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selves. Quantum computation promises to overhaul the landscape of computation
and with it many benefits to society as a whole are predicted. This thesis focuses on
spin qubits, devices that hold promise for quantum computation, but are hampered
by their control challenges. A large time sink is faced by those in industry and
research alike; signals must be acquired, processed, and interpreted. From these
signals decisions must be made. This thesis identifies a set of general automated
methods to control and interpret devices. All methods are verified through
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Introduction

The modern era is fuelled by computation; it has become an integral part of every
day life: automated decision making algorithms support industries like trading
and logistics; information that amounts to a library’s worth can be stored by a
civilian in the equivalent volume of a book; and most carry a miniature computer
around in their pocket at all times. Thanks to the immense scalability of the
processes used to fabricate these devices, these incredibly complex devices can be
made affordable. However, for all the success these devices have bought about
they are built upon the concept of classical computation. Quantum computation
in contrast promises to revolutionise what we can feasibly compute as well as the
way in which we perform and implement that computation.

Since the initial proposal by Richard Feynman [!] of a computer that operates
using the principles of quantum mechanics, the experimental pursuit of such a
machine has been the focus of intense research. However, its realisation has so far
remained elusive. Qubits - quantum two level systems form the fundamental building
block of a quantum computer. A qubit is to a quantum computer what a bit is to a
classical computer, its unit of information. Practically useful quantum computers
will require millions of interacting, individually controllable qubits, and herein lies
the difficulty. Due to the vast numbers of qubits required and the need for controlled

interaction between qubits, the very technology that originally drove the classical
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computation revolution, the semiconductor, has become a popular approach for
building a quantum computer [2]. However, control of these semiconductor qubits
proves immensely challenging; at the time of writing all semiconductor qubits require
some form of manual control despite the field being over 20 years old. Paving a way
for automated control with experimental demonstrations is the core of this thesis.

The thesis aims to address this by considering one core question:

"Can general purpose automated strategies for quantum device control be identified
that work with real devices?"

My hope is that by highlighting general purpose strategies, we can make a
toolbox of tricks and methods that can be employed by all researchers in academia
and industry. They might not necessarily be reapplied in the ways that appear in this
thesis, the specific demonstrations are to provide proof that the methods are robust.

Chapter 3 discusses an active learning methodology for selecting the most
informative measurements to perform next. This method is applied to different
common scenarios. Chapter 4 introduces the most developed algorithm featured in
this thesis - a statistical search algorithm that performs a queue of experiments. It
is demonstrated it can outperform a human baseline in the challenging problem of
quantum device tuning. Chapter 5 further studies this algorithm by considering its
applicability to multiple device architectures and material systems, demonstrating
the algorithms generality. Chapter 6 leverages the same algorithm but for a different
task; acquiring data so that post processing methods can be applied producing new
metrics for quantifying device variability and performance. Chapter 7 introduces
a method by which complex signals can be processed to produce a smooth score
metric using very little human-labelled data. The approach is verified by using
a simple optimiser to improve the score metric. Finally, chapter 8 introduces a
method to evaluate quantum device readout with no labelled observations. The
method is demonstrated by optimising experimental parameters to achieve improved

readout fidelities.
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1.1 The DiVincenzo criteria

The DiVincenzo criteria set out a set of key conditions a platform must achieve
in order to be viable for quantum computation [3]. Quantum computing using
semiconductors is such an attractive solution because it meets or is expected to
meet all these goals. The relevent criteria are:

1) A scalable physical system with well charactersised qubits

3) Long relevant decoherance times, much longer than the gate operation time

)
2) The ability to initialise the state of the qubits to a simple fiducial state
)
4)

A "universal” set of quantum gates

5) A qubit-specific measurement capability

In essence the criteria mandates that implementations must be strongly decou-
pled from their environment, whilst being controllable, and thus well coupled to
the mechanisms used to prepare, operate and readout the qubit. Physical systems
that meet these criteria are hard to realise and are prone to errors. Error correction
methods which combine many physical qubits into a single logical qubit have been
proposed to counter this but estimates place the number of physical qubits needed
to perform relevant algorithms at 10 — 10® [1—6]. This increases the importance

on requirement 1) which has yet to be demonstrated at this scale.

1.2 The qubit

A classical bit is a fundamental unit of information; it conveys the smallest unit
of information by only taking on one of two possible states often referred to as
1 and 0. This classical information can be encoded in multiple ways, popular
approaches in modern computation are: the direction of magnetisation of a thin film
of ferromagnetic material; the charged or uncharged state of a capacitor; and the
flow of current through a junction that can be turned on or off. A qubit however,
can take on a linear combination of states 1 and 0, referred to as a superposition.
Mathematically this means the state of a qubit |¢) with basis states |1) and |0)

can be represented in the following form:
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Figure 1.1: The Bloch sphere An annotated Bloch sphere.

|9) = |0) + 5[1) (1.1)

for any complex « or 3 subject to the condition that the vector v = [a, 3] is

normalised so (||v|| = 1). However, the state |¢) can never be directly observed.

Instead when attempting to observe the state of a qubit (measuring in the qubits

basis) the qubit will be observed to be in either the |0) or |1) state. Whether the

qubit assumes the |0) or the |1) state is purely probabilistic with the probabilities
of either state being equal to |a|? and |3]? respectively.

As v normalises to one and the global phase of the qubit is unimportant, every
possible state of the qubit can be directly mapped onto the surface of a unit sphere
(Fig. 1.1). This representation is referred to as a Bloch sphere and is helpful for
visualising the state of a qubit.

In classical computation logic operations are performed on bits to carry out
computation. All logic operations in classical computation can be though of as
flipping the state of bits, with flipping sometimes being conditional on the state
of another bit. Similarly, logic operations are performed on qubits to carry out
computation. A single qubit operation takes the qubit from one point on the Bloch
sphere to another. The best known single qubit operations are the X, Y, and Z
gates represented mathematically by the X, Y, and Z Pauli matrices,

X:l(l) é]yzl? _()Z]Z:Ll) _01]. (1.2)
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Each of these operations performs a 7 rad rotation about its respective axis,
i.e. X produces a rotation about the x axis mapping |0) to |1). For single
qubit operation a set of gates that in combination allow any state on the Bloch
sphere to be reached is required.

Signal qubit gates can be thought of as the quantum analogue of single bit
operations. Two bit operations like the AND gate are also vital for classical
computation. The quantum analogue of these are two qubit gates. They can be
thought of as a rotation of a qubit conditional on the state of another qubit. An

example of such a gate would be the controlled NOT gate.

1.3 Spin qubits

A qubit can be realised in any two level quantum system. The most classic example
of a two level quantum system is that of a spin % particle. Many popular physical
qubit implementations leverage this. They fall into two broad categories - optically
controlled and electrically controlled.

Optically controlled spin qubits include those realised in nitrogen vacancy
centers in diamond [7]. Optically controlled implementations have seen great
progress in recent years. However, they are not the focus of this thesis which
concerns electrically controlled spin qubits.

Electrically controlled spin qubits have been successfully realised in quantum
dots and impurities in silicon. Quantum dot devices are quite varied: One of the first
approached was laterally-defined quantum dots in GaAs heterostructures [3]. More
recently SiGe heterostructures have also been studied [9]. Similar demonstrations
in nanotubes and nanowires consisting of various material systems exist [10-13].
Implementations based on CMOS technologies have been demonstrated [11, 15].
Finally, research into impurities in silicon has produced impressive results [16—18].
Each material system, and gate architecture brings with it benefits and drawbacks
that themselves are subject to intense study. However, the core concepts remain
the same and so this thesis is dedicated to developing methods that are applicable

to all quantum dot based spin qubits.
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Figure 1.2: Constant interaction model schematic a Schematic of a quantum dot
device. A quantum dot is coupled to two reservoirs, labelled source and drain and can
be controlled via a nearby gate electrode that is biased to a voltage V;. A voltage Vyq is
applied across the reservoirs such that charge transport occurs. The current through the
dot I is measured. b Constant interaction model approximation. To model the device
in a the system is treated as a lumped element circuit with capacitors approximating
the coupling of the junction labelled dot to the applied voltages. ¢ Energy level diagram.
Applying bias voltage V4 produces bias window highlighted green. Electrostatic energy
levels represented by solid black lines with excited states shown as dashed lines.

1.4 Laterally defined quantum dots

Quantum dots can be formed by creating a confinement potential to trap charge
carriers like electrons. These devices are of comparable size to the fermi wavelength
of the charge carrier allowing discrete energy levels to form much like an atom,
thus Quantum dots are often referred to as artificial atoms. By adjusting the
confinement potential of the quantum dot the number of confined charge carriers
can be adjusted even to the point that the quantum dot contains only one charge
carrier. To understand the behavior of the quantum dots we consider the physics

of the constant interaction model; a simple yet powerful approximation.
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1.5 Constant interaction model

The constant interaction model is useful for making predictions about the structure
of current measurements with respect to applied voltages given physical parameters.
Measurements that probe this, such as stability diagrams, are featured heavily
throughout this thesis. This section introduced the model and then analyses the
structures it produces with respect to voltage.

The model assumes that the quantum dot can be parameterised by a single
capacitance Cy. This capacitance is the sum of individual capacitance terms
each representing different interactions with the environment. For simplicity, I
will introduce the case where a single quantum dot is coupled to a source and
drain reservoir with a single gate electrode as depicted in Fig. 1.2a. In this
case Oy, = U5 + Cy + C,, where C; represents the source, Cy the drain, and C,
the gate electrode. Given that the total energy stored in a capacitor for charge
@, voltage V, and capacitance C is U, = 1€ and that Q@ = CV, the total

2 C

energy of the quantum dot is:

(—lel(n — no) + CsVi + CyVy + C,V,)?
20,

where ng is the number of background charges. The voltages Vi, Vy, and V,

U(n) = + 3N E.(B), (1.3)

are applied to the source, drain, and gate, respectively. Finally F, represents
the single particle energy levels and is dependent on the confinement potential
and the magnetic field. The electrochemical potential of the dot is defined as
p(n) = U(n) — U(n — 1) hence:

pu(n) = (n—mny — 1)Ec— Lo

5 (CSVS + CdVd + Cg‘/g) + EN, (14)

le]

e

where ¢ = &

is the charging energy. The first two terms are electrostatic and
the last is chemical. The electrochemical potential is convenient to work with as
it depends linearly on voltages. Tunneling through the dot is dependent on the
alignment of electrochemical potentials. A bias window that allows electrons to

tunnel from the source reservoir to the drain reservoir is created by the voltage
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Figure 1.3: Schematics of coulomb blockade in single dots a Coulomb peaks at
near zero Vyq4. b Coulomb diamonds over the same domain of V,. Coulomb diamonds
with annotations showing cut responsible for a.

