layout for a DQD device (inset of Fig. 4.1b). The device

consists of a Ge/Si core/shell nanowire lying on top of nine bottom gates measured

in a variable temperature insert (VTI) in a liquid helium bath with the sample

mounted below the 1-K pot (base temperature 1.5 K). By applying positive voltages

to the first five bottom gates from the left, an intrinsic hole gas inside the nanowire

is depleted to form a hole DQD. An SEM image of a device similar to the one

used here is shown in Fig. 4.2.
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Figure 4.1: Algorithm overview. a, There are four stages that the algorithm needs
to successfully navigate to reach qubit operations. The goal of each stage is illustrated
with a confinement potential diagram. b, Each stage can either be successful and produce
candidates (leading to one or more branches), or unsuccessful (leading to a backtracking
to the closest stage that still has candidates). The search is therefore conducted in a tree
structure. Some branches of the tree might be left unexplored. This is indicated by dashed
lines. Inset: Illustration of the device. Five different voltages Vi can be applied to a linear
confinement. c, A pulsing scheme can be applied with a microwave burst of length tburst.
The fast line is connected to plunger gate RP. d, Simulated measurement illustrations that
mark the successful transition between stages. Starting from a stability diagram with mere
DQD features (far left), the algorithm tunes parameters until promising bias triangles
(middle left), triangles exhibiting PSB (middle right) and finally Rabi oscillations (far
right) are obtained. The extremal points of the pulse scheme are indicated as a star and
circle in the middle right illustration.

Two plunger gate electrodes predominantly shift the electrochemical potential in

the left and right dots with voltages VLP and VRP. The rest of the gate electrodes

primarily control the barriers between the DQD and the leads as well as the inter-dot

coupling. One of the plunger gates is connected to a high-frequency line via a bias-tee,

allowing for the application of voltage pulses and microwave bursts.

The device can be probed by applying a bias voltage VSD to the source lead and

recording the current ISD at the drain lead. The algorithm navigates to a DQD

occupation that exhibits PSB for spin-to-charge conversion. To achieve this, the

DQD does not need to be depleted to the single hole regime. The charge occupation

on each dot is estimated to be in the range of several dozens [64, 124, 130, 131].
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Figure 4.2: Device. False color micrograph of a nanowire device similar to the one used
in this work. The Ge/Si nanowire is colored in yellow.

The algorithm uses a two-stage pulsing protocol [23, 132–134] which is parame-

terised by a microwave (MW) pulse frequency and a duration tburst (Fig. 4.1c). This

protocol allows for qubit manipulation if the spin resonance conditions are met.

To amplify the measurements that rely on a microwave pulse, we applied a

pulse-modulation by a lock-in amplifier at 87.777 Hz. This specific frequency was

chosen to minimise interference from ambient electrical noise, such as power line

frequencies (typically 50 Hz) and their harmonics. By selecting a frequency that

is not an integer multiple of these common noise sources, we reduce the likelihood

of noise contaminating our measurements. The measurements have an in-phase

and a quadrature component. We apply PCA to these measurements and project

each measurement onto the principal axis, see Section 2.4.1. We further offset

the measurements such that they are strictly positive. Measurements that are

obtained this way are marked with ILI, as opposed to currents that were measured

conventionally which are marked with |I|. The device, measurement apparatus and

pulse sequence are the same as used by Carballido et al. [81] and are described

in detail in their work.

4.2 The algorithm

The autonomous tuning algorithm is structured into four main stages. Starting from

a completely de-energised device, i.e. with all gate voltages set to 0, the first two

stages define the DQD potential by tuning the inter-dot barrier and the reservoir

coupling. The third stage narrows the search space by looking for distinct signatures

of PSB, an initialisation and readout requirement. The last stage fine tunes the

plunger voltages and finds the frequency and duration of a microwave pulse needed
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Figure 4.3: Summary of each stage. a, Stage 1: Definition of a DQD potential. a-i
Current measurements along random directions in gate voltage space to determine the
points at which conducting and non-conducting regions meet, so-called pinch-off points. a-ii
Gaussian processes model the hypersurface after collecting sufficient pinch-off points. a-iii
A neural network confirms the presence of a DQD analysing the aquired stability diagrams.
b, Stage 2: Optimisation of bias triangle features. b-i Analysis of stability diagrams,
segregating individual transitions and averaging them along segments orthogonal to the
detuning axes. b-ii Distribution of optimisation scores and averages of bias triangles along
segments orthogonal to their detuning axes. We aim to increase the singlet-triplet energy
splitting via a proxy score that measures the dip of current between the baselines and the
rest of the triangles. b-iii Identification of plunger voltage windows unaffected by charge
switches aided by neural networks. c, Stage 3: Finding PSB c-i Initial low-resolution,
wide-range detection of PSB using neural networks. c-ii Detailed high-resolution scans
employing segmentation algorithms. c-iii Bias triangles that show signatures of PSB
and can be used to optimise readout. d, Stage 4: Readout spot identification within a
promising transition d-i Acquisition of stability diagrams pulsing gate RP to locate the
readout region (indicated by a white dashed box). d-ii Entropy-based scoring of magnetic
field traces within the readout region, optimised through Bayesian methods. d-iii Rabi
oscillations for different magnetic fields around the resonance condition to confirm qubit
operation. The measurements marked with ILI were amplified with a lock-in amplifier, see
Section 2.4.1 for details.
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to drive the qubit. The effect of each stage on the DQD confinement potential

is illustrated in Fig. 4.1a. Measurement illustrations exemplifying those taken by

the algorithm are shown in Fig. 4.1d.

As a result of the algorithm design a search tree emerges, as shown in Fig. 4.1b.

Once a stage is successfully completed, a list of candidates is generated. A candidate

consists of all information needed for the next stage to investigate it, usually

containing locations or ranges of gate voltages, or information on the suspected

g-factor and Rabi frequency fRabi. The candidates are ordered by a dedicated score

in each stage and a single candidate is passed on to the next stage. If a stage is

unsuccessful, the algorithm backtracks to the previous stage and investigates the

next candidate in that stage’s list of candidates. This process dynamically creates a

search tree. If a different branch has proven to lead to a qubit, some branches of

the tree may be left unexplored. These are indicated by dashed lines in the tree in

Fig. 4.1. The underlying modular framework is described in Appendix B.4.

4.2.1 Stage 1: Define DQD

The first stage identifies the gate voltage settings that define the DQD confinement

potential. It determines a lower and upper limit for each barrier gate voltage,

which is used in subsequent stages.

Hypersurface building

Building upon the methodologies of Moon et al. [30] and Severin et al. [31], a

hypersurface model is created to distinguish between conducting and non-conducting

regions within the three-dimensional barrier gate voltage space. As a first step, the

algorithm determines a current that it considers to be pinched off by ramping to

the high end of the safe ranges. We take repeated current measurements there to

characterise the noise floor. From the noise floor we compute a pinch off current.

The algorithm takes current measurements along random directions within this space

(Fig. 4.3 a-i). We sample several points within the safe ranges using a Sobol sequence

for quasi-random locations. The points are used to define rays from the origin that



4. Fully autonomous tuning 82

are then investigated for pinch off. To avoid overloading the current amplifier, we

search for pinch off from the origin towards the upper end of the safety ranges with

a low bias voltage. Once pinch off is found, we retrace with a higher bias voltage to

confirm the exact pinch off location. Then, the algorithm models the hypersurface

with a Gaussian process, as depicted in Fig. 4.3 a-ii.

Double dot detection

We expect a DQD potential forming near a corner of the hypersurface in the first

octant. To pinpoint this corner, three pinch off measurements as described above are

conducted but using only one of the barrier gate electrodes at a time instead of a

combination of them. The resulting coordinates are then projected onto the model of

the hypersurface, setting the lower bounds of the region where DQDs are likely to be

found. The upper bounds of the region are given by the coordinates of the single gate

pinch-off voltages, i.e. when the current drops to a value that is indistinguishable from

the noise floor. The resulting box is labelled as ‘DQD search region’ in Fig. 4.3 a-ii.

A methodical search within this box is conducted by the algorithm. The algorithm

samples quasi-random locations via a Sobol sequence in the DQD search region

and investigates them, starting from the point nearest to the projected corner and

progressing to higher gate voltages. Following the method described by Moon et

al. [30], at each location a one-dimensional trace of the plunger gate voltages is

taken and checked for Coulomb peaks, a signature for quantised charge transport

and a first requirement for a DQD. We use the random forest classifier developed

by Severin et al. [31] to check for the presence of Coulomb peaks.

If Coulomb peaks are found, a measurement varying both plunger gate voltages,

a so-called stability diagram, is acquired and analysed via a neural network for

DQD characteristics; see Fig. 4.3 a-iii for a stability diagram that shows the desired

features. The neural network was trained on data from a variety of devices, mainly

from the data gathered by Moon et al. [30] and Severin et al. [31], and additional

data from a nanowire device different from the one used in this work. In total, there

were 4,611 stability diagrams of which 726 showed double dot features. Successful
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identification of DQD features at a location in gate voltage space establishes it as

a lower limit for the subsequent search.

4.2.2 Stage 2: Tune barriers

The goal in the second stage is to adjust the tunnel barriers to enhance the singlet-

triplet energy splitting, an important requirement for qubit operation. Additionally,

this stage needs to avoid regions of gate voltage space with following characteristics:

regions with high currents above a generous threshold; regions that are susceptible

to charge switch noise; regions that show co-tunneling lines.

Barrier optimisation

Within the gate voltage bounds established in the first stage, BO is employed to

search gate voltage combinations. After BO suggests a voltage setting, a stability

diagram is measured (Fig. 4.3 b-i). We then use a segmentation algorithm [135]

to find the outlines of individual pairs of bias triangles.

The figure of merit for this optimisation is based on the degree to which it reduces

current between the triangle baseline and excited states, compared to the current

throughout the rest of the bias triangles. This acts as an easy-to-compute proxy

score of the singlet-triplet energy splitting.

Each pair of bias triangles should present a base well separated from the main

body. The wider the separation, the better the protection of the ground state

and the more likely it is that we are in the presence of a qubit. The separation

score is computed by averaging the current along the detuning axis, see the two

one-dimensional traces in Fig. 4.3 b-ii, and computing the ratio of the intensity

between the peaks and the lowest point in the valley between them. In the case of

multiple triangles, the highest separation is used as score.

A neural network identifies bias triangles that are impacted by charge switches.

Charge switches distort the stability diagrams and make the area unsuitable for

qubit operation; see the hatched area in Fig. 4.3b-iii or Fig. 4.4 for examples. These
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bias triangles are excluded from the optimisation. The gate voltage regions explored

by the optimisation are shown in Fig. 4.3 b-ii.

This classifier for switch detection was trained to distinguish between normal bias

triangles and ones that are affected by charge switch noise, as illustrated in Fig. 4.4.

The training dataset for this classifier was obtained as follows: initially, potential

bias triangles were identified using our segmentation routine. Subsequently, we

hand-labeled 2,302 of these (1,539 samples showed no switch noise) to create a robust

training set. The classifier itself was then obtained by fine-tuning a ResNet-based

architecture with this dataset.
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Figure 4.4: Effect of charge switch noise. Stability diagrams can be affected by
charge switches. Their effect can be seen in the left column. For comparison, the right
column is unaffected by these charge switches.

A significant challenge of this stage is the need for numerous stability diagrams,

which are time-intensive to measure. To address this, we implement an adaptive,

efficient measurement algorithm designed to specifically focus on gate voltage regions

where bias triangles are present, see Appendix B.2 for details. Employing this method
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cuts down the measurement time by approximately two-thirds. The optimisation

is performed using these efficient measurements.

As a final step, stability diagrams without the efficient measurement algorithm

are taken in the most promising regions. This is done to ensure there are no

charge switches, because the previous step ranked each location by the highest

score of a bias triangle at that location. Therefore, some stability diagrams may

have regions affected by charge switches.

Plunger window selection

Given a sampled stability diagram containing bias triangles, the aim is to select the

region that maximises the number of high-scoring bias triangles, avoids areas with

excessively high current, and minimises the number of switches, as illustrated Fig. 4.3

b-iii. High current bias triangles are typically unsuitable for qubit operations;

therefore, a conservative current threshold of 200 pA is applied. To simplify

downstream processing, the selected region should be a rectangular window.

The selection process follows an iterative approach, beginning with the smallest

bounding boxes containing each individual pair of bias triangles. Larger windows

are constructed by merging these initial boxes, provided they meet the conditions of

switch absence and low current. Switch absence is treated as a soft constraint, allowing

for some bias triangles affected by switch noise, as long as the total area impacted

by switches is less than 25% of the area covered by all triangles in the window.