Vsd

g

Vsa = Vs —Vj. This window has an associated energy ps — g = —|e|Vsq. If an energy
level of the dot sits within the window then single-electron transport is allowed.
The energy levels of the dot are spaced apart by an energy Fggx = Ec + AE, where
AF is the difference between two discrete quantum energy levels. They can be
shifted by altering the voltage V;, hence with our three gate voltages we can control
the size of the bias window and whether an energy level sits within it.

For a small bias window —|e|V;q << E¢ the majority of V; values result in no
energy level siting within the bias window and thus no current is allowed to flow;
this phenomena is referred to as Coulomb blockade. If an appropriate value of
V, is applied such that p; ~ pu(n) ~ pq then the Coulomb blockade is lifted and
tunnelling is permitted. Only one energy level will be involved in electron transport
if the bias window is small compared to AE (and small temperature).

We can vary V; over some range of values while observing the transport current
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I. Near-zero current is observed during Coulomb blockade. At the point where an
energy level becomes aligned so that us ~ u(n) ~ ug for any given n the current
rises and then falls sharply again with respect to V. This rise and fall of current
forms a peak called a Coulomb peak (Fig 1.3a). The spacing between peaks provides
information about the value of Eqg. The exact functional form I(V,) is dependent
on many factors including tunnelling rates and temperature.

Increasing the applied bias voltage V4 by some small amount relative to F¢o
will increase the width of peaks observed as a function of V. Increasing V4 so that
is of order E¢ will increase the width of peaks until they merge.

Investigating I as a function of both V4 and V, produces a structure shown in
Fig. 1.3b, this pattern is referred to as a Coulomb diamond. Within each diamond
the dot is in Coulomb blockade so the number of electrons in the dot remains
fixed. Each diamond corresponds to a different charge state. The transitions
marked as black bold lines are predicted by the constant interaction model. The
positively sloped transitions represent a solution to us = p(n) giving a gradient of

CC—; and the negatively sloped transitions represent the solution to pg = p(n) giving

Cy
Cs—Cx "

a gradient of For the same occupation number, intersection of transition

lines takes place at a given positive value of V,4; this value corresponds to the

charging energy in electron volts % For a pair of solutions with occupation

numbers that differ by one intersection takes place at V;q = 0, the spacing in V
e

between intersections of solutions of this type is &-.
g

1.5.1 Double quantum dots

The constant interaction model can be simply extended to the case of two capacitively

coupled quantum dots. In this case the electrochemical potential for dot 1 becomes

1
,ul(nl,ng) = U(’I’Ll,ng) - U(m - ]_,’I'LQ) = ET(MCV + N), (15)
where
Vi 1
Con Cy1 Cs 0 V2 ny —3 Ec
C=|77 I V=1|/7 N = 2| E = ) 1.6
Coiz Cypa2 0 Cyl’ Vs |7 [ N9 ] ’ [ECM] (1.6)

Va
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Figure 1.4: Circuit diagram of a double quantum dot Constant interaction model
approximation of a double quantum dot. The double quantum dot is treated as a lumped
element circuit with capacitors approximating the coupling of dot 1 and dot 2 to the
applied voltages.

.
.

Values ny and ns are the charge occupation of dot 1 and dot 2. Matrix C is the
full capacitance matrix containing: gate to dot capacitance terms Cyi; and Cyoy;
cross capacitance terms Cyi2 and Cyop; and C5 and C source, drain capacitance
terms. Where the first index of gate capacitance terms represents the gate and
the second represents the dot. V contains gate voltages V,; and Vj,. Finally, E
contains the charging energy and the electrostatic coupling energy Ec,,.

Similarly to the first quantum dot, dot 2 po(nq,n2) = U(ny,ng) — U(ng,ng — 1)
can be derived. If Cyi1 = Ch # 0, Cyia = Cpo1 = 0, and E¢,, = 0 then for
infinitesimally small V,; the solution is a set of horizontal and vertical lines. If we

make Cj12, Cg21, and E¢,, non zero, we instead observe a honeycomb pattern.

The constant interaction model can be further extended to systems of N coupled

quantum dots by extending the matrix formalism used above.
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1.6 Characteristics of laterally defined devices in
GaAs/AlGaAs

I will briefly review the heterostructures. I select these types of devices to describe

in detail as they feature prominently in this thesis.

The aim in these devices is to form an isolated region that contains a charge
carrier. GaAs/AlGaAs heterostructures realise this through a combination of band-
gap engineering and gating of the device. By stacking a layer of AlGaAs on top of
a layer of GaAs and doping the AlGaAs layer with Si, free electrons are introduced.
Due to the structure of the band-gap these free electrons accumulate at the interface
with a ~ 10 nm width. Electrons in this plane can freely move and as such, this
plane is typically referred to as a two dimensional electron gas (2DEG). Gate
electrodes of Ti/Au are patterned lithographically on top of the heterostructures.
By applying a negative DC voltages to the gate electrodes, regions of the 2DEG
can be depleted of electrons. The architecture of gate electrodes that are patterned
must be considered carefully so when voltages are applied quantum dots are formed.

These quantum dots ideally should contain few electrons or even a single electron.

GaAs/AlGaAs heterostructures are a popular choice for such devices as they have
a high mobility and low electron density giving electrons a large Fermi wavelength
and a large screening length. The large screening length makes depletion of the
2DEG easier to achieve while the relatively large Fermi wavelength means larger
quantum dots can sill exhibit discrete energy levels.

Although a device might be designed to form a single or double quantum dot,
that is not what happens for the majority of the applied gate voltage values. As
long as no quantum dot is formed, the constant interaction model is not applicable;
well defined tunnel barriers must first be formed. Forming tunnel barriers to form a

quantum dot requires exploring the parameter space of gate voltage values.
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1.7 Qubits in quantum dots

Multiple qubit implementations have been proposed for spins in quantum dots. I

will detail the two that are relevant to this thesis.

1.7.1 Single spin qubit

Loss and DiVincenzo [1998] initially proposed a quantum computer based on isolated
spins. This qubit, often refered to as the Loss-DiVinchenzo qubit, uses a single spin
to encode a qubit. The qubit basis states used are |1) and ||), corresponding to
an alignment of the spin parallel or anti parallel to an applied magnetic field B,.
When applying a magnetic field, the energy level of the spin states split, with one
energy level becoming lower in energy and the other becoming higher, this effect
is called Zeeman splitting. The energy difference induced is proportional to the
applied magnetic field Ey,;; = gupB., where g is the g factor, and pp is the Bohr

magneton. Operation of the qubit can be realised via electron spin resonance (ESR)

or electron dipole spin resonance (EDSR). Operation via ESR [19] involves placing
the qubit in an oscillating magnetic field with frequency f = % Operation

via EDSR [20] involves subjecting the qubit to an oscillating electric field while
indirectly coupling the spin degree of freedom to the oscillating electric field - this
can be achieved via spin-orbit interaction [20], hyperfine interaction [21], or on chip
micromagnet [22]. By controlling the phase and duration of ESR/EDSR pulses,
universal control of these spin qubits can be achieved.

Two methods of readout are employed. The first, referred to as Elzerman
readout and demonstrate by [23], is based on energy-selective tunneling to a nearby
reservoir. Readout can be performed by arranging the energy levels such that
the higher energy electrochemical potential is greater than the reservoir’s. The
electron can then only tunnel if it is in the higher energy state, when tunneling
takes place the charge state of the dot is altered. This change in charge state can be
directly observed via a nearby charge sensor. An alternate form of readout utilises
Pauli spin blockade, I will discuss this method in detail in the next section, as

it is more commonly used with Singlet triplet qubits.
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Using these techniques, single qubit gate, readout, and initialisation have all
been demonstrated within the tolerances required for error correction [22-24].
Universal gate sets have been demonstrated in a two qubit processor proving the

validity of the approach [25].

1.7.2 Singlet triplet qubit

The Singlet triplet (S-T') qubit is an alternative to the single spin qubit first proposed
in a general form by Levy [2002] and demonstrated by Petta et al. [2005]. This
implementation encodes a qubit in a pair of spin % particles. The basis states
for the qubit are those with spin projection mgs = 0, |S) = %(HD) —111) and
|To) = %(HD) + [I1). Implementing a singlet-triplet qubit involves forming a
double quantum dot. The qubit is typically operated close to the transition between
the (2,0) - (1,1) or (0,2) - (1,1) charge states. In either the (2,0) or (0,2) charge
states the Pauli exclusion principle plays an important role, and thus the exchange
interaction J(¢) dominates the splitting of S and 7} states. The detuning parameter
controls the relitive energy between the two charge states by the relative energy
detuning e between the two charge states ((2,0)-(1,1) or (0,2)-(1,1)). In the (1,1)
state and when no inter-dot coupling is present the S state is degenerate with
the Tp state and the T, and T_ states (the triplet my; = 1,—1 states). In the
presence of inter-dot coupling, J(e) removes the degeneracy. This effect becomes
larger at small detuning (close to the inter-dot transition). For large detuning in
(1,1), the states S and T become degenerate again.

These qubits can be operated all electrically by controlling the detuning e.
Changes in € are applied at ns time scales, this process is referred to as pulsing.
By entering the (2,0) or (0,2) charge state, an electron is loaded into the ground
state, which corresponds to the |S) state. By pulsing along the detuning axis,
the exchange interaction strength can be controlled, and even effectively turned
off when the operation point is deep into the (1,1) transition. By positioning the
operating point at specific values of detuning, J(€) can be controlled in a manner

that realises rotations about the qubits first axis. Rotations about the second
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Figure 1.5: Graphic of steps Steps in the problem of device tuning and their
approximate order.

control axis pose more of a challenge. The typical approach to gain control over the
second axis is to place the dots in a magnetic field gradient either by fabricating
an on chip micro magnet [27] or by relying on the intrinsic magnetic field supplied
by nuclear spins in the host material [25].

For readout, Pauli spin blockade can be used for spin-to-charge conversion.
This is achieved by pulsing gate voltages into the S-T splitting inside the (2,0)
or (0,2) transition where transport is allowed for the |S) state but not the |7j)
state. This is because the |T,) state would remain in the (1,1) charge state while
a |S) would instead transition to a (2,0) or (0,2) charge state. This difference

can be observed by a nearby charge sensor.

1.7.3 Tuning, the current paradigm

I will describe the general steps that comprise device tuning at the time of writing,
with approximate times required for those steps to be completed by a human and a
comment on how amenable to automation each step is. Device tuning is manual,
relying on experimentalists who iterate between performing an experiment to obtain
measurements, waiting for experiments to complete, reviewing measurements to
infer the state of the device, and updating device parameters. When measurements
are acquired using transport current, a full iteration of this process takes place
on time scales of the order minutes to tens of minutes. Completely bringing a
device into its intended operation requires many iterations of this process. It
is not uncommon for it to take hundreds or even thousands of iterations. As
so many iterations are required the full task of bringing a device into operation

is separated into different steps (see Figure 1.5). These steps are: initial tests
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(see section 1.7.3); quantum dot formation (see section 1.7.3); quantum dot fine
tuning (see section 1.7.3); search for spin physics (see section 1.7.3); and coherent
manipulation of spin (see section 1.7.3). Although I present these steps as being
sequential this is not necessarily the case; it is quite common for an experimentalist
to try quantum dot fine tuning if coherent manipulation is proving unsuccessful. It
is also important to consider that any form of automation is valuable for quantum

device tuning as it allows experimentalists to work on other problems.

Initial test

Once a device is ready for measurement initial tests are performed; these are used
to quickly determine if the device can be operated. During this step the experi-
mentalists first checks that the device behaves like a resistor and has appropriate
resistance (appropriate resistance values depend heavily the type of device and
experimental setup). They then test that there is no leakage between pairs of gates
or the source/drain reservoirs. They finally check that the device is gateable, by
demonstrating that there are regions of gate voltage space where transport current
can flow and regions where it can not. For a human operator this process can
take ten minuets to an hour depending on the number of gate electrodes that have
to be checked. These tasks are simple to automate using linear regression and

thresholding methods but are not described in this thesis.

Quantum dot formation

The second step is quantum dot formation; used to bring the device into the correct
operating regime. During this step the experimentalists iterates between performing
grid scans with specific gates and altering gate voltage parameters. The process
required to achieve this step is very dependent on the type of device being used as
demonstrated in chapter 7. For a human operator this process can take an hour
to multiple days. This step is very difficult to automate because the parameter
space is large and devices vary significantly, chapters 4 and 7 demonstrate that

automation of this step is possible.
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Quantum dot fine tuning

The third step is quantum dot fine tuning; used to bring the formed quantum
dots into a regime where spin physics can be observed and manipulated. During
this step the experimentalists iterates between performing grid scans with specific
gates and altering gate voltage parameters. For a human operator this process
can take tens of minuets to a day depending on how easy it is to control tunnel
couplings without altering other device behavior. For example the device displayed
in figure 4.1 is harder to fine tune than the one displayed in figure 5.1 because of its

gate architecture. This step is challenging to automate and is covered in chapter 6.

Search for spin physics

The fourth step is a search for indications of spin physics. During this step
the experimentalist iterates between performing grid scans with specific gates and
altering gate voltage parameters whilst also adjusting the bias voltage and externally
applied magnetic field. The process required to achieve this step depends on whether
the device is capable of depleting its quantum dots down to the last charge carrier.
In the situation where this is possible charge states can be counted making the
process more reliable. In the situation where this is not possible many inter-dot
transitions must be explored [29]. This process can take tens of minuets to tens
of days depending on which approach has to be used. This step is challenging to
automate because signals that are indicative of spin physics are very subtle and
only occupy a small portion of device parameter space, chapter 8 introduced an

approach that could be used for this purpose.

Coherent manipulation of spin

The final step that must be performed is the coherent manipulation of spin. During
this step the experimentalist iterates between perform sequences of pulses while
measuring the state of the device, and designing pulse sequences or finely adjusting
gate voltages. This step is very dependant on the type of spin qubit that the

experimentalist is aiming to achieve (see 1.7.1 and 1.7.2 for examples) and the
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tuning achieved in previous steps. This process can take hours to days. This
step is challenging to automate in part because it is so reliant on the successful

completion of all prior steps.

1.8 Automation in spin qubits

Automation in spin qubits had been relatively unstudied until recent years. Its
importance for scalability is becoming clear. Even with renewed interest few parts
of the process of operating spin qubits have been automated due the complexity

of various parts of the tuning process.

1.8.1 Grid scanning

Grid scanning techniques are the backbone of characterisation techniques, and
while basic, they represent a form of automation. As touched upon in section 1.5,
information about the state of a quantum dot is contained in the structure of
observables like transport current [ with respect to other device parameters like
gate voltages. To interpret devices, uniformly spaced grids of measurements are
acquired in a one or two dimensional slice of the parameter space.

A one dimensional grid scan often referred to as a trace, sweep, or ray, changes
a variable while measuring changes in /. That is a single variables Vi, is selected
and stepped by dvg.g; this is performed N times. At each iteration of the stepping
procedure n, the state of the observable I, is stored.

The result of a one dimensional grid scan is an array shape N containing
measurements of I. This can be plotted as a line plot or scatter plot on a graph.

A two dimensional grid scan requires two variables Vi, and Vo, selected from
the set of all variables. The grid scan selects a number of one dimensional grid
scans to be made M and a value to step V. by each iteration dvge,. The grid
scan proceeds by following a raster pattern like that displayed in Fig. 1.6a.

A two dimensional grid scan produces an N x M grid of measurements of I. These
are displayed or processed as single channel colour images on different colour-maps.

These type of measurements feature heavily throughout the rest of this thesis.
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Figure 1.6: Grid scan sequence Grid scan sequence. Grid scan sequence marking how
Viast and Viow evolve over the duration of a raster pattern grid scan. While traversing solid
green arrows measurements are collected uniformly with respect to Viagt; no measurements
are acquired while traversing dashed red arrows.

1.8.2 Signal processing

Information about the charge state of the device is contained in measurements
of a signal, such as current, as a function of device parameters. The use of
signal processing techniques to extract useful information about a device has
been demonstrated. The methods fall into two broad categories based on the
computer science methods they employ, classical computer vision methods and
machine learning methods.

Computer vision methods have been used to detect edges between charge states
in stability diagrams corresponding to five coupled quantum dots [30]. This allowed
the authors to match the measurements to the state of a simulator. The Hough
transformation [31] has been applied multiple times [32, 33] to extract transition
lines in stability diagrams, providing information about the gate capacitance
matrix. Gabor filtering [34] has been applied to detect Coulomb peaks in stability
diagrams [35]. Finally, custom convolutions have been designed to detect inter
dot transitions [35].

Use of machine learning methods has focused on the detection of charge

states. Implementations range from those based on convolutional neural net-
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works [30-39] (CNN’s), to those based on classical machine learning methods,
such as support vector machines, multi-layer perceptions, Gaussian processes,

and k-nearest neighbor [10].

1.8.3 Virtual gates

Virtual gates are a powerful tool that is popular in the space of automating the
control of spin qubits. The aim is to define a new set of gate voltages that
are a linear combination of the applied gate voltages, creating in the process
a virtual voltage space. In this virtual space, physical properties of the device
are orthogonal, making the device easier to control algorithmically. The linear
transform is a natural solution to this problem as off-diagonal elements in the
gate capacitance matrix of equation 1.6 give rise to shear transformations in the
gate voltage space. For the case of the two gates V, = [V, Vy2]? defined in

section 1.5.1 the gate capacitance matrix is

Co1 Cyn
C,=|/ I 1.7
! [0912 0922] (L)

To approximate this matrix, two dimensional grid scans are acquired and
parameters are extracted either by using the constant interaction model to fit
measurements [11, 12] or simple linear fitting [13]. Other approaches to obtain-
ing elements of the cross capacitance matrix from raster scans have also been
demonstrated based upon signal processing and machine learning techniques [33].
Once the matrix has been populated it is then inverted to find inputs that make

the gate capacitance matrix diagonal,
5
V, =GC,V,. (1.8)

Where Vg represents voltages in the virtual space. Controlling the physical
parameters of the device is simpler in this virtual space and automation methods
can be built directly upon this. Using this approach has enabled the fine control
of large arrays for purposes such as quantum simulation [414].

The elements in the matrix C, will scale O(n?) with the number of quantum

dots in the system making the full characterisation of this matrix (especially through
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traditional grid scanning) challenging. However, experiments have indicated that
this matrix is sparse [13] in a linear chain of coupled quantum dots, so it is likely
that it will have a far better scaling.

So far I have described virtual gates that are a combination of all physical gates
that act to change the electrostatic potential of a dot. A gate that performs this role
is referred to as a plunger gate, hence these virtual gates are called virtual plunger
gates. Gates can also alter the tunnel barriers between neighboring quantum dots
and source or drain. Gates of this type are referred to as barrier gates. Virtual
barrier gates are a subject of research. Similarly to virtual plungers, virtual barriers
involve learning linear transformations by performing grid scans and applying fits
to extract tunnel couplings [15]. Virtual tunnel barriers remain harder to extract
than virtual plunger gates as they require more measurements, more fitting, and
are not directly linearly related to applied gate voltages.

The constant interaction model is only an approximation of a quantum dot
device so this approach has significant limitations. The relationship between applied
gate voltages and the electrostatic potentials of a set of quantum dots can vary
none linearly due to the capacitance matrix approximation of the system also being
a function of gate voltage. This limitation means virtual gates see heavy use in fine

tuning applications where the approximation of the capacitance matrix holds.

1.8.4 Tuning

The process of tuning requires iteratively collecting information about the state
of the device and then updating experimental parameters. The aim is to bring
the device into a desirable state, typically one that renders it operational. Using
a set of heuristic decision rules that alter parameters according to predetermined
methods and classical computer vision signal processing methods mentioned in
section 1.8.2, Baart et al. [2016] demonstrated the tuning of a device into a double
dot regime and in particular to a (1,1) charge state, in 12 hours. This was the
first demonstration of automated tuning. However, the process is stated to not be

totally reliable, it requires some manual input, and makes many assumptions about
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the specific gate architecture. Since this, Darulova et al. [2020] have been able to
leverage different decision rules and machine learning signal processing methods
to demonstrate this approach can be made faster and more reliable. However,
significant assumptions about the gate architecture were still made. Finally, Volk
et al. [2019] demonstrated that once a few quantum dots have been tuned, virtual
gates can be applied to tune additional barrier gates one by one.

Kalantre et al. [2019] demonstrated that using a numerical optimiser and machine
learning signal processing loss function, a device can be tuned from a single dot
regime into a double dot regime or visa versa depending on the desire of the
operator. This demonstration however operates on a subset of all gates voltages in a
predetermined region of interest. Hence, it is a solution that can only be applied to a
device operated close in gate voltage space to the single/double quantum dot regime.

Finally, using the Kalman filtering [16] method developed for classical control
theory, it was demonstrated that tunnel rates in an already tuned double quantum
dot can be adjusted according to the user’s desire [17]. Other demonstrations of

the tuning of tunnelling rates leveraging virtual gates exist [11-13, 15].

1.9 Relevant ML methods

I will briefly touch upon some methods used in this thesis.

1.9.1 Deep learning

The term Deep learning refers to a subset of machine learning methods that rely
on Artificial Neural Network (ANN) based models. ‘Deep’ models consist of many
network layers. Although ANN’s have been studied for decades [13] only recently
have they seen extensive use.
Renewed interest was initiated by large improvements in state-of-the-art perfor-
mance of ANN based models across many applications during the early 2010’s |
]. [19] presents the fundamental approach for deep learning over the last decade:

large datasets to train on; stochastic gradient decent for learning; hardware
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Figure 1.7: Illustration a simple convolutional neural network

acceleration via graphical processing unit (GPU) for faster training; and data
augmentation techniques to improve model generalisation.