The algorithm’s complexity scales exponentially with the number of triangles, so

heuristics are employed to reduce complexity and execution time. Specifically, at

each iteration, only the top 100 bounding boxes, ranked by the number of contained

triangles without switches, are retained. This limits the number of potential merges

to a manageable size. The process halts when no further merges are possible.

Once the plunger windows are selected, they are ranked by their highest sepa-

ration score. This way, bounding boxes are created in the plunger voltage space,

encompassing primarily stable bias triangles with current below the previously

mentioned threshold (Fig. 4.3 b-iii).
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The algorithm has up to this point only used a positive bias voltage. This

stage proposes both positive and negative bias voltages for each candidate it

creates. The gate voltage coordinates including the bias voltage are passed on

to the subsequent stage.

4.2.3 Stage 3: Find PSB

In this stage, our algorithm searches for charge transitions exhibiting PSB, a necessary

condition for qubit initialisation and readout in this setup. A candidate has to pass

three different classifiers to be judged as exhibiting PSB. This is necessary to avoid

false positives entering the time-intensive last stage.

Low-resolution wide shot classification

We begin with low-resolution stability diagrams of bias triangle candidates, both

with B = 0 T and B = 0.1 T. In these devices, PSB is expressesd as a suppressed

baseline of the bias triangles in low magnetic field compared to high magnetic

fields (Fig. 4.3 c-iii).

To identify each bias triangle’s location, we first leverage the fact that they sit on

a honeycomb or skewed rectangle pattern. We use autocorrelation on the stability

diagram to identify this pattern. The largest two peaks in the autocorrelation help

us establish a vector that spans this pattern of skewed rectangles. To fix the pattern

in place, we employ a blob detection algorithm, using the first blob it identifies.

This helps us accurately overlay the skewed rectangle pattern and estimate the

locations of the bias triangles (Fig. 4.5).

Next, we extract these bias triangles using the identified locations, with side

lengths informed by the pattern dimensions. These extracted bias triangles are then

input into a neural network for further analysis. We used autonomously gathered

data that was taken during the initial development phase. In total, we used 626 pairs

of bias triangles taken from 70 stability diagrams. 55 of the pairs of bias triangles

showed PSB. For more detailed information on this procedure, see Schuff et al. [46].
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Figure 4.5: Bias triangle locations via auto-correlation. A stability diagram (top
left) is processed using its auto-correlation (top right). Within the auto-correlation, we
can find the highest values to span a grid of skewed rectangles. The extracted information
is used to locate bias triangles in the original stability diagram (bottom).
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Figure 4.6: Danon gap check. As final check to confirm the presence of PSB, the
algorithm takes measurements of the detuning line ε (marked in the left panel) as a function
of the magnetic field B (middle). The measurement is analysed, as described in 4.2.3, by
first computing the averaged sum of absolute derivatives ḡ (right). If a dip is present in ḡ
close to B = 0 T, PSB is confirmed.
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High-resolution classification

To filter previously detected candidates further and eliminate false positives, a

second set of higher resolution measurements is performed. Initially, a dedicated

low-resolution stability diagram of the candidate bias triangles is captured to update

the plunger voltage extent based on detected contours, effectively re-centering the

measurements. With this updated voltage extent, high-resolution stability diagrams

are taken at B = 0 T and with B = 0.1.

In the subsequent sub-stage of PSB classification, a segmentation-based detection

and feature extraction framework is applied to quantify geometric and physical

properties of the bias triangles in a coordinate-wise manner [135]. Specifically, using

the high-resolution stability diagram at B = 0.1 T, this framework fits minimum-

edge polygons to the detected contours of bias triangle pairs by employing a relaxed

extension of the Ramer-Douglas-Peucker (RDP) algorithm [135].

The RDP algorithm is a discrete curve approximation method that simplifies a

curve by reducing the number of points based on a specified tolerance, effectively

approximating the original shape with fewer line segments. In our context, we use a

relaxed RDP (rRDP) algorithm to approximate the detected shapes of bias triangles

with polygons that have the minimal necessary number of edges. This relaxation

involves setting an initial approximation tolerance ε, defined as a fraction of the

total perimeter of the detected shape, which is gradually increased until one of two

stopping criteria is met: either the Intersection over Union (IoU) score between the

original detection and the approximation falls below a certain threshold (e.g., 85%),

or the number of edges falls below a predefined minimum (e.g., six edges).

We employ this relaxed version of the RDP algorithm to handle imperfections in

the detected shapes, such as noise or disconnected components, which are common

in experimental data. By fitting minimum-edge polygons to these shapes, we obtain

a robust shape identifier that not only simplifies the contour but also preserves

the essential geometric features of the bias triangles. This approach allows for the

automatic extraction of further geometric properties, such as the base and excited
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state lines, based on the known bias voltage sign, which predicts the direction in

which the bias triangles point.

To identify PSB, an analytical classifier based on the aforementioned framework

was devised [135]. This method involves extracting the segment that encloses the

base and a prominent excited state line on the stability diagram with leakage current

(B = 0.1 T). The average pixel intensity of this segment is then normalised by the

intensity of the entire pair of bias triangles. This detected segment is subsequently

superimposed on the scan with blocked current (B = 0 T), and the normalised

intensity values are compared. If the difference between these values exceeds a

specified threshold, the charge transition is classified as positive for PSB.

Danon gap check

As a further filter for possible candidates, we check the magnetic field dependence of

the leakage current at the base of the bias triangles in a different way. As a function

of the applied magnetic field B, we expect the leakage current to be minimal at B = 0

T and higher away from this point. We call this the Danon gap [70]. By measuring

the current along the detuning line while varying the magnetic field, we obtain a

two-dimensional input (Fig. 4.6). The detuning lines are defined by identifying the

bias triangles base midpoints and tips and computing the lines between them using

the routine from Ref. [135]. We analyse the 2D plot as follows: Ignoring noise,

the current remains roughly constant along the magnetic field axis. However, the

detuning line axis has more features: away from the Danon gap, there are two local

extrema—one side corresponding to the noise floor outside the bias triangles, and

the other to the gap due to singlet-triplet energy splitting. In contrast, the Danon

gap region is characterized by a monotonic behavior with a roughly constant value.

To detect the presence of the Danon gap, the current I is first processed with

a Gaussian filter to smooth out the noise. Then, the absolute slopes along the

detuning line axis are integrated as g(B) := ∑
ε

∣∣∣∂Ĩ(ε,B)
∂ε

∣∣∣, where the derivative is

the discrete derivative along the detuning line axis. The function g is minimised



4. Fully autonomous tuning 90

in the areas where the smoothed signal Ĩ shows a constant value. We show the

normalised function ḡ = g
|ε| in Fig. 4.6.

To confirm the presence of the Danon gap from ḡ, two tunable hyperparameters

are used to validate the depth and width of the basin of the global minimum of g. If

the basin is not prominent enough, there is no Danon gap. The hyperparameters

used for this are listed in Appendix B.4.2. Finally, the location of the minimum

must be in proximity to zero magnetic field.

4.2.4 Stage 4: Find readout

The final stage of the process is dedicated to finding an operating point for qubit

readout and manipulation. This stage not only identifies a suitable location in

plunger voltage space but also determines the optimal driving frequency and du-

ration of the pulse.

Entropy optimisation

We now apply a pulse sequence to the right plunger electrode. As this is a two-

stage pulse, the bias triangles will have a ‘shadow’ in the stability diagram. We

need to identify the original bias triangles and locate a suitable region for qubit

readout. Considering the resulting shape distortions and further degrading effects

on measurement quality, we opt for template matching instead of re-segmentation

to ensure robust tracking of the bias triangles.

The relative direction in which the shadow bias triangles appear, with respect

to the original ones, is predetermined by the applied pulse shape. This known

cardinal direction is incorporated into the shape-matching approach to uniquely

identify and track the triangles.

We perform shape matching by comparing the edge map of a stability diagram

prior to pulsing, serving as the template, with the edge map of a subsequent stability

diagram with pulsing, which provides current information. Additionally, we extract

the segmented shape mask from the template. The method slides the template over

the source edge map, comparing the template with individual patches of the stability
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diagram with pulsing. This process generates a result matrix (of the same size as the

source) whose individual entries quantify the similarity to the template patch. The

employed similarity metric is the normalised correlation coefficient, and the patch

with the maximum correlation is selected. Once the appropriate patch is identified,

the initial segmentation mask from the stability diagram without pulsing is mapped

onto the stability diagram with pulsing for subsequent processing.

To identify the optimal readout spot, we extract the segment enclosing the base

and prominent excited state lines from the segmented mask of the bias triangles with

pulsing. We then perform BO over four parameters: the constrained two-dimensional

plunger gate voltage space, frequency of the driving pulse fMW and burst time tburst.

We sample a point within this four-dimensional space and then measure the current

as a function of the magnetic field (Fig. 4.3 d-ii). The goal of the optimisation is to

identify a current peak in these scans, indicative of the qubit’s resonance condition

(Fig. 4.3 d-ii, lower right plot). This is achieved by evaluating the entropy of current

traces; traces exhibiting a peak correspond to lower entropy values.

To quantify the sharpness of these peaks, we developed a score based on the

Shannon entropy H = −∑
B [l(B) log(l(B)] of the trace. Here, l(B) is a one-

dimensional trace obtained by taking the Euclidean norm of the in-phase and

quadrature components of the lock-in amplified measurements. For the calculation

of the entropy score, we first subtract the median and then clip values at zero. This

preprocessing step transforms the trace into a distribution-like form and enhances

the robustness of our score, making it less susceptible to noise disturbances. This

method results in a smooth score landscape suitable for BO.

Based on all points investigated and ranked by their entropy score, we propose

potential candidates for further analysis. These candidates are filtered based on the

presence of one or two peaks (corresponding to the number of qubits addressed), as

determined by a simple peak-finding algorithm [136]. Noisy measurements might

also show peaks. Therefore, a follow-up step is to retake the measurement to

confirm the presence of a peak.
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Resonance confirmation

This verification step acts as a final filter and the last sub-stages are all executed

once a candidate passes this filter. The previous stage sends a candidate with a

suspected resonance condition. The verification stage re-measures the leakage current

as a function of the magnetic field. If the resonance condition is indeed met, a peak

should reappear at the same magnetic field. If a peak with a specified prominence

is detected within a set margin of error, the resonance condition is confirmed, and

all downstream measurements are executed. We note that a noisy candidate might

pass this stage. Repeating the verification step can reduce such occurrences.

Various qubit measurements

Once a candidate is verified, several measurements are taken by the algorithm

to establish the qubit’s operational functionality. These include a spectroscopy

measurement, and a Rabi chevron experiment (Fig. 4.3 d-iii). We vary the magnetic

field and the burst duration. The characteristic Rabi chevron is analysed by

considering the frequency spectrum for each magnetic field. The frequency should

reach a minimum at the magnetic field that meets the qubit’s resonance condition,

and the amplitude should be maximal at this point due to reduced decoherence for

off-resonant driving. We can therefore simply look for the maximum amplitude in the

Fourier transformed Rabi chevron (Fig. 4.7). This information allows us to perform

the final step: repeated measurements of Rabi oscillations at the resonance condition.

An overview over all stages is shown in Table 4.1.

4.2.5 Hyperparameters

Each stage requires a set of hyperparameters. They control various aspects of the

measurements such as: resolution and safe gate voltage ranges for stability diagrams;

aspects of the signal processing algorithms such as the required prominence of peaks;

and steering parameters such as the number of candidates that a stage can suggest.

The measurement aspects can be derived from some weak prior knowledge about

device such as the magnitude of lever arms which informs the resolution of stability
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Stage Description Techniques used Candidate information

Stage 1: Define DQD
a, Hypersurface building Building a model of the

surface that separates
pinch-off from conduct-
ing

Gaussian processes Upper and lower bounds
of barrier voltages

b, Double dot detection Identifying Coulomb
peaks and double dot
signatures

Random forests and neu-
ral networks

Corrected lower bound of
barrier voltages

Stage 2: Tune Barriers
a, Barrier optimisation Search over the barrier

voltage space for ideal
settings

Bayesian optimisation,
computer vision, neural
networks

Promising barrier volt-
age location

b, Plunger window selection Determine a window for
plunger voltages

Computer vision, neural
networks

Barrier voltage location
and wide plunger voltage
range

Stage 3: Find PSB
a, Wide shot PSB detection Identify locations of tran-

sitions with PSB
Neural networks, com-
puter vision

Narrow plunger voltage
range

b, Re-centering Get precise plunger volt-
age window

Computer vision Corrected narrow
plunger voltage range

c, High res. PSB detection Confirm PSB with high
resolution measurement

Computer vision Narrow plunger volt-
age range, link to high
res. measurement, detun-
ing line definition

d, Danon gap check Confirm PSB by mea-
suring detuning line as
a function of magnetic
field

Computer vision Narrow plunger volt-
age range, link to high
res. measurement

Stage 4: Find Readout
a, Entropy optimisation Find readout spot, g-

factor and Rabi fre-
quency by optimisation
of an entropy score

Bayesian optimisation,
computer vision

Precise plunger voltage
locations, magnetic field,
drive frequency and
burst time

b, Resonance confirmation Confirm resonance from
previous stage/filter out
noise

Peak finding Passed on from previous

c, Spectroscopy Measurement of current
while varying tburst and
fMW for documentation

- Passed on from previous

d, Rabi chevron Measuring Rabi oscilla-
tions close to the reso-
nance condition

Frequency analysis Corrected magnetic field
for resonance condition

e, Rabi oscillations Take repeated Rabi oscil-
lations on resonance

- -

Table 4.1: List of all stages. We list all stages and sub-stages with a short description,
a rough overview of what techniques were used and what the information is passed
downstream for a candidate from each stage. Besides information on the parameters that
are directly needed to operate a qubit, the stages also pass down meta-information that
other stages might need to use, e.g. the high resolution stability diagram of Stage 3c is
needed in Stage 4a for template matching.
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Figure 4.7: Rabi chevron analysis. A qubit that is driven close to the resonance
condition exhibits so-called Rabi chevrons, see left column for examples (top: simulation,
bottom: experimental data). To find the resonance frequency, we analyse the frequency
spectrum for each magnetic field (which controls the detuning from resonance). The
frequencies have a maximum amplitude and a minimal point at the resonance condition.

diagrams. We also assume a g-factor larger than 0.5 (limiting B and fMW) and a

fRabi between 30 MHz and 250 MHz (limiting tburst). The requirements on the prior

knowledge can be easily softened by widening the search space.

The set of hyperparameters influences the length of the runs and the way the

algorithm manages trade-offs between exploration and exploitation. Regardless

of the hyperparameters, the algorithm will always terminate once all candidates

of each stage have been exhausted.

The choice of hyperparameter was made during development and not optimised

for total run time or efficiency. We provide a full list of all hyperparameters in

the Appendix B.1.
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Figure 4.8: Benchmarking. a, The duration of each stage for ten successful runs is
shown, sorted by the total time taken to tune a qubit in operation. In black: the three
runs that did not lead to a qubit. b, Locations in the barrier voltage space (as a fraction of
the individual pinch-off voltage) is shown. In some locations, no PSB was identified. The
qubit locations are a subset of locations that exhibit PSB. c, Examples of transitions from
two different runs, showing the associated bias triangles (upper row) and Rabi chevrons
(lower row).

4.3 Results

We fixed the hyperparameters and gathered 13 runs. Rabi oscillations were found in

ten of those runs. Success was manually judged by the existence of qubit signatures in

all of the measurements in Stages 4 c, d, and e, i.e., Rabi oscillations, Rabi chevrons,

and EDSR spectroscopy measurements. In successful runs, the time spent in each

stage varied (Fig. 4.8a). total time required ranged from 22 to 80 hours, with a mean

of 38 hours (median 34 hours) (Table 4.2). Each stage relies on the exploration and

accuracy of the previous stage. The variation in the time required in each stage gets

progressively larger. Almost all time is spent on measuring the device, not on the

decision algorithms. This is due to the measurement of current through the DQD

which requires long integration times. A setup that allows for fast measurements via,

e.g. radiofrequency reflectometry could be tuned orders of magnitudes faster.
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Run # 1 2 3 4 5 6 7 8 9 10

Time 22.8 24.5 28.5 32.0 33.3 34.4 34.5 37.8 56.5 79.2
(h)

fRabi 31 97 109 47 51 90 56 115 49 63
(MHz) ±1 ±2 ±1 ±1 ±1 ±1 ±1 ±3 ±1 ±1

g 1.52 0.72 0.70 2.20 2.74 0.73 2.31 0.67 2.12 0.74
±0.07 ±0.05 ±0.05 ±0.12 ±0.22 ±0.04 ±0.14 ±0.08 ±0.14 ±0.03

VL (V) 1.34 1.34 1.34 1.37 1.36 1.35 1.35 1.32 1.35 1.38
VM (V) 0.69 0.81 0.79 0.80 0.69 0.78 0.79 0.77 0.65 0.71
VR (V) 0.91 1.02 0.95 1.01 1.04 0.94 0.95 0.89 1.00 1.02

Table 4.2: Metrics of successful runs. For each qubit found, we show the total time it
took, the Rabi frequency fRabi, the g-factor, and the settings for the barrier gates VL, VM
and VR. The errors of fRabi are estimated from the fit uncertainty and the errors of g are
calculated from the width of the resonance peak.

The three failed runs terminated after their exploration on a similar timescale

to the longest successful runs. They took between 56.0 h and 94.9 h to complete

and are shown in black in Fig. 4.8a. The runs found transitions that showed Pauli

spin blockade but the algorithm was not able to find Rabi oscillations, possibly due

to unfortunate settings of the tunnel barrier strengths in Stage 2.

The qubit locations in gate voltage space in terms of the three barrier gate

voltages are depicted in Fig. 4.8b. For comparability, we normalise each voltage by

the voltage at which each barrier gate electrode pinches off the current individually.

At each point, Stage 2 (Tune barriers) passed a candidate for further analysis (solid

dots). In some cases, PSB was detected (dashed circles), passing Stage 3, and a

subset of these also yielded a qubit (solid circles), successfully completing Stage 4.

Fig. 4.8c presents examples from two runs, showing the transitions found and

Rabi chevron measurements. The discovery of qubits in both bias directions evidences

the algorithm’s adaptability and its non-specificity to certain transitions. Both Rabi

chevrons were obtained using the same given driving power and driving frequency,

but varied in magnetic fields and Rabi frequencies, highlighting the algorithm’s

generalisation capability. All depicted measurements were autonomously executed

by the algorithm, accounting for the non-centered chevron measurements.



4. Fully autonomous tuning 97

We show measurements that confirm that we found a qubit in the ten successful

runs, ordered by total run time, see Fig. 4.9. The measurements were all taken

autonomously. We show the associated pair of bias triangles (upper left in each

panel), a measurement varying the magnetic field and the driving frequency (upper

right), a Rabi chevron measurement where we vary the magnetic field and the burst

duration (lower left), and an averaged measurement of Rabi oscillations (lower right)

at the magnetic field indicated with dashed lines in the Rabi chevron measurement.

The diversity in the plunger voltage settings, the magnetic field settings, and

the Rabi frequencies showcase the versatility of our algorithm.

Occasionally, the algorithm attempted to take qubit measurements but was

unsuccessful. This happened a few times during our experiments. For comparison to

the successful qubit measurements in Fig. 4.9, we show these unsuccessful attempts in

Fig. 4.10. Except for the bias triangles (upper left in each panel), the measurements

display only noise.

Analysing the locations in gate voltage space where qubits were found provides

insight into the device physics (Table 4.2). By fitting a convex hull around the

qubit locations in the barrier gate voltage space, we can estimate the volume of the

region where qubits can be found. For this device, the volume of the convex hull

is approximately 3.5 × 10−4V3, translating to a fraction of the safe ranges [(2V)3]

of about 4 × 10−5. The space is further restricted by the plunger voltage location,

which is a box of roughly (10mV)2. Given a search space of (300mV)2, this brings

down the size of the volume to around 2 × 10−7 as a fraction of the 5-dimensional

gate voltage space. That is roughly equivalent to a needle in a (2m)3 haystack.

Detailed calculations are in Appendix B.3.

Once a qubit has been found, the algorithm allows for extensive characterisation.

We can study fRabi and the g-factor as a function of the barrier gate voltages. The

resulting maps gives insights into qubit properties and can be extended to measure,

e.g. the Hahn-echo coherence time. These measurements will explored in Chapter 5.2.
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Figure 4.9: Qubit measurements of all successful runs. The panels a,-j, are ordered
by the total run time of the algorithm for each qubit respectively. Each panel includes four
current measurements: the pair of bias triangles (upper left), spectroscopy measurement,
varying magnetic field and driving frequency (upper right), Rabi chevron pattern, varying
magnetic field and burst duration (lower left), and averaged Rabi oscillations (lower right)
taken at the dashed lines in the Rabi chevron measurement. All measurements were
performed autonomously. The Rabi chevron measurement does not have a dedicated
re-centering stage, accounting for the off-centered measurements. The spectroscopy
measurements were purely taken for documentation and always with the same ranges; these
measurements did not inform any other part of the algorithm. Some measurements for
panels d, e, and f were taken again using automated measurements after the initial runs
finished because a setting of the lock-in amplifier led to slight measurement artifacts.
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Figure 4.10: Attempted qubit measurements. For comparison with successful runs,
these measurements are from runs before a qubit was actually found but that were ultimately
successful. Each panel is organised the same way as in Fig. 4.9. The measurements show
noise, except for the bias triangles (upper left in each panel).

In Fig. 4.1b, we show an illustrative example of a search tree. In Fig. 4.11 we

show the search trees that were actually constructed for the longest and shortest

runs in our experiments.

4.4 Conclusions

We have demonstrated fully automated tuning of spin qubits, progressing from a

de-energised device to qubit control. Our algorithm autonomously achieved Rabi

oscillations in 10 out of 13 trials. Most tuning processes concluded within three days,

with the primary speed constraint being the integration times required to perform

DC transport measurements, which could be replaced by fast readout alternatives.

The tuned qubits showed exceptional temporal stability. Once the settings to

operate them were determined, they remained stable over extended periods, min-

imising the need for frequent recalibration. This stability simplifies the maintenance

of qubit operations over time. In cases where drift might occur, the modular design
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Figure 4.11: Examples of search trees from full runs. The fastest run only has
two branches and then successfully found a qubit. The slowest run explored much more,
with several branches reaching all the way to qubit measurements. However, only the last
branch shows conclusive qubit signatures. We rejected the first tries as noise.

of our algorithm allows for the incorporation of additional modules to compensate

for such changes, although this was not necessary in our experiments.

The methodology is versatile and can be adapted for use with similar quantum

devices, such as silicon FinFETs. The modular design of the algorithm allows

for rapid adaptation to other architectures. For example, devices that use charge

sensors and reflectometry for measurements would only require different signal-

processing algorithms.

We anticipate that the mass tuning and characterisation of qubits, facilitated

by our fully autonomous tuning algorithm, will establish a productive feedback

loop between measurement and fabrication processes. Wafer-scale, high-throughput

characterisation of quantum devices, already feasible in early tuning stages, can
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mitigate device variability. This, in turn, improves the tuning process, bolstered

by expanding datasets.

The first successful experiments on quantum computing with semiconductors

were conducted nearly twenty years ago. We have now confirmed the feasibility of

fully automatic tuning of a semiconductor qubit. This breakthrough would allow

us to move forward by leveraging the ability to mass characterise qubits to advance

quantum circuit scalability in semiconductors.



5
Qubit characterisation

Contents
5.1 Mapping qubit characteristics . . . . . . . . . . . . . . . . 104

5.1.1 Sampling strategy . . . . . . . . . . . . . . . . . . . . . . 104
5.1.2 Iterative measurement pipeline . . . . . . . . . . . . . . . 105
5.1.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

5.2 Study of charge transport signatures . . . . . . . . . . . . 111

In the previous chapter I demonstrate how to autonomously tune a spin qubit

device from a grounded state to measuring Rabi oscillations. This chapter is about

what to do next. I use the same device and measurement setup as in Chapter 4.4.

All software development (apart from some parts borrowed from earlier chapters)

and experiment execution in this chapter was done by myself.

The work in this chapter has been partially published along with the tuning

algorithm from Chapter 4.4 to demonstrate the power of automation. Significant

portions remain unpublished, so the narrative is not as refined. Especially the

second part of this chapter is somewhat of a side quest. The central message is that

automation allows for data collection and statistical analysis that, while theoretically

possible to perform manually (just like the tuning in Chapter 4.4), are typically too

tedious and time-consuming to undertake without automation.

102
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Figure 5.1: Informative line cuts of a Rabi chevron measurement. A good B
range is one that allows the resonance to be found, which means it needs to start at a
lower magnetic field and end at a higher magnetic field compared to where the resonance
is. A good guess for the tburst time is one that is close to a π pulse. However, the guess for
tburst can be slightly off and still be acceptable.

Initially, the work in this chapter aimed to inform the development of the tuning

pipeline to determine the extent in gate voltage space within which qubit readout

is possible. This question ultimately found an answer with the data from Chapter

4.4. During these investigations, it became evident that the scope of the study could

be expanded to include two additional aspects.

First, I ventured into the construction of qubit maps—diagrams representing how

qubit metrics, e.g., the Rabi frequency, change with variations in the three barrier

voltages (to the source, drain, and between the dots). This is discussed in Section 5.1.