ANN based models come in different forms. Most relevant to this thesis is
the convolutional neural network (CNN) [53]. The CNN architecture (Fig. 1.7)
was inspired by the the structure of the visual cortex [53] and is a popular choice
for computer vision tasks. The primary component of a CNN architecture is the
convolution layer. This layer takes as input an array shape Cy x Wy x Hy array
where Cy is the number of channels, W, is the width of the input, and H, is the
height of the input. The input is convolved with K, kernels shape, Cy x Ny x My,
where N, is the width of the kernel and My is the height of the kernel. This produces
an output array shape Ky x Wy — % x Hy — (M‘éi_l) (in the case Ny and M, are
odd). This output is passed through a nonlinear activation function. The result of
this becomes the input shape Cyi1 x W41 x Hyyq for the next layer. Layers that
perform sub-sampling are applied to further reduce the dimensionality of the input.
Finally, fully connected layers are employed to produce the desired output shape.
During training, convolution parameters, fully connected parameters, and in some

cases subsampling parameters are iteratively updated using gradient decent.

1.10 Multi-armed bandits

In machine learning multi-armed bandit refers to a fundamental class of problems.
They have been the focus of research for over a century [54-56]. The problem

considered is how an agent should allocate actions to gain maximum reward
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considering fixed resources. The problem formulation is as follows: the agent
is given k € {1, ..., K} actions that can be performed, each action is associated with
a random variable denoting the reward R = {Rk}r=1, x that is unknown to the
agent. At a given iteration i the agent performs some action k; and receives a
randomly sampled reward r; < Rj,. The objective of the agent is to maximise the

accumulated reward 7 = ZN r; over N iterations. The difficulty of this problem

i=1
arises from the trade-off between exploration and exploitation. The agent must trial
different actions while also selecting intelligently so that not too much reward is lost.

There are some common solutions to these problems. Epsilon greedy methods
which select by default the predicted best action and randomly select an action
with small probability e. Upper confidence bound methods [57, 58] which include
predictions of action performance with a measure of uncertainty to make decisions.

Probability matching or Thompson sampling [59, 60] builds a statistical model of

rewards and selects an action according to a randomly drawn belief.

1.10.1 Bayesian statistics

Bayes rule is a formula that forms the foundation of Bayesian statistics. Formally it

is:

P(B|A)P(A)
p(B)

It can be observed that it provides a way of inverting a conditional probability

P(A|B) = (1.9)

distribution. If one has a model that produces predictions of B for a given A,
P(B|A) (often referred to as the likelihood) bayes rule can be used to find likely
values of A given observations of B. Even more conveniently it offers a way to
weight the possibilities by our belief of what values A can take, this is captured
in P(A) (often referred to as the prior). So that the distribution P(A|B) is a
valid probability distribution it is normalised by the term P(B) (often referred
to as the evidence). The P(B) term is often unknown or hard to estimate as it
requires the marginalisation of the model over all A this typically means methods

like Bayesian inference must approximate P(A|B) using the knowledge that it is
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Figure 1.8: Example Gaussian process in 1D Plots shows Gaussian process prediction
as a function of the number of points used for training data. Black crosses represent
training data, red dashed line represents posterior mean prediction, blue shaded area
represents GP uncertainty, and solid green line represents ground truth.

proportional to P(B|A)P(A). Methods like Metropolis Hastings [61] or variational

inference [62] are popular choices for solving this problem.

1.10.2 Gaussian processes

A Gaussian process [03] is a popular choice of machine learning model for Bayesian
statistics that I use throughout this thesis. Gaussian process can be used for
regression and classification tasks. They are a type of supervised, non-parametric,
generative model that is capable of accurately quantifying its uncertainty for a
given input (see figure 1.8 for example). They are mathematically tractable to
work with allowing theoretical analysis. A Gaussian process is defined as a set
of random variables, they model a collection of functions, so for a given input

x the function f(x) as a distribution.
f(@) ~ GP(m(z), K(z,2)) (1.10)

This distribution is dependent on m(x) the mean function and K (x, z") the Gaussian
processes kernel. The kernel K (x,z") must be selected with care as it defines the
correlation between different values of x. Common kernel choices are the exponenti-
ated quadratic kernel, the rational quadratic kernel, or the matern family of kernels.
Kernels introduce hyperparameters defining their length-scales. Large length scales

result in high correlation over large distances. These hyperparameters are typically
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inferred from data by finding the maximum a posteriori probability (MAP) estimate

using a nonlinear optimiser and a prior over reasonable hyperparameter values.



Methodology

In this chapter I discuss the interface between devices and algorithms. Experi-
ments in Chapters 3, 4, 7 and section 6.1 took place at the University of Oxford.
Experiments in Chapter 5 took place at University of Basel in collaboration with
the Zumbiihl group and at IST Austria in collaboration with the Katsaros group.
Experiments in section 6.2 took place at University College London during an
internship at Quantum Motion Technologies. Experiments in Chapter 8 took place
at QDev University of Copenhagen in collaboration with the Kuemmeth group.
The focus of this chapter is on how algorithms were verified experimentally and
so this section is not intended to describe the classical and quantum hardware
extensively. Figure 2.1 provides a high level overview of the interface between

devices and algorithms that I used.

2.1 Sample preparation

Samples must first be prepared before devices can be measured and controlled in
automation experiments. The device is connected to a sample board (Fig. 2.2a).
The sample board serves to interface the device with the signals that are sent to
it. The sample is fixed in place with polymethyl methacrylate (PMMA). PMMA

is strong enough to keep the sample in place, but weak enough for the sample to

26
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Figure 2.1: Interfacing algorithms and quantum devices. The interface between
the algorithms and the device split into the main components of hardware and software.

be removed without damage. The device is then is electrically connected to pads
on the sample board using a wire bonder. Certain fridge lines and sample board
lines have different capabilities, such as bias tees to combine high-frequency and
DC signals. Bonding must be planned carefully so that inputs to the device can be
electrically connected to classical hardware with the appropriate capabilities.
These experiments require mK temperatures to operate. At temperatures
higher than this thermal noise can supply enough energy for electrons to enter a
quantum dot. Experimentally these low temperatures are provided by a dilution
refrigerator [64]. Once the device is bonded to the sample board, it can be loaded
into a puck (Fig. 2.2b). The puck is a small container used to load the sample in
and out of our cryo-free dilution refrigerator. It contains the sample board and it

may contain other elements of the experimental setup that require mK temperatures
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Figure 2.2: Sample preparation. a Sample placed in a sample board. The sample is
fixed and bonded to a sample board ready for loading into a dilution refrigerator. b A
puck containing a sample board. ¢ A view of the cold finger. View from below the mixing
chamber of the dilution refrigerator where the puck is connected (segmented green).

to operate. The face place of the puck makes good contact with the face plate of
the cold finger (Fig. 2.2¢) which is attached to the dilution refrigerator’s mixing
chamber allowing it to thermalise to mK temperatures. The connections on the
faceplate of the puck directly mate with those of the dilution refrigerator so that

the puck is electrically connected to the dilution fridge lines.

2.2 Classical electronics

We must generate and readout signals to control and operate the device in the
dilution refrigerator. All DC lines in the fridge exit out of the top of and are
routed via a fisher cable to a 48 channel break out box (Fig. 2.3a). Each DC
line has its own BNC connector on the breakout box which can be grounded or
floating depending on the state of a switch.

To generate the voltage applied to a given DC line, we use a 16 channel 16-bit
digital to analog converter (DAC) from TU Delft (Fig. 2.3b). The DACs have a
4V range with the capability to be run in an positive, negative, or bipolar mode.
Throughout this work they are operated in the bipolar mode giving a range of

-2V to 2V. As the DACs count with 16 bit, they have a voltage resolution of
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Figure 2.3: Electronics. a 48 line break out box. A 48-line breakout box with BNC
connectors for each line, is connected via fisher cables (segmented in green) to the top of
the fridge. Each line can be grounded or floating conditional on a switch. b DAC outputs.
A 16-channel DAC with 2 ground ports and test resistors. ¢ Voltage divider. A voltage
divider for DAC channel 1 in b. The output is segmented in orange. d Current amplifier.
A current amplifier for the signals received from the breakout box (segmented in green).
The output to the digitiser is segmented in orange.

60 pV. We use a voltage divider (Fig. 2.3¢) to achieve smaller voltage resolutions.

1

1 1V
1000

v
Vto .

Voltage division factors typically used in this work range from 00 v

The DAC is controlled via a laboratory PC that communicates over a fiber optic
cable. Serial commands are sent and received from the DAC allowing relatively
fast changes (~10ms) to be made to the output voltages.

Finally, to measure the current flowing through the device, the drain is connected
to ground with an in line low noise current amplifier (Fig. 2.3d). The current
amplifiers gain is adjustable but for the majority of experiments in this thesis
1 x 10_9§ was used. Measurements of the current amplifier output were performed
by a PCle digitiser card. This digitiser card has a maximum sample rate of 150 MTSP.

When performing transport measurements, we acquire a buffer of 1028 samples at

1 MSP

a sampling rate of .

and the digitiser card returns the average value of the
buffer at the end of sampling. To readout a signal in real-time with the digitiser, we
configure it to measure a buffer of the appropriate size. When acquisition is desired,

a trigger signal is generated indicating to the digitiser to fill the buffer. The buffer
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Figure 2.4: Pygor framework A diagram detailing the role of the Pygor framework
and how it sits in the software part of the interfacing stack shown in Fig. 2.1.

is then transfered from the digitisers on chip memory to the PC’s RAM for further

manipulation such as averaging. The digitiser is controlled through an SDK library.

2.3 Classical electronics and low level control

The classical electronics is controlled programatically using the python programming
language. For experiments in Chapters 3, 4, 7, 6, and the first half of 5, I developed
a custom experiment control library called Pygor. An overview of where Pygor
sits in respect to the software interface is shown in Fig. 2.4. The purpose of the
Pygor framework is to separate the bare-bones instrument level control from the
low level, human parsable, control of the experiment. The framework allows for
these two control instances to be performed on different computers. Pygor-client
allows any PC such as a work desktop, personal laptop, or powerful server, to
control the experiment at the level of executing grid scans. Pygor-server, however,
runs on the lab PC, executing the instructions.

So that the following can be understood in context I will define some pro-
gramming related terminology. A class is a predefined structure defined by a
programmer, it defines methods and properties, commonly (but not always) this
will represent some concept in the real world like a person for example. Properties
are attributes that a class can have, with regards to our example this could be
weight of a person. A method is a functions that a class is able to perform, in our
example a person could have an eat method that increments a weight property and

reduces a hunger property. An instance is a specific instance of a class, for example
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this would represent a specific person with a specific weight. Finally, inheritance
allows a class to take on properties and methods of another class while adding
to it or altering it in some way, for example the person class could inherit from
an animal class which defines the eat method.