Secondly, by gathering sufficient data points from regions exhibiting both success-

ful and unsuccessful readout, I explored a hypothesis suggested by our collaborators

in Basel. This hypothesis proposes that by analysing and adjusting the currents

within the bias triangle, one can find appropriate barrier voltages that allow qubit

readout. This could be useful as it can inform tuning algorithms to find qubit readout

faster. I present that aspect of the work in Section 5.2.

I will now discuss what needs to be done to find qubit readout for a given set

of barrier voltages. I need to find four quantities:
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• The two voltages of the plunger gates which sets the initialisation/read-out

point.

• The g-factor.

• The Rabi frequency fRabi.

The initialisation/readout point can be found based on the computer vision techniques

introduced in Chapter 4.4. As always, the devil is in the details, though, so I explain

the exact mechanism I choose below.

To find fRabi and g, I designed a dedicated stage in Chapter 4.4 (Stage 4).

However, that stage is very costly in time. We can exploit prior information of

fRabi and g by taking a Rabi chevron scan (Figure 5.1) where its range is informed

by guesses of fRabi and g. This is still quite costly. Faster yet is to instead take

a guess of both fRabi and scan over a range of B that is informed by a guess of g

via fLarmor = gµBB/h. I only need a decent guess of fRabi to find the resonance,

as illustrated in Figure 5.1. Similarly, the range of B only needs to be a decent

guess. This reduces the measurement overhead drastically. The measurement scheme

that I describe next is centered around this idea.

5.1 Mapping qubit characteristics

Mapping the characteristics of qubits involves two primary steps: Initially, we must

select the barrier voltage settings to investigate. Subsequently, we must measure

g and fRabi via an appropriate set of measurements and analyses.

5.1.1 Sampling strategy

The selection of points within the barrier voltage space can be approached in several

ways. Any method that samples the space is possible. I prefer to employ quasi-

random sampling, such as using a Sobol sequence, because this ensures that the

points are distributed approximately evenly across the sample space. A Sobol

sequence is a type of low-discrepancy sequence used in quasi-Monte Carlo methods

for numerical integration and sampling in high-dimensional spaces. It generates a
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sequence of points that uniformly fills the multidimensional space, minimising gaps

and clusters that are typical in purely random sampling. By using a Sobol sequence,

we achieve a more uniform and deterministic coverage of the barrier voltage space,

enhancing the efficiency of the sampling process and reducing the number of points

needed to effectively explore the space. A sampling method gives a point cloud

of locations in barrier voltage space that need to be investigated. Each point can

carry information such as the location of the charge transition in plunger voltage

space, the g-factor, fRabi, or whether readout was lost. I call this collection of data

the “map knowledge”. At the start, no point has this information except for a

starting candidate. The starting candidate needs to have a known location in plunger

voltage space, a known g-factor and fRabi and can either be manually supplied or

by the tuning algorithm from Chapter 4.4.

Further, we order the investigation of a given point cloud by distance from a

starting candidate (Fig. 5.2a). A barrier voltage point that is to be investigated

will use information from the closest (in barrier gate voltage space) point to enable

the estimation of the magnetic field (via the g-factor) and tburst (via fRabi). A new

result is added back to the map knowledge after investigation.

5.1.2 Iterative measurement pipeline

I designed a pipeline to acquire the qubit g-factor and Rabi frequency fRabi for a

given barrier voltage setting, as illustrated in Fig. 5.2b-h.

Determining plunger gate voltages

First, the plunger voltage location of the readout and initialisation point needs to

be determined. I obtain an estimate of the transition location in plunger voltage

space via virtual gates (see Appendix C.1 for an explanation of virtual gates). I

measure a coarse stability diagram to identify a bounding box around the bias

triangles (Fig. 5.2b). Using these coordinates, a higher resolution stability diagram

is measured (Fig. 5.2c). This detailed diagram helps define the detuning line of

the bias triangles [135], which guides the subsequent measurement of the detuning
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Figure 5.2: Pipeline to investigate the barrier voltage dependence of a qubit.
a Barrier voltage locations and the sequence of investigation are chosen, e.g., by a Sobol
sequence. b A coarse grained stability diagram is obtained, serving as a centering mechanism.
c A high-resolution measurement defines the detuning line. d The detuning line is measured
explicitly, both with and without an applied magnetic field. e A stability diagram taken
with a pulse applied at the same time defines the detuning line under the influence of a
pulse. f A measurement of the pulsed detuning line determines an optimal readout spot by
identifying the valley between the baseline and the first excited state line. g The resonance
condition in the magnetic field is identified. h Repeated Rabi oscillations are measured,
fitted, and the results are fed back into the map knowledge to update estimates of g and
fRabi.
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lines with and without an applied magnetic field (Fig. 5.2d). This data is collected

for later analysis, see Section 5.2.

Next, a stability diagram with an applied square pulse, the “pulsed stability

diagram” from above, is obtained (Fig. 5.2e). Combining this with the detuning

lines determined from Fig. 5.2c, the detuning line of the pulsed bias triangles is

defined and measured (Fig. 5.2f). This measurement is analysed to find the point of

lowest current between the baseline and the first excited state line. From experience

with measuring these devices, this point in the current valley is expected to provide

optimal readout conditions. This is because at this point the current due to unwanted

leakage current is lowest and therefore the signal-to-noise ratio is best.

Determining g

Then, the g-factor needs to be determined. The suspected π-pulse burst duration

tburst,π, which should rotate the spin to lift PSB and lead to a current, is applied

as described above. I sweep over a magnetic field range informed by the estimated

g-factor (Fig. 5.2g). One could also scan over the driving frequency fMW which

can be done faster than changing the magnetic field, however the factor limiting

speed is the averaging time we need to see a stable signal. Additionally, there can be

resonances in the experimental setup which could be confused for qubit resonances.

We avoid those by fixing fMW. A peak finding algorithm [136] (see also Stage 4 of

Chapter 4.4) identifies the peak and corresponding magnetic field.

Determining fRabi

This allows for the final step, the determination of fRabi. At the magnetic field found

in the previous step, repeated scans over the burst duration tburst are conducted,

and the current is recorded (Fig. 5.2h). The resulting measurement is fitted with

a sinusoidal model to extract fRabi. The detailed model used for fitting the Rabi

oscillations is provided in Appendix C.2.

This process repeats, iteratively updating the map knowledge with information

from new points. A point is considered to have lost readout capability if either no

EDSR peak is detectable during the magnetic field sweep or if the sinusoidal fit
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Figure 5.3: Charge transitions investigated. There are four charge transitions that
we consider in the following, A-D. There are four measurements of each transition, with
positive (a, b) and negative bias (c, d) voltage, and without a magnetic field (b, d) and
with a magnetic field at B = 0.1T (a, c), which should lift PSB. Transitions A and D
show PSB with a positive bias voltage. Transitions B and C show PSB with a negative
bias voltage.

of the Rabi oscillations fails. This conservative criterion is chosen to avoid being

misled by incorrect inferences that could arise from experimental noise or artifacts.

By requiring both the detection of the EDSR peak and a successful fit of the Rabi

oscillations, we minimise the risk of falsely identifying non-operational qubits as

working ones. Chapter 6.4 describes a more refined filtering mechanism. For this

work, I manually filter the results before analysing them further, as described below.

The algorithm continues until it runs out of points to investigate.
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5.1.3 Results

I study four different charge transitions, labeled A through D, as shown in Fig. 5.3.

Transitions A and D show PSB in positive bias direction, while transitions B and

C display it in the negative bias direction. This pattern in directionality of PSB is

expected due to the required number of holes involved in the process, see Section 2.1.3.

The data collection spanned multiple acquisition runs, utilising a variety of

suggestion mechanisms for the barrier voltages to optimise spatial sampling. The

predominant method was Sobol sampling, which facilitated an even distribution of

data points across the barrier voltage space. Another method was to intersperse

measurements between known points where readout was lost and successfully detected.

This aimed to find the extent of the barrier voltage space within which qubit

operation was possible.

Post-experimental data processing involved manually labeling data to identify

and correct for various anomalies such as charge switches, incorrect readout spots

due to, e.g., failed segmentation, falsely identified peaks, or false fits. If an EDSR

peak was present, the g-factor was determined. If, in addition, the fit of the Rabi

oscillations was satisfactory, I accepted fRabi. The curated dataset, containing only

points where the g-factor and/or fRabi could be conclusively determined, is visualised

in Fig. 5.4. Charge transition B exhibited two distinct resonances, warranting two

g-factor maps. The second qubit in this transition did not yield a measurable fRabi

due to a bad signal-to-noise ratio, a limitation that could be overcome by integrating

an additional calibration step into the measurement pipeline, as discussed in Chapter

6.4. For enhanced clarity and analysis, I fit each dataset with a Gaussian process,

and the mean of each fit is depicted at a common voltage VR=0.99V.

In the case of transition D, many points are aligned linearly as these measurements

were initially intended to support hypotheses on the coherence and Rabi speed

properties of these qubits, presented in Ref. [81]; however, this data was ultimately

not included in that publication.

These maps give insights into the influence of the confinement potential on the

g-factors and fRabi. Transitions A, C, and D share the characteristic that there
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Figure 5.4: Maps of g-factor and fRabi for different charge transitions. The
different transitions introduced in the beginning of the chapter are measured for their
g-factor and fRabi. Transition B shows two qubits, explaining the second map of g-factors.
We fit GPs to each map and show the GP mean for a slice at constant VR=0.99V for the
data range of each map.

seems to be an optimal operation point in terms of maximal fRabi which corresponds

to a minimal g-factor [81]. Transition B shows a different dependence. For this

charge transition, we see two resonances which can be attributed to two different

qubits, one might be associated with a spin on the left dot, the other with a spin on

the right dot [137]. The missing fRabi map of the the second qubit of that transition

might show a similar behaviour as the qubits in the other transitions but this is

subject to further studies. Further discussions of the mechanisms can be found in

the publications by Carballido et al. [81, 137].

The data presented here builds the foundation to study spin qubits further. For
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example, one could build theory models that connect the barrier voltages to qubit

properties and test the predictions using this data. Another avenue for research could

be to see if we could learn the dependence from one transition and map it to another

transition. If this is possible, it could further improve the operation of these types of

qubit by providing a shortcut to finding optimal operating points. The work can be

employed to test the reproducibility and accelerate the development of spin qubits.

5.2 Study of charge transport signatures

Even if a given charge transition exhibits PSB, achieving a detectable qubit signal

from it is not always guaranteed. There are several fundamental error sources

to which this could be attributed, such as incorrect selection of the readout spot,

inadequate scanning of the appropriate g-factor range, or microwave pulses with

a miscalibrated tburst. Other detrimental processes can affect the efficiency of the

manipulation and readout process. The tunnel barriers to the source or drain might

be too high, which can prevent timely charge loading or emission. Additionally,

insufficient isolation from the non-blockaded triplet state (0, 2) can lead to unwanted

interactions. Further, if the tunnel barriers to the source and drain are too low,

spin-flip co-tunneling can reduce the efficiency of the coherent manipulation cycle,

leading to the qubit signal being drowned in noise.

Figure 5.5 illustrates these concepts by presenting data from the same charge

transition under three different barrier voltage settings. The stability diagrams,

shown in panels a, b, and c include a white cross to mark the algorithmically chosen

readout points. These diagrams show how different barrier settings influence the

currents within the bias triangles. Panels e, f, and g display current measurements

with varying magnetic fields, demonstrating that effective readout is achievable

with the configurations of the first two columns (because one can determine a peak

in current) but not with the third. Importantly, a robust signal-to-noise ratio is

crucial for clearly observing Rabi oscillations. This necessity is evidenced in the

last row of the figure, where only the Rabi frequency in panel h is determinable,

whereas it is inconclusive for panels i and j. An explanation is that to determine
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Figure 5.5: Demonstration of losing readout. These are measurements from the
same charge transition at differing values for the barrier voltages. The first column shows
the charge transition in a state where readout and coherent driving of a qubit is possible.
The middle column shows a state in which the readout mechanism is almost lost and Rabi
oscillations are no longer observed. The last column shows the complete loss of all readout.
a-c show the bias triangles with an applied pulse and the readout spot marked with a
white cross. e-f show the sweep over the magnetic field with a fixed driving frequency to
identify the resonance condition and the g-factor. h-j show Rabi oscillation measurements,
or the attempts thereof.

the g-factor we need only about half a coherent oscillation, whereas to determine

the Rabi frequency we need at least a full coherent oscillation. In panel i, increasing

the number of averages might reveal the Rabi oscillations. This is to show that we

might be able to determine the g-factor but not fRabi.

When I started working on this experiment, I was told a hypothesis that proposes

that the current at the readout point—i.e., within the region affected by PSB and

away from the baseline—must be low, yet not so diminished as to fall below detection

thresholds. This current does not necessarily vary linearly, or predictably, with
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changes in the barrier voltages. This is due to, e.g., changing disorder potential

(Appendix C.3). Gathering the current along the detuning lines (Fig. 5.2d) opens the

possibility to check currents or current ratios in the bias triangles for a relationship

with the ability to find readout.

My curiosity was piqued since this hypothesis was presented to me without

any evidence. I realised that given the tools I developed, I could gather the data

needed to see if the hypothesis is true.

The data presented in Fig. 5.4 exclusively represents instances where qubit readout

was successful. Complementary data where readout failed is equally critical as it

provides insight into the conditions under which qubit operations fail. Measurements

of the detuning current traces, both with and without an applied magnetic field,

enable comparison of currents with lost readout and found readout. For this analysis,

I employed a lenient criterion to define successful readout: the presence of a discernible

EDSR peak during the magnetic field sweep. Figure 5.6 displays these detuning

current traces for transitions A-C, annotated with mean and median values.

Transition D is excluded from this analysis due to the lack of a clear separation

of the base line from the first excited state in the experimental data, complicating

any meaningful comparison of currents for this transition. This issue underscores the

challenges and nuances of measuring and interpreting charge transport signatures.

The current within the valley of the detuning line current, marked by a green star,

is particularly interesting. Comparing the current at this point for the cases of lost and

found readout indicates that lower currents generally correlate with successful readout.

Currents in the valley for each condition are extracted and visualised in the first

row of Fig. 5.7. To preserve the visual interpretability of these plots, I clip the

current in valley plots at 50 pA as currents for transition B can far exceed this value

for some cases. Notably, currents tend to be lower in the valley when readout is

successfully achieved, although overlaps in the data distributions suggest that these

measurements alone are not definitive indicators of readout success.

I wondered if other metrics might be more informative. Particularly in the context

of tuning, just aiming for lower currents might be unwise because that would lead
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Figure 5.6: Detuning line measurements. For transitions A-C, I show measurements
of current along the detuning line for varying barrier voltages for four different conditions:
with and without a magnetic field, and with readout found and readout lost, as determined
by manual labels. The traces are centered around the identified valley point, which is put
to be at 0 detuning. This is unconventional because the energy levels align at the base line
which usually would be identified with 0 detuning. This choice allows for improved visual
clarity. The green star and purple and red triangles indicate the positions at which the
current is taken for further analysis, see Figure 5.7.
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Figure 5.7: Comparisons of the currents on the detuning line. The underlying
data from Figure 5.6 is analysed further by only considering certain currents or current
ratios. We show the individual data as points and the statistics as underlying box plots.
The three metrics under consideration are the current in the valley (top row), the ratio
of currents in the valley, normalised by the current at the base line at high magnetic
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For transition A, there are 60 data points with lost readout, 27 with found readout, for
transition B, there are 94 with lost readout, 81 with found readout, for transition C, there
are 112 with lost readout, 98 with found readout.
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us into a fully pinched regime. A first idea would be to normalise the current in

the valley by dividing it by the current at the baseline, marked by a purple triangle

in Fig. 5.6. The resulting ratio is shown in the second row of Fig. 5.7. We see a

similar effect, as when just considering the current in the valley, although especially

for transition B the predictive insight seems weakened. Still, this result provides

justification for the choice of the score function made in Stage 2 in Chapter 4.4.

Another metric under consideration is the ratio of baseline currents in the absence

of a magnetic field, denoted by a red triangle, versus presence of a magnetic field.

This comparison aims to quantify the magnetic field’s effect on leakage currents,

offering some proxy measure of the strength of PSB. However, the resulting current

ratio, shown in the last row of Fig. 5.7, does not show a significant difference

between the distributions. Reflecting on this, that might not be unexpected. This

current ratio expresses how strongly the magnetic field lifts the leakage current.

This property might therefore not affect the efficiency of the manipulation and

readout cycle and, consequently, no clear relationship with the ability to coherently

manipulate and readout a qubit is found.

Despite the insights gained, the signals derived from these measurements are

not perfect predictors of readout success. Variabilities such as inaccurately chosen

g-factors, suboptimal pulse durations, or misaligned readout points can significantly

affect outcomes. Still, the idea behind these current signatures are built into Stage 2

in Chapter 4.4. To understand how much the analysis of these current signatures

are helping in tuning, one needs to perform of an experiment that benchmarks

them in a tuning context.

This chapter introduced a systematic approach to measure the g-factor and

fRabi as a function of the three barrier gate voltages. I showed that this works

qubits hosted in four different charge transitions. By analysing current signatures

and the impacts of varying confinement potentials, we have gained insights into

the factors influencing qubit performance. The data justifies the tuning method

developed in Stage 2 in Chapter 4.4.
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In this chapter, I present the application of the modules I developed previously

within a Bayesian optimisation (BO) framework to enhance the Rabi frequency

fRabi of a specified qubit. I show an autonomous algorithm that finds the optimal

3D barrier voltage settings for a given qubit.

The Rabi frequency is an interesting metric to maximise because it sets a clock

rate for one of the fundamental operations of a quantum computer. Faster Rabi

oscillations translate to quicker quantum computations. There is a catch though:

increased Rabi oscillation speeds often lead to reduced decoherence times [80, 134,

138]. This correlation arises because a higher Rabi frequency requires stronger

coupling between the qubit and external electrical signals. While this stronger

coupling enhances our ability to control the qubit, it also makes the qubit more

susceptible to electrical noise, leading to faster decoherence. To address this, we

could instead optimise the quality factor, which is the product of Rabi frequency

117
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and decoherence time and measures how many oscillations can be achieved before a

qubit decoheres. As a proof of principle, I optimise fRabi as this is easier than, e.g.,

the quality factor, because optimising fRabi means I only need to infer the speed of

the oscillations and not also their decay, which would need longer measurements.

The framework is sufficiently general to optimise other parameters. I use the same

device and measurement setup as in Chapters 4.4 and 5.2.

The optimisation process requires two main components: the sampling mecha-

nisms for proposing new barrier voltages, and the evaluation pipeline that investigates

a barrier voltage and can determine a figure of merit, in this case the Rabi frequency.

6.1 The sampling logic

The sampling mechanism is illustrated in Fig. 6.1. Using an initial barrier voltage

location as a center, for example from Chapter 4.4, we can define bounds and sample

quasi-random points within those bounds. In a standard BO framework, we would

start with these seed points to build an initial understanding of the optimisation

landscape. I also want to do this here but I want to control the order of investigation

such that I can always use the information from a nearby point that has already

been investigated to avoid a costly search for g and fRabi, see Chapter 5.2 for the

idea behind this mechanism. Therefore, the initial seed locations are ordered by

their distance from the first barrier voltage location and investigated accordingly. As

in Chapter 5.2 I call the collection of information of barrier gate voltages, plunger

gate voltages, g, and fRabi the “map knowledge”.

Once the initial seeds are investigated, we commence the standard BO loop. This

loop is subject to predefined boundaries; however, since it is unknown if the optimal

solution lies inside these boundaries, we adjust the boundaries after ten new samples

by determining the voltage location with highest fRabi and redefining the boundaries

centered on this point. To enhance the noise resistance of this process, the best

location is determined by disregarding the top 5% of the best-performing samples

and calculating the mean location of the subsequent 3 best samples ranked by their

associated fRabi. I made this choice to avoid the optimisation being tricked by wrong
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Figure 6.1: Sampling logic. a First, the seeding samples are ordered by their distance
from a center to allow for a narrow search space for magnetic field resonance condition
(and therefore the g-factor) and fRabi. b Then, a standard BO scheme is used. c Since
it is unknown a priori whether the global optimum will be within bounds, we calculate
the voltages of the point with highest fRabi and update the bounds accordingly as an
intermediate step.

inferences of fRabi as the signal can be very noisy. This method presumes that this

shifting of the boundaries will eventually enclose the global optimum. This means

that the global optimum needs to have possible local optima close to it. I made

this assumption after studying the qubit maps in Fig. 5.4. If the assumption is not

true, the algorithm could end up in a local optimum, in which case usual strategies

to avoid local optima apply, e.g., multiple re-starts of the optimisation. I use the

scikit-optimize [139] implementation of BO to perform the optimisation.
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Figure 6.2: Investigation pipeline. a When investigating a barrier voltage location,
the pipeline begins by taking a low-resolution stability diagram and updating the plunger
voltage location based on that measurement. b A high-resolution scan is then taken
to obtain a mask of the bias triangles. c The shape of the bias triangles in the pulsed
measurement is analysed to determine the readout point relative to the mask center. d
The resonance in the magnetic field is identified. e A Rabi chevron scan is conducted to
finely calibrate the magnetic field position. f Repeated Rabi oscillation measurements and
fitting are used to infer fRabi, and the map knowledge is updated accordingly.
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6.2 The investigation pipeline

Next, we need a method to actually investigate the voltage locations (Fig. 6.2). The

pipeline is built similarly to the one the previous chapter, with reduced measurement

overhead in some parts and additional calibration steps in others.

Investigating a new barrier voltage location starts with an estimation of the

plunger gate voltages via virtual gates, g, and fRabi from the closest point in the

map knowledge. A centering stage corrects the plunger voltage location if necessary

(Fig. 6.2a). A higher resolution scan of the bias triangles is then taken, first without

any pulses (Fig. 6.2b) and then with a square pulse applied to the right plunger gate

(Fig. 6.2c). The readout point is defined as a fixed translation from the center of

the bias triangles and can therefore be chosen based on the pulsed and unpulsed

stability diagrams alone (Fig. 6.2c). The tuning pipeline can give the information of

this translation if the scheme is used as extension to the tuning pipeline, or it can be

manually given. This is in contrast to Chapter 4.4 where it was determined using a

search algorithm, and in contrast to Chapter 5.2 where a dedicated measurement

along the detuning line was taken.

After that, the qubit resonance is found by measuring the current with varying

magnetic field (Fig. 6.2d). If a peak is present, a Rabi chevron scan, i.e., a

measurement where both the B and tburst are varied, is taken. This is to finely

calibrate B. The Rabi chevron measurement is analysed to find the center of the

chevron (Fig. 6.2e). I take repeated Rabi oscillations at the magnetic field for which

the resonance is present and fit a model to the data (Fig. 6.2f). See Appendix C.2

for details on the model used to fit Rabi oscillations.

Data is considered invalid if it falls outside a reasonable range, here 20-150MHz.

This is manually set with the insight from Chapter 5.2. Further, the difference

between the minimum and maximum current in the Rabi oscillation measurements

(Fig. 6.2f) needs to be at least 10fA and the coefficient of determination R2 of

the Rabi oscillation fit needs to be at least 0.8. These two values were set after

evaluating data from Chapter 5.2. If the data is considered valid, it is added to
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the map knowledge as a valid point, otherwise I assign 0 MHz to the sample and

do not use it to inform future investigations.

6.3 Comparison with previous chapters

Most of the pieces of the investigation pipeline come from the tuning algorithm in

Chapter 4.4. However, parts of it can be skipped, e.g., PSB doesn’t need to be found.

Also, the readout point is not found with an expensive algorithm. The major difference

between between the pipeline in this chapter and in Chapter 5.2 is that I introduced

an additional step to pinpoint the correct B value by measuring a Rabi chevron. I did

this to reduce mis-classifications as the algorithm now decides where to measure next

based on previous investigations, unlike in Chapter 5.2 where the points where the

algorithm mostly didn’t take the feedback from measurements to decide on new points.

6.4 Results

I apply the Bayesian optimisation method to two specific transitions, named A and

C (Fig. 5.3 from the previous chapter). Initial barrier voltages are set intentionally

away from where the optimum appears to be when considering the maps in Fig. 5.4

yet within the domain where successful readout occurs. Specifically, for transition

A, the starting voltages are VL = 1.350 V, VM = 0.660 V, VR = 1.025 V, and for

transition C, the voltages are VL = 1.322 V, VM = 0.665 V, VR = 1.030 V.

The results are shown in Fig. 6.3. The sampled points in barrier voltage space

are displayed in Fig. 6.3a, d with the first sample and the best overall marked. The

Rabi frequency was improved from an initial 85 MHz to 130 MHz for transition

A, and from 71 MHz to 127 MHz for transition C (see b, e). The progression

over the number of samples is illustrated in c, f.

In Figure 6.4, I illustrate how the points measured by the optimisation algorithm

align with those measured in Chapter 5.2. For transition A, the optimisation points lie

well within the distribution from Chapter 5.2. The identified maximum corresponds

to the direction most influential on fRabi, specifically the left barrier voltage VL.
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Figure 6.3: Results. Optimisation results for qubits in two different charge transitions,
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However, the mapping from the previous chapter revealed a slightly higher fRabi

for lower VM, which the optimisation algorithm did not identify. To improve on

this, potential solutions include running the algorithm with multiple re-starts, or

adjusting the exploration-exploitation trade-off to favour longer exploration periods.