Instrument level control, such as that performed by Pygor-server, involves
communicating with instruments. Instrument drivers are responsible for this. They
take the native language that instruments understand and wrap it inside useful
programming methods. Pygor implements its own drivers. The instrument drivers
utilise pyvisa, pyserial, and the AlazarTech ATS-SDK (for the digitiser card) to
interface with experiments. All drivers inherit either the acquisition or control class
which themselves inherit from the instrument class. All acquisition instruments
implement a measure method which returns an array of data. This method is called
when acquiring measurements of current through the device from the digitiser. All
control instruments implement a pushparams method that takes a list of values
and sends these to the instruments. This method is called when setting voltages
to the DAC, for example. All instruments implement a config method allowing
for instrument configuration. The digitiser can be configured to use a trigger
signal using this method. An experiment might require several instruments. To
avoid having to reconfigure all instruments every time Pygor-server is closed, the
desired configuration of instruments is stored in a json file that is referenced every
time Pygor-server is started. With all instrument drivers configured, they can be
abstracted together into an experiment class. At runtime, Pygor-server instantiates
all instrument classes according to the json files. All instruments are then passed
to the constructor of the experiment class returning an instance. Methods of the
experiment instance are then registered to a simpleXMLRPC server.

The low level control performed by Pygor-client involves setting specific variables,
performing simple grid scans, plotting measurements, and saving data. Pygor-
client uses an ip address and port to connect to Pygor-server. Once this is done,
communication with the exposed methods of the experiment object becomes possible.

Pygor-client implements the key methods: getval, gets value of a parameter; setval,
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Figure 2.5: Algorithms workflow. A diagram outlining the workflow of automation
algorithms in this thesis.

sets value of a parameter; getvals, gets the value of many parameters; setvals sets the
value of many parameters; get params, gets the value of all parameters; set_params,
sets the value of all parameters; do0d, measures all active acquisition instruments;
dold, performs 1D grid scan for a given parameters over a given range; and do2d,
performs a grid scan in a raster pattern for given parameters over given ranges.
Other more specific methods are also implemented but these are the most notable.

In this thesis Pygor is used so that the lab PC runs Pygor-server while an onsite
GPU server runs Pygor-client. The GPU server uses Pygor-client to control the
experiment. In some cases the client is bypassed allowing for finer control of the
experiment. The benefit of this setup is that powerful computational hardware can
be used for automation during an experiment without requiring a server next to

the dilution fridge. It also allows cloud computing services to control experiments.

2.4 Algorithms

The final element that is most important to this thesis are the algorithms that

are used to automate the control of the device. The algorithms employed vary
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significantly in their goals, methodology, and implementation, but they all directly
control the experiment without human intervention. Algorithms are typically
iterative, iterating between the collection of measurements, the signal processing
of these measurements, and the decision about what to measure next (Fig. 2.5).
This process is normally initiated by a human operator, and terminated after
some condition is met; typically a fixed number of iterations is reached or a
stopping criterion is satisfied.

Making a measurement typically involves acquiring data sets of measurements
like that of the grid scan (section 1.6).

Processing signals is the first way in which machine learning techniques can
prove to be invaluable. By signal I refer to any arbitrarily structured set of
measurements. Often, information is contained in the patterns and structures
observed in measurements. Methods that can be leveraged here fall into the camp
of classical computer vision or deep-learning techniques (section 1.8.2). Computer
vision techniques are challenging to apply successfully, they require some degree of
hand crafting in order to work. Their benefit is that they can be developed with
the knowledge of relevant measurement features in mind. This means no training
data is required and thus there is a lower risk of over-fitting on some spurious
insignificant detail in training data sets. Deep-learning (section 1.9.1), conversely,
allows little user knowledge to be imposed, as methods are completely defined by
their data-sets. This approach can only be as good as the data-sets it is trained
on; a data-set of cat images is of no use for scoring bias triangles.

Finally, the aspect that differentiates the content of this thesis from prior
literature is the use of machine learning algorithms for making decisions in quantum
device experiments. Prior work uses simple numerical optimisers and heuristic
decision rules. In this work I make heavy use of statistical methodology employing
techniques such as active learning (Chapter 3), and Thompson sampling (Chapter 4).
The common element in these methods is that they all build a model to represent
beliefs about what the experiment will show. These models are then exploited to

generate new decisions either by optimising an acquisition function or by sampling
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from a probability distribution. This approach fundamentally differs from all prior

work that does not attempt to predict device behavior.



Efficient measurement of quantum devices

Grid scanning (section 1.8.1) is used throughout device characterisation. Some
examples of where they see use are: the characterisation of tunnel barriers; the
characterisation of charge states; bias spectroscopy; spin funnel measurements; Rabi
experiments; and Ramsey experiments. Despite being key to device characterisation,
they can take tens of minuets or more to perform.

The information contained in a scan is not uniform, flat regions of the scan
provide little information. In this chapter, I introduce a method for optimising
the order in which measurements are acquired in a grid scan in order to increase

the rate of information gain about the device.

3.1 Device and experiment

To demonstrate the algorithm a GaAs/AlGaAs heterostructure device was used
(chapter 1.6). The device was fabricated by patterning five Ti/Au gate electrodes
over the heterostructure (Fig. 3.1a). Gate voltages Vi, V3, V3, V; and V; are applied
to create the confinement potential. Gate voltages V; to Vj tune the tunneling
rates while Vi; mainly shifts the electrical potential of the quantum dot. The gate

architecture is designed to form a single quantum dot. Two ohmic contacts are

35
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Figure 3.1: Device architecture and example measurement a Schematic of the
device. A bias voltage Va5 is applied between ohmic contacts to the two-dimensional
electron gas. I apply gate voltages labelled V; to V4 and V. b A measured current map
showing the current flowing through the device I as a function of V.5 and Vg. The
Coulomb diamonds are the white regions where electron transport is suppressed, and
most of the information necessary to characterise a device is contained just outside these
diamonds.

made to the 2DEG and a bias voltage Vi, is applied. The current through the
device I is measured. Measurements were performed at 30 mK.

I first consider bias spectroscopy measurements for which the quantum dot is
characterised by varying Vi and Vi, for fixed values of Vi to Vy. As discussed in
section 1.5, I expect to observe Coulomb diamonds. Figure 3.1b shows an example
of such measurement. Coulomb diamonds contain large regions in which the current
is almost constant with respect to Vg and V.. Taking measurements in these
regions slows down informative data acquisition. The algorithm I developed, would

be expected to take measurements close to the diamond edges.

3.2 Algorithmic framework

I will introduce the algorithmic framework used in this chapter (Fig. 3.2). The
algorithm attempts to acquire the most informative measurements. This is done
through the use of a model and an acquisition function. Given some initial
measurements the model is used to produce predictions about what the full current

map could look like, these are referred to as reconstructions. Disagreement between
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Figure 3.2: Algorithmic framework. A flow diagram of the algorithm framework is
displayed. The algorithm adheres loosely to the general workflow detailed in section 2.4.
Measurements are taken, signals are interpreted computationally as reconstructions, and
decisions are made by processing the reconstructions.

reconstructions is used to produce the acquisition map. Using the acquisition map
new measurements are performed and the process repeats.

A measurement consists of selecting a value x and acquiring a value y. When
performing bias spectroscopy x = (Vg, Vhias) and y is a measurement of current
1. The algorithm iteratively collects measurements. At iteration n the algorithm
collects measurement (x,, ¥, ) and includes it in the set of all acquired measurements,
which I will call a partial current map Y,, = {(x;, ¥;)}i=1,...n. The full current map
will be Y = Yy for brevity.

The model used by the algorithm is of the form § = G(z,x). z is a vector of
parameters I refer to as a latent space, and ¢ is a prediction about the value of y

at x. The predicted partial current map is Y,, = {(%i,9i)}i=1...n, and a predicted
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full current map, referred to as a reconstruction, Y = Y.

The algorithm starts by producing m = 1, ..., M values of z, denoted z,, with
are used to produce reconstructions }71: M= {?m}mzl,“, M- An acquisition function is
applied to V7. as a function of x, producing an acquisition map. New measurements
(yn, Xn) are selected according to this acquisition map. Restrictions are placed over

possible values of z to take into account new measurements. This process is iterated.

3.3 Predicting unobserved measurements with a
deep generative model

A model G is used to make predictions. The typical approach for this task would
be to use a Gaussian process [(3] or a physics model. T used a deep generative
model instead because of their ability to produce accurate reconstructions. A
deep generative model aims to produce new data that is indistinguishable from
the set of training examples it was given. Deep generative models have been
used for: speech synthesis [05]; generating images of digits and human faces [60,

|; transferring image style [68, 69]; and inpainting missing regions of images
[70]. Recently, variational auto-encoder (VAE) models have been used in scientific
research to optimise molecular structures [71, 72]. In spite of their suitability, these
models have not previously been applied to efficient data acquisition.

The specific deep generative model selected is a conditional variational auto-
encoder (CVAE) [73] which is capable of generating high-resolution reconstructions
given partial information and is fast enough for real-time decisions. Deep generative
models such as generative adversarial networks (GAN) [71], the variational auto-
encoder (VAE) [75] and its extensions, such as CVAE, have shown great success
in multi-modal distributions and complex non-stationary patterns of data, similar
to those of observed in quantum device measurements.

The CVAE characterises likely patterns in a training data set, which in this case
was composed of a mixture of measured and simulated current maps (section 3.4).

Deep generative models encode this pattern characterisation in a low-dimensional
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Figure 3.3: CVAE training A diagram of the training procedure of the CVAE. Two
CNN’s, encoder and decoder, are parameterised by 6 and ¢. The encoder and decoder
are trained to reproduce the original input training examples with a difference loss. The
encoder is trained to encode in a manner dictated by the latent loss.

real-valued vector, the latent vector z. Each latent vector can be decoded to
produce a full-resolution reconstruction of the data.

The latent space representation and the decoding are learned during training
(Fig. 3.3). The CVAE consists of two convolutional neural networks (section 1.9.1),
an encoder and a decoder. The encoder is trained to map full-resolution examples
of current maps Y to the latent space representation z. The encoder also enforces
that the distribution p(z) of training examples in latent space is Gaussian.

The decoder is trained to reconstruct Y, from the representation z combined with
an 8 x 8 subsample of Y. As a result, z attempts to represent all the information that
is missing from the subsampled data. In a plain VAE, the input of a decoder is only z.