In contrast, for transition C, the optimisation algorithm discovered a region with

a maximal fRabi outside the previously measured space. The frequencies identified

by the algorithm are significantly higher than those explored in the previous chapter.

In this study, I have demonstrated a Bayesian optimisation framework tailored to

the enhancement of qubit performance through the targeted adjustment of barrier

voltages. By applying this method to two different qubits, I observed that the Rabi

frequency increased by more than 50% compared to the initial measurements. The

progression of Rabi frequencies throughout the optimisation iterations illustrates

the capability of the framework to navigate towards the optimal gate voltage point,

thereby maximising qubit performance.

This is the first demonstration of a spin qubit that was autonomously optimised

by tuning the confinement potential and aiming for highest Rabi frequency.

Future research could focus on optimising other aspects, such as decoherence times.

Measuring decoherence times is typically more costly and complex than determining

the Rabi frequency, because it involves more intricate experimental procedures

and longer measurement durations. While Rabi frequency measurements can be

obtained from straightforward Rabi oscillation experiments, assessing decoherence

times requires implementing advanced pulse sequences such as Ramsey fringes or spin

echo experiments. Additionally, decoherence measurements often require averaging

over many repetitions to achieve reliable results, further increasing the time and

resources needed. This added complexity makes these experiments ideal candidates

for intelligent measurement schemes such as in Ref. [140].



Prediction is very difficult, especially if it’s about the
future.

— Niels Bohr

7
Conclusion & Outlook

This dissertation chronicles a transformative journey in the automation of quantum

device tuning, with the qubit as our metaphorical Radcliffe Camera. We explored

the necessary steps to reach this goal, addressing the major challenge of interpreting

measurements in semiconductor quantum devices, i.e., to be able to “tell where we

are”. Initially, I demonstrated how deep learning and the careful use of experimental

and simulated data is one approach to solve this problem. Next, I guided you through

the process from a grounded device to achieving Rabi oscillations, confirming our

arrival at the Radcliffe Camera. I further showcased the power of automation by

presenting automated characterisation results. Finally, I optimised a given qubit

by maximising the Rabi frequency, concluding our journey with the best possible

version of our metaphorical landmark.

7.1 A look back

In Chapter 3.4, I explore the use of deep neural networks trained on both simulated

and experimental data to detect bias triangles indicative of PSB in quantum dot

devices. Despite the challenge of limited data, the neural network effectively solves

this complex task, with cross-device validation confirming its robustness on unseen
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devices. The study highlights the importance of simulated data in training due

to the scarcity of experimental data.

In Chapter 4.4, I demonstrate the fully automated tuning of spin qubits, pro-

gressing from a grounded device to qubit control, achieving Rabi oscillations in 10

out of 13 trials. Most tuning processes were completed within three days, with speed

mainly constrained by the integration times needed for DC transport measurements.

These could be replaced by faster readout alternatives to enhance efficiency.

The algorithm’s versatile and modular design allows adaptation for similar quan-

tum devices, such as silicon FinFETs, and could be modified for other architectures

with different measurement techniques.

In Chapter 5.2, I introduce a systematic approach to measure the g-factor and

fRabi as a function of the three barrier gate voltages, and applied it to qubits across

four different charge transitions. I analysed current signatures and the effects of

varying confinement potentials.

In Chapter 6.4, I have demonstrated a BO framework specifically designed to

enhance qubit performance by adjusting barrier voltages. Applying this method to

two different qubits resulted in over 50% improvement in Rabi frequency from

the initial points.

Let me clarify the scope of my achievements. While I believe my work makes

significant strides, there are undoubtedly many opportunities to enhance the efficiency

of the algorithms I propose. Additionally, there is potential for faster execution

through alternative measurement techniques, which could further expedite the

tuning of quantum devices.

Consider Sir Roger Bannister, who was the first (known) person to run a sub-

4-minute mile in 1954 at the Iffley sports ground in Oxford. It is said that his

achievement inspired many others to follow in quick succession. Much the same, I

merely show that it is possible, and hope that others will follow and soon surpass me.
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7.2 A look forward

The results of this dissertation open promising avenues for future research and

application in the field of spin qubits. One significant direction is the utilisation of

the autonomous tuning algorithm to characterise a large number of quantum devices.

By systematically applying my tuning and characterisation methods across many

devices, one could generate extensive datasets that will provide deeper insights into

device variability and performance. This large-scale characterisation could enable

the identification of optimal design parameters and operational conditions, thereby

enhancing the overall reliability and efficiency of spin qubit devices.

Improvements in quantum device fabrication could also significantly impact

the tuning process. Advances in fabrication techniques can lead to devices with

more uniform characteristics, reducing the variability between devices and making

them easier to tune [24]. As fabrication technologies evolve, we can expect more

robust and reliable quantum devices that require less manual intervention and more

straightforward tuning procedures.

A natural next step is to amend the methods so they can be used in devices that

use charge sensors. The precise tuning of charge sensors is needed for accurate qubit

operation. This adaptation will likely involve modifying the signal-processing algo-

rithms to account for the specific characteristics and requirements of charge sensors.

One of the primary speed limitations in the current methodology is the time

required to measure charge stability diagrams and qubit readout. Measuring a

charge stability diagram involves sweeping gate voltages and recording the resulting

current, which can be time-consuming, especially when high-resolution measurements

are needed. Similarly, measuring spin qubit properties, such as Rabi frequencies,

coherence times, and other critical parameters, often requires multiple averages

to achieve accurate results.

A significant speedup can be achieved by transitioning from charge transport

measurements to measurements using radiofrequency reflectometry. In this approach,

the DQD is indirectly measured using radio frequency [141].



7. Conclusion & Outlook 128

For an apples-to-apples comparison, consider the works of Moon et al. (2020)

[30] and van Straaten et al. (2022) [32]. They address the same problem on similar

device architectures, but Moon et al. used charge transport measurements, while van

Straaten et al. employed fast radiofrequency reflectometry measurements. Moon et

al. reported a tuning time of 3 hours, whereas van Straaten et al. achieved the same

with radiofrequency measurements in just 15 minutes, representing a 10x speedup.

Applying this factor, the tuning time from ground to qubit, reported as around 3

days in this dissertation, could potentially be reduced to approximately 7 hours.

Leveraging sophisticated algorithms could further reduce this time. Lennon

et al. [142] have shown that machine learning can provide a significant reduction

in measurement time. In my full tuning algorithm, I used fewer than 100 2D

measurements per successful tuning run, each comprising around 20,000 data points

at most. Given the bandwidth of radiofrequency measurements in the MHz range

[141, 143], a tuning algorithm could potentially bring a qubit up from ground on

the order of seconds. This shows that there is still plenty of room for innovation.

Additional factors affecting speed include the ramp time of magnets and digital-to-

analog converters, as well as the processing times of the tuning algorithm itself.

As quantum computing systems scale up, efficiently tuning large arrays of qubits

becomes essential. Adapting my algorithm to manage the complexities of larger

arrays—including intricate interactions among numerous qubits—is a critical next

step. This may involve developing sophisticated optimisation techniques and incor-

porating advanced machine learning models to handle the increased dimensionality

and complexity.

One promising approach to manage this complexity is parallelised tuning. By

leveraging parallel processing techniques, multiple qubits or sections of a qubit array

can be tuned simultaneously, significantly reducing the overall time required for

system initialisation. This approach could involve deploying multiple instances of

the tuning algorithm across different segments of the array, coordinating their

activities to ensure optimal global performance. Parallelised tuning not only
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accelerates the setup process but also allows for more scalable and flexible quantum

computing architectures.

These future developments would extend the applicability of my algorithm and

contribute to the advancement of quantum computing with spin qubits. By enabling

the efficient characterisation and tuning of a wide range of quantum devices, my

work lays a robust foundation for the scalable and reliable deployment of quantum

technologies. The continued evolution of my methods will support the growing

demands of the field, ultimately –hopefully– facilitating the realisation of practical

and powerful quantum computers.
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A.1 Device dimensions

We use four different silicon FinFET devices with varying dimensions in this chapter.

The dimensions that are varied are the length of the plunger gates LP, the length

of the barrier gate LB, and the width of the fin W . We show a schematic of the

top view of the device with the lengths and widths that are varied in Fig. A.1. A

top view SEM image of similar devices can be found in [123]. Table A.1 shows

the estimated dimensions for each device.

A.2 Simulation parameters

This appendix provides a detailed list of the parameters used in the simulator. It

includes descriptions, sampling ranges, comments on the dimensionality, and the

physical units of each parameter. For a full list of the sampled parameters, see

Figure A.1: Top view schematic of device layout. Colors and labels are the same as
in Figs. 3.1.
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Device
i ii iii iv

LP [nm] 20 15 15 20
LB [nm] 35 25 35 20
W [nm] 25 20 25 10

Table A.1: Estimated device dimensions for the different devices. Illustration of
the layout is given in Fig. A.1. LB gives the length of the gap between the plunger gates
for device i as it has no barrier gate.

Table A.2. The code is available at github.com/oxquantum-repo/identifying-psb.

https://github.com/oxquantum-repo/identifying-psb
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Parameter Description Sampling range Dimensionality Physical units

µ̃S Source chemical potential offset [−0.5, 0.5] Scalar meV
µ̃D Drain chemical potential offset, calculated as

µ̃D = µ̃S + Vbias

Calculated, not sampled Scalar meV

Vbias Bias voltage between source and drain [−2, −0.1] Scalar meV
T Temperature in Kelvin [0.1, 1] Scalar K
LA Lever arm for the left dot [0.5, 1.5] Scalar meV/V
LB Lever arm for the right dot [0.5, 1.5] Scalar meV/V
CA Cross-talk coefficient affecting the left dot [0.0, 0.5] Scalar meV/V
CB Cross-talk coefficient affecting the right dot [0.0, 0.5] Scalar meV/V
σ Standard deviation for relative energy level jitter [0, 0.05] Scalar Dimensionless
ECm

Electrostatic coupling energy between dots [0.01, 2] Scalar meV
∆EA Average energy level spacing for the left dot [Vbias − 0.2, Vbias + 0.2] Scalar meV
∆EB Average energy level spacing for the right dot [0.2, 0.5] Scalar meV
δE

(i)
A Random fluctuations in left dot energy levels [−ϵA, ϵA], where ϵA = ∆EA/4 Vector of length nleft

levels meV
δE

(k)
B Random fluctuations in right dot energy levels [−ϵB , ϵB ], where ϵB = ∆EB/4 Vector of length nright

levels meV
E

(i)
A Energy levels of the left dot, calculated using

E
(i)
A = i · ∆EA + δE

(i)
A

Calculated, not sampled Vector of length nleft
levels meV

E
(k)
B Energy levels of the right dot, calculated using

E
(k)
B = k · ∆EB + δE

(k)
B

Calculated, not sampled Vector of length nright
levels meV

nleft
levels Number of energy levels in the left dot Random integer from {2, 3} Integer Dimensionless

nright
levels Number of energy levels in the right dot Random integer from

{2, 3, 4, 5, 6}
Integer Dimensionless

Γ̃(i)
L Source tunneling rates for left dot levels [0.01, 0.5] Vector of length nleft

levels meV
Γ̃(k)

R Drain tunneling rates for right dot levels [0.01, 0.5] Vector of length nright
levels meV

Γ̃(i,k)
T Inter-dot tunneling rates between levels [0.01, 0.4] Matrix of size nleft

levels × nright
levels meV

χPSB Flag indicating if Pauli spin blockade is simulated Randomly True or False Boolean Dimensionless
κ Standard deviation for Gaussian blurring [0.8, 1.2] Scalar Pixels
η Amplitude of relative white noise added to the

current
[0.03, 0.07] Scalar Dimensionless

Table A.2: Simulation parameters with descriptions, sampling ranges, dimensionality, and physical units.
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A.2.1 Charge jump noise parameters and simulation

To replicate sudden shifts in the current caused by random charge rearrange-

ments—known as charge jumps—we incorporate specific noise parameters into

the simulation. The simulator randomly determines the number of charge jumps

to include, typically choosing an integer between zero and two. For each charge

jump, it selects an axis along which the shift will occur (either the x-axis or the

y-axis) at random.

A shift magnitude is then sampled from a uniform distribution between −0.05 and

0.05, representing the fraction of the total length of the selected axis. Additionally,

a point along the chosen axis is randomly selected where the shift will be applied.

In the simulation, the shift magnitude is converted into an integer number of

pixels based on the size of the current data array along the chosen axis. The current

data array, representing the simulated current values over the voltage grid, is then

modified by shifting portions of the array by the calculated number of pixels up

to the selected point along the axis. This operation is akin to cutting the data

array at the specified point and moving the preceding segment by the shift amount,

effectively introducing a discontinuity in the current values.

A.3 Neural Network Architectures

We experimented with two neural network architectures: a slightly modified version

of ResNet18 and a custom LeNet5-like model. Both models were adapted to accept

input images with two channels and to produce outputs for two classes. In this

section, we briefly describe the architectures and modifications. For details see

our GitHub repository.

A.3.1 Modified ResNet18

The modified ResNet18 architecture is based on the original ResNet18 model [126],

with changes to the input and output layers. The first convolutional layer is altered

to accept two input channels instead of three, while the final fully connected layer is
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changed to output two classes instead of 1000. With these changes, the model has

11,174,402 learnable parameters. We use the TorchVision [144] implementation of

this model. All results in this chapter are based on models with this architecture

unless otherwise explicitly stated.

A.3.2 Modified LeNet5

The ResNet18 architectures could be considered too large compared to the size of

the data set. We therefore consider a much smaller neural network. Our modified

LeNet5 model [145] consists of two convolutional layers, each followed by batch

normalisation, a ReLU activation, and max-pooling. The feature maps are then

flattened and passed through three fully connected layers, with ReLU activations

after the first and second layers. This leads to 942,500 learnable parameters, which

is about an order of magnitude smaller compared to the ResNet18 architecture.

A.4 Details of the training procedure

Each training run consists of 50,000 pairs and 100 epochs. We use mini-batches of size

128.

We use the Adam optimizer [92] with a regularisation factor of 0.001. The

optimiser is initialised with a learning rate of 0.001. The learning rate is then decayed

by a factor of 0.1 with a scheduler once a plateau in the training loss is reached, with

a patience of 5 epochs. We used cross-entropy loss as the objective function, with

balanced class weights to account for class imbalance in the training data.

To sample the 50,000 examples for the case where we only use simulated data,

we sample 25,000 and augment each image twice.

When using only experimental data, we augment the available training data (see

Table 3.1) until we have 50,000 examples. In the case of mixed data, we sample 12,500

examples from the simulator, augment them twice, and then augment the available

experimental training data until we have 25,000 examples which gives us 50,000

examples in total. To counteract class imbalance, i.e. examples with and without

PSB, we also weight the classes according to their prevalence in the loss function.
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We add random contrast and brightness to all training data and then crop them

randomly. Experimental data is additionally randomly sheared and stretched along

both axes. Every pair is normalised between 0 and 1.

Testing data, i.e. the corresponding fold in the cross-validation procedure, is not

augmented but only normalised. The neural network and its training is implemented

in PyTorch [146].
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B.1 Hyperparameters

We provide a list of all hyperparameters and comments on what they do. We do not

report on hyperparameters that are irrelevant to the functionality of the algorithm,

such as how often measurements are plotted to a documentation file.

B.1.1 Define DQD
Hypersurface building

• Steering parameters:

– number_of_rays = 32 // Number of rays used to build hypersurface.

– n_noise_floor = 100 // Number of measurements of the noise floor.

• Measurement parameters:

– lower_bounds = [0, 0, 0] // Defines lower bound of area in which the

hypersurface model is built, in V.

– upper_bounds = [1.8, 1.8, 1.8] // Defines upper bound of area in which

the hypersurface model is built, in V.
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– bias_low = 0.0007 // Low bias voltage used to find pinch off starting

from the conducting region, in V.

– bias_high = 0.005 // Bias voltage used to in subsequent stages. Used to

confirm pinch off going from non-conducting to conducting region, in V.

– d_r = 0.003 // Step length of pinch off search, in V.

– len_after_pinchoff = 0.250 // Length after last point above threshold

before pinch off is considered true (past last Coulomb peaks), in V.

– max_dist = 2 // Additional safe range how far the ray is maximally

ramped, in V.

• Analysis parameters:

– threshold_as_multiple_of_noise_high = 100 // Used to define the

noise threshold based on the noise floor measurement

Double dot detection

• Measurement parameters:

– magnetic_field = 0.1 // At which magnetic field the measurements are

taken, in T.

– plunger_location = [0, 0] // Center of the plunger gate voltages, in V.

– One-dimensional scan (to detect Coulomb peaks):

∗ window_right_plunger = 0.1 // Defines side length of window in

which measurements us taken, in V.

∗ window_left_plunger = 0.1 // Defines side length of window in

which measurements us taken, in V.

∗ n_px = 128 // Number of points to be taken.

∗ wait_time = 0.051 // Delay after setting parameter before measure-

ment is performed, in s.

– Two-dimensional scan (to detect DQD features):
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∗ window_right_plunger = 0.2 // As above.

∗ window_left_plunger = 0.2 // As above.

∗ n_px_rp = 48 // Number of points to be taken for right plunger axis.

∗ n_px_lp = 48 // Number of points to be taken for left plunger axis.

∗ wait_time_slow_axis = 0.5 // Delay after setting parameter before

measurement is performed, in s.

∗ wait_time_fast_axis = 0.051 // Delay after setting parameter

before measurement is performed, in s.

• Analysis parameters:

– max_distance_between_locations = 0.1 // Used to determine number

of points sampled within DQD search region. Sets maximal distance

between each sampled point, in V.

– path_to_nn = local_path // Path to weights of neural network used for

DQD feature detection.

B.1.2 Tune barriers
Entropy optimisation

• Steering parameters:

– seeding = 15 // Parameter for Bayesian optimisation that informs

exploration period.

– n_required_results = 30 // Number of stability diagrams to be taken.

• Measurement parameters:

– rp_start = −0.15 // Starting point of measurement for right plunger, in

V.

– rp_end = 0.15 // End point of measurement for right plunger, in V.

– lp_start = −0.15 // Starting point of measurement for left plunger, in

V.
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– lp_end = 0.15 // End point of measurement for left plunger, in V.

– n_points_plungers = 100 // Number of points in each dimension.

Plunger window detection

• Steering parameters:

– number_of_full_scans_threshold = 10 // Maximum number of full

scans (i.e., without the efficient measurement algorithm) to be taken.

– number_of_candidates = 10 // Maximum number of candidates Stage

2 can suggest in each bias direction, i.e., 10 can lead to up 20 candidates.

– bias_directions = [positive_bias, negative_bias] // Candidates

are built in those bias directions.

B.1.3 Find PSB
Wide shot PSB detection

• Steering parameters:

– max_number_candidates = 5 // Maximum number of candidates this

sub-stage can create.

• Measurement parameters:

– low_magnetic_field= 0.0 // Magnetic field at which the stability dia-

gram with blocked current shall be taken, in T.

– high_magnetic_field= 0.1 // Magnetic field at which the stability

diagram with leakage current shall be taken, in T.

– resolution = 0.002 // Resolution of stability diagram in each axis, in V.

– padding = 0.03 // Padding added to the plunger window suggestion from

previous stage. Needed to have a slight margin around bias triangles, in

V.
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• Analysis parameters:

– psb_threshold = 0.5 // Threshold for PSB detection. Neural network

returns a value between 0 and 1 for each pair of bias triangles.

– folder_path_to_nn = local_path // Path to neural network model that

predicts signatures of PSB from low resolution measurements.

– offset_px = 10 // Parameter used in the location detection via auto-

correlation. The highest peak will always be in the center, so peaks within

a certain distance (given in pixel here) from the center are disregarded.

Re-centering

• Measurement parameters:

– magnetic_field= 0.0 // Magnetic field at which the stability diagram

shall be taken, in T.

– resolution = 0.002 // Resolution of stability diagram in each axis, in V.

– wait_time_slow_axis = 0.5 // As above.

– wait_time_fast_axis = 0.051 // As above.

• Analysis parameters (all related to routine from Kotzagiannidis et al. [135]):

– segmentation_upscaling_res = 2 // Image is upscaled by this factor

to improve segmentation.

– relative_min_area = 0.01 // Computes the min_area as a fraction of

the total area. min_area sets a threshold for the minimum area of contour

to be detected to avoid outliers.

– denoising = true // Apply Gaussian smoothing.

– allow_MET = false // Determines whether the ’Minimal enclosing triangle’

technique is used or not. If true facilitates enclosing triangle shape

approximation for disconnected contours.

– thr_method = ’triangle’ // Thresholding method for contour detection.
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High resolution PSB detection

• Measurement parameters:

– low_magnetic_field= 0.0 // As above.

– high_magnetic_field= 0.1 // As above.

– resolution = 0.00075 // As above.

– wait_time_slow_axis = 0.5 // As above.

– wait_time_fast_axis = 0.051 // As above.

– padding = 0.005 // As above.

• Analysis parameters:

– slope_tol = 0.4 // Tolerance for deviation in absolute value between

slopes of detected lines.

– int_tol = 0.05 // Tolerance for PSB metric (absolute value difference

between normalized segment intensities).

– seg_tol = 0.05 // Gives percentage of image length as threshold for

segments that are too small.

– median = false // If true, selects the median of detected lines (ordered

by y-intercept); false by default, so that the line with largest y-intercept

(outmost) is selected.

– segmentation_upscaling_res = 2 // As above.

– relative_min_area = 0.01 // As above.

– denoising = true // As above.

– allow_MET = false // As above.

– thr_method = ’triangle’ // As above.
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Danon gap check

• Measurement parameters:

– magnetic_field_min = - 0.1 // Start of magnetic field, in T.

– magnetic_field_max = 0.1 // End of magnetic field, in T.

– resolution_magnet = 0.003 // Resolution of magnetic field, in T.

– resolution_detuning = 0.0001 // Resolution of detuning line axis, in

V.

– detuning_base_offset = 0.002 // We add this to the detuning line

measurement to include the full base as the segmentation algorithm can

lead to detuning line definitions that end on the base line, therefore missing

valuable information.

– extra_wait_time_slow_axis = 0.5 // The slow axis (magnetic field) is

delayed by the time needed for the magnet to ramp one position, plus

this given time.

– wait_time_fast_axis = 0.077 // As above.

• Analysis parameters:

– segmentation_upscaling_res =2 // As above.

– min_area = 3 // As above.

– thr_method = ’triangle’ // As above.

– allow_MET = false // As above.

– padding_factor = 1 // As above.

– minimum_det_line_length_ratio = 0.33 // The detuning line is deter-

mined via the segmentation algorithm. It also determines a cutoff within

the triangles so that the algorithm only takes measurements at the base

line of the triangle. If the detuning line that is determined is less than

minimum_det_line_length_ratio of the full detuning line (from base
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line to the tip of the triangles), we extend the detuning line definition to

avoid detuning lines definitions that are too short.

– peak_offset_tolerance = 0.025 // The gap can be at most offset from

0T by this much and still be accepted as a true gap, in T.

– sigma = 1 // For the gap detection, Gaussian smoothing factor.

– field_gap_size = 0.002 // For the gap detection, parameter that controls

maximal gap width.

– relative_depth = 1.0 // For the gap detection, parameter that controls

maximal gap depth.

B.1.4 Find readout
Entropy optimisation

• Steering parameters:

– number_of_candidates = 3 // Maximum number of candidates this

sub-stage can create.

– seeding = 15 // As above.

– iterations = 30 // Number of total measurements taken by the Bayesian

optimisation.

– freq_vs.minimum = 2.6e9 // Minimum driving frequency fMW used in

Bayesian optimisation, in Hz.

– freq_vs.maximum = 2.9e9 // Maximum driving frequency fMW used in

Bayesian optimisation, in Hz.

– burst_time_ns.minimum = 2 // Minimum burst time tburst used in

Bayesian optimisation, in ns.

– burst_time_ns.maximum = 16 // Minimum burst time tburst used in

Bayesian optimisation, in ns.

• Measurement parameters:
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– magnetic_field = 0.1 // As above.

– resolution = 0.00075 // As above.

– padding = 0.005 // As above.

– wait_time_slow_axis = 0.5 // As above.

– wait_time_fast_axis = 0.051 // As above.

– lockin_tc = 1 // Time constant of lock-in amplifier, in s.

– field_setpoint.start = 0.0 // Minimum magnetic field, in T.

– field_setpoint.stop = 0.4 // Maximum magnetic field, in T.

– field_setpoint.num_points = 300 // Number of points in magnetic

field axis.

– field_setpoint.delay = 1 // Delay parameter, as above.

• Analysis parameters:

– segmentation_upscaling_res = 2 // As above.

– relative_min_area = 0.001 // As above.

– thr_method = ’triangle’ // As above.

Resonance confirmation

• Measurement parameters:

– magnetic_field_window = 0.1 // Window symmetric around the as-

sumed peak, in T.

– resolution_magnet = 0.001 // Resolution of scan, in T.

– wait_time = 2.5 // Delay for measurement, needs to be longer than the

lock-in time constant.

– lockin_tc = 2 // As above.

• Analysis parameters:
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– prominence = 0.9 // Minimum prominence of peaks.

– sigma = 1 // Gaussian smoothing factor.

– peak_offset_tolerance = 0.025 // Peaks with a maximum offset of this

parameter from the assumed position are accepted.