Training aims to minimise user-defined loss terms by adjusting the decoder and
encoder parameters # and ¢ using a gradient-decent based method. The two loss
terms that are minimised to train the encoder and decoder networks are referred to
as the difference loss and the latent loss. The difference loss consists of two metrics.
The first is a sum of the pixel-wise difference between the reconstruction and the
training example. The second is a contextual difference which is similar in concept to
GAN; the contextual loss is taken from another convolutional neural network called a
discriminator. The discriminator is trained in tandem with the encoder and decoder

and is trained to distinguish between reconstructions and training examples. The
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Figure 3.4: Examples of real and simulated training data. Samples from the real
and simulated training data-sets.

input to the discriminator is a training example Y or reconstruction Y and the output
is a continuous value between 0 and 1, representing the probability the input is a
training example or a reconstruction. As the discriminator is trained to distinguish
between training examples and reconstructions, it learns to decode contextual
features that distinguish reconstructions from training examples. The difference
between representations of the training example in different layers (layers as defined
in section 1.7) of the discriminator and representations of its reconstruction (for
the same layers) are used for the contextual loss. The contextual loss is required
to avoid blurry, unrealistic, reconstructions.

The latent loss is applied only to the encoder and forces the set of encoded
training examples to be normally distributed with mean ;1 = 0 and covariance of
Y. = 1. This can be achieved by minimising the Kullback-Leibler (KL) divergence

between the output distribution of the encoder and the target zero-mean distribution.

3.4 Training data

The model is trained using both simulated and measured current maps. I choose

to work with current maps of resolution 128 x 128. The simulation is based on a
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constant-interaction model using equations mentioned in section 1.5. To generate
the simulated maps, random values of C,, Cy, and C, are chosen from a uniform
distribution. Electron energy level transitions are generated randomly to provide
the CVAE with a sufficiently diverse set of data. Finally Cs, Cy, and C, are
scaled by a randomly generated value as a function of N, producing current maps
with diamonds that increase in charging energy as the occupation reduces. This
characteristic is often seen in experimental data.

Measured current maps for training were generated by selecting gate voltages,
bias ranges and gate voltage ranges randomly from a uniform distribution. The
total training data set (Fig. 3.4) consists of 25,000 simulations and 25,000 real
examples generated by randomly cropping 750 measured current maps. The current
maps were subjected to data augmentation (random offsets, rescaling, and added

noise) to increase the variability of the training set.

3.5 Leveraging the trained Deep Generative model

After training, only the decoder network is used for the algorithm’s model G. The
decoder outputs full reconstructions V. While measuring, the partial current map
denoted as Y,,, where n < N = 16,384, is saved. To generate a reconstruction,
the decoder takes as input the initial 8 x 8 grid scan Ygy, together with a latent
vector z,, sampled from the posterior distribution p(z|Y,,).

Samples from the posterior distribution are generated using the prior density
p(z) and a likelihood function. I approximate the likelihood function using approx-
imate Bayesian computation [76]. This is necessary as the CVAE only outputs
a deterministic prediction v per sample of z. The approximation used is given

by the following expression:

A

p(YolY) ccexp(=A 3 [y =Y (%)), (3.1)

(x’y)EY"

which allows for a likelihood over z
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p(2|Ys) o p(YalY = Y.)p(2). (3.2)

The latter equation can be derived by considering that Y, L z.

Multiple posterior samples are drawn from p(z|Y;,) by the Metropolis-Hastings
(MH) method to approximate p(z|Y;,). These samples are represented by z,,, with
corresponding reconstructions V;,. In this work m = 1,..., M with M = 100. The
continuous posterior p(z|Y;,) is approximated by a discrete posterior of samples
P,(m), which denotes how probable Y,, is. This approximation is necessary as
p(z]Y;,) has no closed form and sampling it with MH is computationally expensive.

I refer to P,(m) as the posterior distribution of reconstructions.

3.6 Choosing optimally what to measure next

With each iteration of the decision algorithm, an acquisition map is computed using
samples from the posterior distribution of the model. The acquisition map assigns
to each potential measurement location (i.e. to each pixel location in the current

map) an information value (Fig. 3.5). The criterion used is

1G(x) = E[K L(pn (2] (Yn+1,Xn41))[Pn(2))]; (3.3)

which is the expected information about z to be gained by performing a measurement
of yn41. KL is the Kullback-Leibler divergence and p,(.) = p(.|Y;,). This criterion
is equivalent both to Bayesian active learning by disagreement [77] which can

be seen by considering

ELKL(pn (2] (Yn+1, X001))|[pn(2))] = 1(2; (Ynr1, Xn01)[Y0) (3-4)

From this I see that /G(x) is equivalent to conditional mutual information of a
pair of observations and the latent space conditional on observations that have
already been made. Appendix .2 provides further details of how equation 3.3
is applied to the CVAE.

To make decisions based on the acquisition map, I follow two approaches; a

pixel-wise method and a batch method. The pixel-wise method selects the single



3. Efficient measurement of quantum devices 43

X
N

<|
=

V. (mV) | Vo (mV)

Figure 3.5: a Partial current map. To illustrate the first step in the computation of the
acquisition map, a trace is considered (green) through an unmeasured region of the map. b
For the unmeasured trace in a, reconstructions provide 100 different predictions. Blue and
yellow traces highlight two of these predictions. The objective is to determine the most
informative measurement location. At X, all predictions are similar, so measuring here
will have little impact on the posterior distribution of reconstructions. At X7, predictions
are dissimilar and, therefore, X; is a more informative measurement location, with a
larger effect on the posterior distribution of reconstructions. ¢ Information gain computed
for the unmeasured trace in (a). d Acquisition map of information gain computed from
the partial measurements in (a), and plotted over the entire current map range.
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best pixel in the acquisition map. In practice, this is often not optimal in terms of
measurement time, because it does not take into account the time cost of sweeping
gate voltage to move between measurement locations or the computational cost
of recalculating the acquisition map. To overcome this limitation, I also devised
a batch method, which selects multiple locations from the acquisition map, and
then acquires measurements by taking a fast route between them. This approach

reduces the measurement time compared with the pixel-wise method.

3.7 Efficient measurement of single quantum dot
devices

To test the algorithm, I used it to acquire a series of current maps in real time.
The device was thermally cycled to randomise the charge distribution and therefore
present the algorithm with a configuration not represented in its training data.
Gate voltages Vi to V, were set to a combination of values, and the algorithm was
tasked to measure the corresponding current map (I as a function of Vi, and Vi)
using both the batch and the pixel-wise methods. Ten different combinations of
bias and gate voltages were considered. Fig. 3.6 presents data acquired by the
algorithm at selected acquisition stages, together with selected reconstructions. As
expected, reconstructions become less diverse as more measurements are acquired.
The reconstructions do not necessarily replicate the measured current map for large
n. This is because reconstructions present a variability given by the training data
set. Decisions are based on learned patterns from the training data and thus all
possible features in a current map might not be considered, but common patterns
most certainly are. As it can be observed in Fig. 3.6, the algorithm gives high
priority to regions of the current map where the current is rapidly varying and
avoids regions of nearly constant current, such as the interiors of Coulomb diamonds.
This strategy is an emergent property of the algorithm and is wise; little information
about the device characteristics can be found in low-current gradient regions of the
current map. This preference derives from the comparison between reconstructions,

which exhibits the greatest disagreement outside Coulomb diamonds.
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n=16,384

Figure 3.6: Updating reconstructions using information from new mea-
surements In each row, the first column shows the algorithm-assisted measurements,
using the batch method, for a given n. The remaining three columns contain example
reconstructions given the corresponding n measurements. As n increases, the diversity of
the reconstructions is reduced and their accuracy increased. As expected, the uncertainty
is almost eliminated in the last row. The residual remaining variance is because slightly
different reconstructions are nearly equally consistent with the data.
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Figure 3.7: Measurements of Coulomb diamonds performed by the algorithm
a and b Sequential measurements for two different current maps. Each row displays
algorithm-assisted measurements of I as a function of Vi,5 and Vi for different values of
n. The last plot in each row is the full-resolution current map. Panel a corresponds to
results for the batch method. Panel b corresponds to results for the pixelwise method.

In Fig. 3.7, two representative measurement sequences using the batch method
and the pixel-wise method are displayed. I observed that the batch method collects
grouped measurements while the pixel-wise method distributes measurements more
uniformly, given that in the latter case the acquisition map is more frequently
updated to take into account recently acquired information. To advance the batch
method, the information gain of the batch could be considered jointly [75].

The performance of the algorithm is bench-marked against an implementation
of the alternating grid scan method. This type of grid scan starts with 8x8
measurements and alternately increases the vertical and the horizontal grid size by
2 (i.e. 16x8, 16x16, 32x16, etc.), without performing the same measurement twice.
Over the ten different current maps, the average time to acquire a full-resolution
current map with the alternating grid scan method is 554 seconds. This time is
limited by the bias and gate voltage ramp rates and by the settling time chosen.

The batch method can be implemented with any batch size. For direct comparison
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with the alternating grid scan, increasing batches of 32x2° are selected, where
b is the batch number starting from 1.

Two types of computation are required to make a measurement decision: the
sampling reconstructions using the Metropolis Hastings (MH) method, and the
construction of the acquisition map. One MH sampling iteration takes 63 ms.
Multiple of these sampling iterations are performed after each batch decision and
measurement. Since sampling can be performed simultaneously with measurement
acquisition, in this chapter I will refer to measurement times excluding the time
required for sampling. To compute a single acquisition map takes approximately
50 ms using a NVIDIA GTX 1080 Ti graphics card and a Tensorflow [79] imple-
mentation. The acquisition map must be computed for every batch or every pixel
measurement, except for the initial 8 x 8 grid scan and the final acquisition step
(for which there is no choice of which pixel(s) to measure next). To acquire a full
resolution current map thus requires 7 computations (350 ms) for the batch method,
and 16,319 computations (816 s) for the pixel-wise method. For the batch method,
the computation time is negligible compared to the measurement time, but for the
pixel-wise method it is a limiting factor in the measurement rate.

To quantify the algorithm’s performance, a new measure is introduced based
on the observation that the most informative regions of the current map are those
where the current varies strongly with Vi and V.. I define the local gradient

of the current map at each location x as

o(x) = VY () = ¢ (aj‘(jjf + (i{}x)) (3.5)

where [(x) is current measurement at x, and the derivatives are calculated nu-

merically. The error measure r(n) of a partial current map is the fraction of the

total gradient that remains uncaptured, i.e.

V(n)
V(N)

r(n)=1- (3.6)

where V(n) = >, v(x;) is the total acquired gradient and x; is the location

of the 7th measurement.
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Figure 3.8: Algorithm’s performance. a, d Current gradient map (defined by Eq. 3.5)
for each current map in Fig. 3.7. b, e (c, f) Measure of the algorithm’s performance
r(n) for the batch (pixelwise) method. Real-time estimate of r(n) across reconstructions
with credible 90% interval shaded and optimal r(n) for both current maps in Fig. 3.7a
(Fig. 3.7b). The black line is the value of r(n) corresponding to the alternating grid scan
method. The vertical orange line indicates the value of n determined by the stopping
criterion. The corresponding current map is highlighted in orange in Fig. 3.7a (Fig. 3.7b).