Spectroscopy

• Measurement parameters:

– min_magnetic_field = 0 // Start of magnetic field, in T.

– max_magnetic_field = 0.5 // End of magnetic field, in T.

– resolution_magnet = 0.005 // Resolution of magnetic field, in T.

– min_freq_vs = 2e9 // Start of driving frequency fMW, in Hz.

– max_freq_vs = 3e9 // End of driving frequency fMW, in Hz.

– resolution_freq = 0.5e8 // Resolution of driving frequency fMW, in Hz.

– extra_wait_time_slow_axis = 1 // As above.

– wait_time_fast_axis = 1.1 // As above.

– lockin_tc = 1 // As above.

Rabi chevron

• Measurement parameters:

– magnetic_field_window_multiplier = 2 // The window is determined

by the width of the peak that resonance confirmation (Stage 4b) takes

and multiplied with this factor.

– n_px_magnet = 40 // Number of points in the magnetic field axis.

– resolution_burst_time = 1e-9 // Resolution of the burst time tburst

axis, in s.

– min_burst_time = 0 // Minimum of the burst time tburst, in s.

– max_burst_time = 45e-9 // Maximum of the burst time tburst, in s.
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– dead_burst_time = 10e-9 // The total length of the pulse is twice the

maximum tburst, plus this factor, in s.

– extra_wait_time_slow_axis = 6 // As above. Needs to be significantly

larger than the lock-in time constant to avoid spill-over effects.

– wait_time_fast_axis = 2.5 // As above.

– lockin_tc = 2 // As above.

Rabi oscillations

• Steering parameters:

– n_repetitions = 5 // Number of repetitions of the same Rabi oscillation

measurement.

• Measurement parameters:

– resolution_burst_time = 0.5e-9 // As above.

– min_burst_time = 0 // As above.

– max_burst_time = 60e-9 // As above.

– dead_burst_time = 10e-9 // As above.

– lockin_tc = 2 // As above.
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B.2 Efficient measurement algorithm

Taking multiple charge transition stability diagram measurements is notably time-

consuming due to the predominance of featureless areas, as bias triangles are typically

embedded within a skewed rectangular pattern. To address this, we developed an

efficient measurement algorithm that reduces the measurement time to about a third

of a brute-force scan. By rephrasing the measurement of bias triangles as an image

processing task, where the goal is to determine a contour that traces the outline of a

bias triangle, we significantly enhanced the efficiency of the process.

In a binary image represented by a matrix of zeros and ones, the perimeter of any

grouping of non-zero elements forming a contiguous region is known as a contour.

The Moore-Neighbour contour tracing algorithm offers a method for evaluating a

complete contour given a starting point within it [147]. This algorithm works by

examining only the pixels adjacent to a previously examined pixel. Since the pixel

locations correspond to plunger gate voltages, measurements of well-separated pixels

are both time-consuming and risk introducing noise, such as switches. Once the edge

of a bias triangle is identified, its contour can be quickly measured with minimal

overhead from the device. After evaluating the contour, each pixel inside can be

measured sequentially to complete the bias triangle.

To construct a binary image from a series of measured current values at differing

gate voltages, a threshold must be determined. Current values above and below

this threshold are considered ones and zeros in the binary image, respectively.

The threshold can either be set manually, using prior knowledge of the system,

or determined dynamically.

For a fully automated system, we first performed a calibration scan using sparse

sampling and evaluated the median absolute deviation threshold from these measured

points. The sampling routine followed a snake scan pattern, where measurements

are performed horizontally from left to right until reaching the boundary of the

measurement region, then proceed vertically for a fixed length before continuing

horizontally in the opposite direction. This process is repeated until the entire

image has been covered.



B. Supporting data for Chapter 4.4 149

60 40 20 0 20 40 60
VLP (mV)

60

40

20

0

20

40

60
V

R
P

 (m
V

)

0

20

40

60

80

|I| (pA
)

Figure B.1: Examples of measurements taken with the efficient measurement
algorithm. Areas where no measurement have been taken have been filled with the
threshold value.

With the threshold determined, a second sparse sampling across the measurement

region is conducted. The Moore-Neighbour contour tracing routine is triggered on

any measurements exceeding the threshold, followed by a routine to measure the

inside of the contour. This process systematically captures a complete pair of bias

triangles. Once a cluster is fully measured, the scan resumes until the next cluster

triggers flood filling. To minimise wasted measurements, current values were cached.

The second sampling routine also employed a snake scan, offset vertically from the

original to maximize the chance of encountering a bias triangle.

Bias triangles are organised in a skewed grid pattern. The bias triangles identified

in the second sparse sampling stage can be used to fit a skewed rectangular grid

and infer the location of any missing bias triangles. Triangles might be missed by

the initial sparse sampling if they reside between the horizontal lines of the two

snake scans. A skewed grid can be represented by two vectors that describe the

spatial separation between points on the grid and the location of one grid point.

These parameters were determined by minimising the total distance between the

barycenters of all contours evaluated in the second sampling stage and points on
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the fitted grid. After fitting, each point on the grid within the measurement region

that did not have a bias triangle was measured sequentially.

This method significantly streamlines the process, reducing measurement time by

approximately two-thirds. For the hyperparameters reported above, the measurement

of a 100 by 100 point stability diagram takes 14.5 minutes ± 3.0 minutes with

this efficient measurement algorithm, compared to 43.7 minutes ± 0.1 minutes

with a conventional grid scan.

B.3 Qubit gate voltage volume calculation

I present the underlying assumptions for the calculation of the haystack volume

for the analogy in Chapter 4.4.

Fitting a convex hull to the 3D barrier voltage locations where qubits were

found gives us Vhull, 3D:

Vhull, 3D ≈ 0.00032 V3 = 320000 (mV)3. (B.1)

This can only be an estimate. We might be overestimating the volume be-

cause there might regions in the full hull without an available qubit. We might

underestimate the volume because the locations are probably not at the outer

edge of the possible volume.

To get an understanding how large this space is, let us consider the volume of the

space in which we search. If we take the safe ranges in the given experiment, we have

Vsafe ranges, 3D = 2 × 2 × 2 V3 = 8 V3. (B.2)

We can compute the fraction of the space that the volume with qubit occupies

compared to the full search space:

v3D = Vhull, 3D

Vsafe ranges, 3D
≈ 0.004%. (B.3)

We also need to consider the restrictions imposed by the plunger gate voltages.

There is only a small area where a qubit can be controlled, see Fig. 4.3. If we

assume an area of 10 mV ×10 mV, we have
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Vhull, 5D = Vhull, 3D × 0.01V × 0.01V ≈ 3.20 × 10−08V5 (B.4)

Since we do not search over the full safe ranges for the plunger gates, we do

not use that as a reference volume. Instead, we use the window that we search

over, which is 300 mV × 300 mV. Overall this gives us a fraction of the hull volume

in the 5D gate voltage space:

v5D = Vhull, 5D

Vsafe ranges, 3D × 0.3 × 0.3 ≈ 4.43 × 10−6%. (B.5)

Now to compare this to a needle in a haystack, we first need to calculate the

volume of a needle. We assume the needle has a cylindrical shape, and is 5 cm long

with a radius of 1.5 mm. This gives a volume of the needle:

Vneedle = π × 5 cm × (1.5 mm)2 ≈ 0.35 cm3. (B.6)

A cubic haystack with side length of 2 m has a volume of:

Vhaystack = (2 m)3 = 8 m3 (B.7)

The needle volume as a fraction of the haystack volume is

vneedle = Vneedle

Vhaystack
≈ 4.41 × 10−6%, (B.8)

which is very close to v5D.

Another way to compute the side length of the haystack is to compare vneedle to v5D,

vneedle = Vneedle

Vhaystack
= v5D (B.9)

and solve for the Vhaystack. This gives us a side length of a haystack of about 2 m:

Vhaystack = Vneedle

v5D
≈ (1.997 m)3 ≈ (2 m)3. (B.10)

B.4 Modular framework

We implemented several design choices to standardise the framework across all

stages, achieving a cohesive and modular architecture. Each stage exhibits these

common characteristics:
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B.4.1 Stage structure

1. Integration with QCoDeS [148]: All stages have access to the station object of

QCoDeS, allowing each stage to take measurements and change experimental

parameters.

2. Data management: A data access object manages (in addition to the QCoDeS

database) costum data saving, such as the structure of the tree that was created

so far, and automated documentation of the run.

3. Hyperparameter configuration: Each stage possesses specifically tailored hyper-

parameters to fulfill its requirements, as detailed in the Section B.1.

4. Candidate management: A list of candidates that were passed to a stage and

that are sent off to another stage is kept.

Functions

1. Investigation function: Stages are primarily invoked through an investigate

function, managing candidate lists, orchestrating measurements and data

analysis, and forwarding candidates to the subsequent stage.

2. Experimental setup: A prepare_experiment function sets up the experimental

parameters as needed, for example, setting certain voltages, ramping the magnet

to a starting position, or stopping the AWG from outputting a pulse sequence.

3. Experiment execution: The function perform_experiment function conducts

the stage-specific measurements.

4. Data analysis: determine_candidate function analyses the acquired data to

assemble a viable set of candidates for further exploration.
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B.4.2 Candidates

1. Data association: Once a stage has taken data relating to a specific candidate,

it will keep a note of the global unique identifier (GUID) that is recorded in

the QCoDeS database.

2. Parameter storage: Critical parameter information is stored flexibly in a

dictionary format to adapt to various experimental scenarios.

3. Metadata storage: Candidates carry metadata, such as their position within

the search tree.

4. Stage timing: The duration required for each stage’s process is recorded.

5. Resulting candidates list: A distinct list is maintained for candidates resulting

from the stage’s analysis.
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C.1 Virtual gates

For small voltage ranges we can assume a linear cross talk between the gates. In

particular, I am interested in how the plunger gate voltages need to be adjusted

if I change the barrier gate voltage. I want to compute the compensated plunger

voltage locations given their uncompensated values, the amount of change of the

barrier voltage ∆V , and the coupling strength γ.

We can computed the compensated plunger voltage as

Vi,compensated = Vi,uncompensated −
∑

j∈{L,M,R}
∆Vj γi,j (C.1)

I measured the couplings once and used it throughout this work. In principle

the couplings can be automatically measured using the modules presented in

154
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VL VM VR

VLP 0.5208 0.5208 0.0000
VRP 0.0000 0.4166 0.6250

Table C.1: Couplings. The couplings used to compute virtual gates.

this dissertation.

The values used are show in Table C.1. For example, if the left barrier voltage

VL changes by 1 mV, the left plunger voltage needs to be corrected by -0.5208 mV

and the right plunger voltage remains unchanged.

C.2 Model to fit Rabi oscillations

We use the following model to fit Rabi oscillation measurements.

I(t) = A exp
(−t

τ

)
cos (ωt + ϕ) + B exp

(−t

τ2

)
+ C (C.2)

The first summand describes Rabi oscillations with an amplitude A, angular

frequency ω and decay time τ . Due to pulse distortion and heating effects, the signal

may drift which is reflected by the second and third summand with an amplitude

B and its own decay time τ2 and an offset C.

The components are visualised in Fig. C.1.

0

0

tburst

I

0

0

0
tburst

0

I

tburst

I

+ =

Figure C.1: Rabi model visualisation. The left panel shows a cosine with a decay
envelope. The middle pane shows a decay with an offset the distortion which may be added
to the signal due to pulse distortions. The right panel shows the sum of both parts.



C. Supporting methods and data for Chapters 5.2 and 6.4 156

C.3 Current dependency

The current across the DQD depends among other things on the barrier voltage

setting. This relationship is mostly not linear. This is due to the exponential

relationship between barrier strength and barrier gate voltage [149] and due to

disorder potential that is shifted by gate voltages.

Fig. C.2 shows the distribution of currents for a relevant barrier gate voltage

range for three transitions. I choose to show the current at the lowest point between

the base line of the bias triangles and the first excited state line. This is marked

in Fig. 5.6 with a green star. The data I show here is the same data as used for

Fig. 5.6, so including measurements of barrier voltage settings where readout was

lost. Similarly to Fig. 5.4, I show the mean of a slice of a GP fitted to each data

set at VR=0.99 V to aid visual interpretability.

All three maps show highly non-linear behaviours, with areas of very flat current

dependency and areas of high change at the edge towards the origin. Generally,

higher barrier voltages correspond to lower currents but transitions B and C show a

few instances where increasing the barrier voltage actually also increases the current.

This is likely due to shifts in the disorder potential.

Transition A Transition B Transition C
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Figure C.2: Current dependency. I show the current in the valley (see the green star
in Fig. 5.6) of bias triangles for three different transitions (see Fig. 5.3 for the names). For
visual interpretability, I fit GPs to each dataset and plot its mean at VR=0.99 V. All maps
show strong non-linearity of the current as a dependence of the barrier gate voltages.
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