This error can only be calculated after all measurements have been performed.
However, I can utilise the mth reconstruction to generate an estimate 7,,(n) in
real time by replacing || VY (x)||; with ||[VY,,(x)]2. The estimates from multiple
reconstructions yield a credibility interval for r(n). For the real time estimates of
r(n), the number of reconstructions is augmented up to 3,000 to include different
noise patterns typically present in current maps, this is detailed in appendix .3. For
*(n)

an optimal algorithm, the error would be 7(n) = 1.0 — “//

Vi » Where V* (n) is the sum

of the largest n values of v(x). This would be achieved if each measurement location
were chosen knowing the full-resolution current map, and thus the location of the the
highest unmeasured current gradient. No decision method can exceed this bound.

Algorithm performances for two representative current maps are shown in Fig. 3.8.
Grid scans reduce r(n) linearly with increasing n. Both the pixel-wise and batch
decision algorithms outperform the simple grid scan and are nearly optimal. When

most of the current gradient is localised, the grid scan is far from optimal and even
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the decision algorithm has room for improvement. In this case, the performance of
the algorithm is determined by how representative the training data is.

When should the algorithm stop measuring a given current map? To answer this
question, I considered a simple stopping criterion that uses the estimated reduction
of the error r(n) to determine when to stop measuring in a scenario in which more
experiments are waiting to be conducted. For a given current map containing
n measured pixels, the error after the next measurement batch is estimated for
reconstruction m to be 7, (n + A), where A is the size of the batch. Thus the
estimated rate at which the error decreases is 3, = ’fm(n + A) = 7(n)|/A. In the
worst case among the candidate reconstructions, this rate is § = min,, 5,,. If the
algorithm begins to measure a new current map, for which no reconstructions are
yet available, the error will decrease at a rate of at least & = 1/N;; this is the slope
achieved by a grid scan and the worst case of the decision algorithm (black lines in
Fig. 3.8b, ¢, e, and f). Hence whenever 3 < a, it is beneficial to halt measurement
and move onto a new current map that is awaiting measurement. Since o and
correspond to the worst-case estimates for each measurement method, the criterion
is conservative in its decision to stop. The stopping points corresponding to this
criterion are shown in Fig. 3.8b, ¢, e, and f, with orange dashed lines. The total
average time (measurement time plus decision time) to reach the stopping criterion
was 237 s, compared with the 554 s required to measure the complete current map
by grid scan. In this way, I reduce the measurement time by a factor between

1.84 and 3.70 across all 10 test cases.

3.7.1 Generalising the algorithm

The algorithm described here does not require assumptions about the physics of
the experiment. Provided that training data is available, the algorithm is thus
applicable to other kinds of measurements. To confirm this, the algorithm was
applied to a different measurement configuration also encountered in quantum
dot tuning. In this case, the current flowing through the device is measured as a

function of two gate voltages (V; and V5), while keeping other voltages fixed (V,
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Figure 3.9: Measuring a different type of current map. a Each row displays the
algorithm-assisted measurements of a current map as a function of V; and Vs for different
values of n. Sequential batch measurements were performed. The last plot in each row is
the full-resolution current map. b, d Current gradient map for the current maps in the
top and low rows in (a), respectively. ¢, e Measure of the algorithm’s performance r(n),
average real-time estimate of r(n) with 90% credible interval, and optimal r(n) for the
current maps in the top and low rows in (a), respectively. The black line is the value of
r(n) corresponding to the alternating grid scan method. The dashed orange line indicates
the value of n determined by the stopping criterion. The corresponding current maps in
a are highlighted in orange. The alternating grid scans took 2267 s and 2333 s to acquire
the full current maps in the top and low rows in (a), respectively. The batch method took
673 s and 1552 s respectively to reach the stopping criterion.

Vbiass V3 and V}). These current maps evidence the transistor-like behavior of the
device, i.e. a boundary separates large high and low current areas in which the
current scarcely changes. At specific gate voltage locations close to this boundary,
Coulomb peaks are present. For the training set, 382 current maps were measured
with a resolution of 251 x 251, as in section 3.4 gate voltage values and ranges
were randomly sampled from a uniform distribution to produce each current map.
These current maps were then randomly cropped to a resolution of 128 x 128 and
subjected to the same image augmentation techniques.

The performance of the algorithm in this new scenario was tested by considering
two different combinations of Vi, Vs, V3, Vi, and measuring the corresponding

current maps in real time (Fig. 3.9). The device was thermally cycled after the
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training set was acquired and in between the acquisition of the two current maps in
Fig. 3.9. As expected, the algorithm focuses on measuring regions of high current
gradient, the boundary between high and low current areas and, in particular,
the Coulomb peaks close to it.

In the top row of Fig. 3.9a, n = 4,096 was the end condition set by the stopping
criterion. In the bottom row, the boundary extends further in the current map
and the stopping criterion indicated a stop point corresponding to n = 8,192. The
algorithm reduced the time needed to measure the current maps by 3.36 and 1.50
respectively when compared with the alternating grid scans.

Memorisation is a known issue in deep generative models [30]. What this means
in this context is that the CVAE used for reconstructions simply memorises current
maps in the training data-set instead of generating new unique current maps. In
this application the distinction is not as important we do not need to generate
unique samples we are focused on the performance of decisions. The primary reason
the CVAE is effective in this problem is it allows the user to create a function
G that is fast essentially acting as a surrogate physics model. However, future
work should aim to produce generative models that are capable of generating more
complex current maps or capable of working on many different types of current
map without retraining. In these instances more care should be taken to verify

that models are capable of generalising.

3.8 Altering acquisition with segmentation for
context aware decisions

By converting reconstructions to maps that convey context about them, decisions
can be made relying on such context instead of on the raw measurements. To
demonstrate this, a segmentation method that produces a segmentation map of
Coulomb diamonds was developed. A segmentation map is a classification method
that takes as an input a complete current map Y. From this current map a new map
Sn, which contains N pixels, is produced. Each pixel takes a continuous value in the

domain [0, 1] and represents the probability that a pixel belongs to a given class. In
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Figure 3.10: Segmentation results. Full resolution current maps and segmented

results from the segmentation network.
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Figure 3.11: Measurements of current maps performed by the context-
aware implementation of the algorithm a Each row displays the algorithm assisted
measurements of a current map as a function of V;,s and Vg for different values of n.
Sequential pixel-wise measurements were performed. The last plot in each row is the
full-resolution current map. b, d, Sobel filter applied to the segmentation map of the full
current map for both examples in a. ¢, e, Measure of the algorithm’s performance e(n)
and optimal e(n) for current maps in a, respectively. The black line is the value of e(n)
corresponding to the alternating grid scan method.

this case, the class is 1 for a pixel outside and 0 for a pixel inside a Coulomb diamond.
This segmentation method is based on a deep neural network called a U-net [31].
Training data for the segmentation network are simulated current maps produced by
the simulator in section 3.4, and segmentation maps also produced by the simulator.
Figure 3.10 shows the segmentation result for 10 measured current maps.

By producing segmentation maps of reconstructions, their segmentation dis-
agreement can be calculated. Because pixels can only be segmented by the U-Net
when a full current map exists (i.e. the U-Net can only be applied to Y or }A/)
equation 3.1 can not be used to approximate the likelihood and the information

gain criterion can not be applied (equation 3.3). Instead I use a different criterion

IS(x) = Var,(Sym(x)), (3.7)
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the variance of all segmentation map values for a given value of x. Although
this criterion is more heuristic it produces large disagreement along the edges of
reconstructions resulting in measurements that focus on diamond edges as shown
in Fig. 3.11a. Perturbations are added to the outside of diamond segmentation
maps to increase disagreement outside the diamonds. This leading to the method
first prioritising edges, and then measurements outside the Coulomb diamonds
once edges are measured. Reconstructions are still periodically updated considering
current values Y,, using equation 3.2.

In order to calculate the success measure e(n) in Fig. 3.11 ¢ and e, I first applied
the segmentation model to the fully measured current maps. I then applied a Sobel
filter [32] to the resulting segmented maps. The Sobel filter is a popular computer
vision edge detection method. In this way, edge maps are obtained. The errors and
optimal performances are then calculated in the same way as equation 3.6 except

with the Sobel filters output in place of V(n) and V(N).

3.9 Physics aware active learning

The model G does not necessarily have to be device agnostic. Instead, a physics
model can be used to inform decisions. In this case, a latent space can be constructed
over physical parameters in the model. I use this approach to efficiently measure Rabi

oscillations. Data was obtained from a device similar to that explored in Ref. [15].

3.9.1 Rabi oscillations

Rabi oscillations occur when a qubit is exposed to a resonant external drive. In
this work, the qubit is encoded in a single spin, as discussed in section 1.7.1.
Qubit operation is achieved by EDSR. When an oscillating signal at the qubit’s
Larmor frequency f = framor is applied to a gate electrode, the qubit oscillates
between states |1) and ||) at a rate frap; known as the Rabi frequency (fig 3.12a).
These oscillations take place as long as the drive is applied and thus a longer drive
duration tp,,¢ produces a larger rotation. If the qubit is driven off resonance such

that |f — fLammor| > 0, then oscillation occur at the generalised Rabi frequency
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\/ fBani + (frarmor — f)?. The amplitude of these oscillations is smaller, since the
state ||) is never reached (fig 3.12b). A common grid scan performed while
characterising a qubit is a Rabi chevron, an example of which is shown in fig 3.12c.
This grid scan consists of current measured as a function of ¢, and f. Current
is measured directly through spin-to-charge conversion over many applications of

the same pulse cycle in a way identical to [15].

3.9.2 Predicting unobserved measurements with a physical
model

The model selected consists of 6 unknowns, 2 which will form the space of x =
(tpurst, f) and 4 which will form the latent variable z = (frapi, fLarmors Ca, Cp). The

model is

,79 = C1a + Cb f?;bi Sin(ﬂthburst fQ - \/fRabl fLarmor - f)2 (38)

Where C, and Cj, are an offset and scaling factor accounting for an unknown linear
transformation in the readout. A predicted partial map can be constructed as before
Y, = {§(xi,2)}iz1..n, With Y =Yy representing a full map, where N = 2,601.
This simple numerical model predicts a noiseless Y and is capable of predicting
individual pixel values hence it can be used to directly construct the likelihood of

individual measurements under the assumption they are subject to Gaussian noise,

ylz, x ~ N(§(z,x), 0% (3.9)

o introduces an additional latent variable to z. The likelihood of a set of

measurements can be constructed by considering

ﬁN 9(x;,2), 02) (3.10)

=1

and likewise the likelihood of z can be expressed as

p(z|Yn) o p(Yna|2z)p(2). (3.11)



3. Efficient measurement of quantum devices 56

306
300

(V1)1

8.7738

tburst(ns) 306

Figure 3.12: Rabi oscillations. a and b Rabi oscillations when driving at fLarmor
and |f — fLarmor| > 0, respectively. Left: Schematic Bloch sphere shows the effect of
driving. Right: Resulting current as a function of tpurst. ¢ Rabi chevron pattern. Current
is plotted as a function of f and tpyst. Slices of chevron corresponding to panels a and b
are highlighted as colored dashed lines.
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n measurements 290 n measurements

Figure 3.13: Performance of algorithm on a Rabi Chevron. a Sequential
batch measurements for a single run of the algorithm. Row displays algorithm assisted
measurements of current as function of f and ¢y, for different values of n. The last
plot in the row is the full-resolution current map. Note this experiment was performed
offline, i.e. on saved data. b, d Algorithm’s performance in inferring model parameters
frabi and frarmor- Inferred values of frapi and frarmor @s a function of the number of
measurements n. The solid red line indicate the average performance of the algorithm,
and the standard errors are indicated with a shaded red area. The average performance
of random decisions is plotted for comparison (solid black line) and standard errors are
indicated with a shaded grey area. The green dashed lines highlight the expected values
for the inference of p(z|Y;) estimated from the full-resolution current map. ¢ Example
information gain map for iteration n = 100 in panel a.

This expression is the analog of equation 3.2. Using this approach the posterior
of z can be computed given a few measurements. The condition in equation 3.3
can now be applied to select where to measure next. Appendix .4 provides further

details of how equation 3.3 is applied to the physics model.

3.10 Efficient measurement of Rabi oscillations

I apply the active learning method to the Rabi Chevron in Fig 3.12¢ using the
probabilistic model detailed in section 3.9.2. To benchmark the performance of the
algorithm, the convergence of model parameters frapi and framor are considered.
To provide a baseline, I compare the performance of the active learning method
against selecting measurements at random. This experiment takes place offline.
I apply both the algorithm and the random decision method to the current map
displayed in Fig. 3.12 25 times and analyse their convergence. I utilise the batch
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decision method with small batches of 10 measurements for 30 iterations. The
reasoning for selecting only n = 290 observations is that I am interested in early
convergence of the posterior distribution.

Figure 3.13a displays partial current maps from a single representative run. It
is observed that measurements are concentrated on high current fringes in the Rabi
Chevron pattern. This strategy is wise as it allows for efficient learning of fi..mer and
frabi- Figure 3.13b confirms this showing that the active learning algorithm reduces
its uncertainty quickly, i.e. for small values of n. Figure 3.13c shows the information
gain map. Two sets of fringes can be identified in Fig. 3.13c, one with frequency
f1 ~ frabi and a second with fy ~ 2f;. The most informative measurement locations

correspond to those that distinguish between frani = f1 and frap = fo.

3.11 Discussion

I introduce an approach for performing measurements efficiently. The approach
shows great promise for speeding up the measurement of slow grid scans which
take tens of minuets or even hours. A model is used to produce predictions about
unmeasured candidate locations in a 2D map. An active learning approach is used
to determine which candidate locations are most informative given such predictions.
New measurements are acquired and predictions are updated in light of this. This
method can be run in real time as an alternative to conventional grid scanning,
outperforming it by over 3.7 times. I demonstrated that the method is of broad
applicability by applying it to different current maps; those described in section 3.7.1
and section 3.8. I have also demonstrated another capability of the algorithm by
replacing the CVAE with a physical model (section 3.9.2).

A significant limitation of this approach is that no speedup should be expected
when performing measurements that do not match the predictions made by the
model. If a CVAE is used care should be taken to verify that its training data
set is representative of measurements that will be made. If using a physics model
care should be taken when designing this to ensure its predictions are an accurate

representation of real measurements. This also limits the utility of this approach
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in its current form for making efficient measurements of novel or unexpected
device behaviour. Additionally, care should be taken when extending this approach
to more complex current maps to verify that the CVAE isn’t just memorising
members of its training data set.

This work could be extended by considering more then just two parameters in
the experimental design space. Parameters like the number of shots or integration
time could be considered - this would be particularly useful in the case of measuring

Rabi chevrons in section 3.9 where each individual measurement takes ~ 1 s.



Automatic coarse tuning of a quantum
device

Device parameters define a high-dimensional space. This parameter space is typically
explored manually by taking grid scan measurements (section 1.8.1). However,
only in a small region of this space will a device be rendered operational. Device
parameters are explored until such region is found. This process takes hours [33]
even for the most experienced operators.

In this chapter I analyse the gate voltage parameter space of electrostatically
defined quantum dot devices. I introduce a statistical search algorithm that
efficiently explores this space with little prior knowledge of the device. The algorithm

is designed to efficiently find double quantum dot regimes.

4.1 Devices

The quantum dot devices used for this chapter are defined in a 2-dimensional
electron gas in a GaAs/AlGaAs heterostructure by Ti/Au gate electrodes. DC
voltages are applied to these gate electrodes, V; to V4, to create a lateral confinement
potential for electrons. Of particular importance are gate voltages V3 and V7, which

mainly tune the electron occupation of the left and right dot. A bias voltage Vijas

60
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Figure 4.1: Device architecture Schematic of the devices. A bias voltage Viias is
applied between ohmic contacts to the two-dimensional electron gas. Voltages labelled V;
to Vg are applied to the gates.

is applied to ohmic contacts to drive a current (/) through the device. The device
schematic is shown in Fig. 4.1. Measurements were performed at 50 mK.

To demonstrate the algorithm’s generality and to better understand its perfor-
mance, the algorithm was run several times on two different devices with nominally
identical gate architecture, Devices 1 and 2. While for Device 1 I considered the
eight-dimensional parameter space defined by all its gate electrodes, for Device
2 I excluded gate electrode 6 by setting V5 = 0 mV due to observed leakage
currents associated with this gate which indicate the gate cannot be used (see

section 1.7.3 for background).

4.2 The gate voltage space

To design a flexible tuning algorithm the structure of the gate voltage space is
considered. For the majority of the gate voltage space these devices operate as
transistors. They allow current to flow for values of V' = (17, ..., V3) close to 0 V,
and block the flow of current for values close to Vg, = —2 V. Vipin is the minimum

voltage (i.e. maximum negative voltage) that can be applied to the device safely
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avoiding leakage currents. Device characterisation relies on monitoring current
measurements while input gate voltages are varied. In the regime where current
cannot flow, the device can not be characterised by transport measurements. I
refer to this regime as pinch off or the ‘pinched’ regime.

A confinement potential requires the formation of well defined tunnel barriers.
These tunnel barriers will increase the resistance from source to drain and thus
the current flow through the device will diminish for a given bias voltage. As the
magnitude of the gate voltages is increased, the tunnel barriers might become taller
and thicker and the device resistance would grow significantly until the current
is unobservable and the pinched regime is entered.

These observations lead to the following points - transport features indicating
quantum dot formation are expected to be found near the boundary that separates
the pinched regime from the high current regime. I refer to this boundary as the
hypersurface and mathematically define it in section 4.3. I plot a three dimensional
slice of the hypersurface in Fig. 4.2. Current maps at different locations near the
surface show that both single and double quantum dot regimes are present. This
surface was acquired by performing a three dimensional 100 x 100 x 20 grid scan
(current as a function of V5 and V3 measured as a function of V5). The hypersurface
definition (see section 4.3) was applied to the 100 x 100 x 20 array. The resulting
segmentation map has a size 100 x 100 x 20. This map was turned into a mesh by
applying the marching cubes algorithm [24]. The current threshold used to define
this hypersurface was 20% of the maximum measured current.

The structure of the hypersurface is cube-like, with each face corresponding to
a different gate electrode dominating pinch-off. The hypersurface can be thought of
as containing information about which gate electrodes contribute to forming tunnel
barriers in the hypersurface normal vectors. I developed a method for tuning of
tunnel barriers which I call simple tuner (see appendix .5). This method is simple

and efficient in high dimensional systems with close to orthogonal barrier gates.
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Figure 4.2: The hypersurface. Left: Boundary hypersurface measured as a function
of Vo, Vs, and Vj, for fixed values of Vi, V3, Vi, Vi, and V7. The gate voltage parameter
space, restricted to 3D for illustration, contains small regions in which double and single
quantum dot transport features can be found. These regions typically appear darker in
this representation because they produce complex boundaries. Right: For particular gate
voltage locations marked with green crosses, the current as a function of V7 and V3 is
displayed. The top and bottom current maps display double and single quantum dot
transport features, respectively.

4.3 Hypersurface definition

The definition of a hypersurface is used extensively throughout this work so I shall
mathematically formulate it. The hypersurface is a d — 1 dimensional sub-manifold
in gate voltage space (where d is the number of gate voltages). Voltages v, can be
applied to these gates where v, € V. The set V contains all safe gate voltages that
can be applied to the device (this safety is put in place in order to avoid leakage
currents). The hypersurface can be found by projecting a set of unit vectors U,

from an origin o onto the hypersurface, having set a fixed bias voltage Vijas.
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In this context, the current through the device can be expressed as a function
of all gate voltages; I(v,). For a given unit vector u € Uy, I will consider a one
dimensional ray from the origin I,,(r) = I(ur + o) where r is the distance from that
origin. Now to identify if the device is in the pinched regime or not, I introduce

a current threshold I, defining a simple classification function

o 0 I(Vs> < Ithresh . .

The value of r that intersects the hypersurface can thus be expressed as
Tmax(1) = max{r e R* : I.(ur + o) = 1}, (4.2)

and the location of gate voltage space that sits on the hypersurface would be

s(u) = rmax(u)u + o. The hypersurface is found by considering

S = {s()}buev,, (4.3)

where the set U, contains all unit vectors that intersect the hypersurface, sampled

so that intersections with the surface are uniformly distributed.

4.4 A search based algorithm for double quantum
dot tuning

I introduce a statistical search algorithm with the goal of finding a region in the
device parameter space that contains double quantum dot features. An active
learning approach like that used in chapter 3 cannot be used because to specify
the model G and make real time decisions we either require training data that is
too costly to acquire or a physics model that is too computationally expensive and
inaccurate for making decisions [35]. Instead the algorithm approaches device tuning
as a multi armed bandit problem (section 1.10), using heuristics and Thompson
sampling to improve the probability of reaching its goal. The algorithm only
leverages knowledge about the structure of the gate voltage space. This knowledge

is incorporated as modeling assumptions in two ways: (i) single and double quantum
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Figure 4.3: Algorithm overview. The sampling stage produces candidate unit
vectors and selects one. The investigation stage evaluates the candidate by, for example,
measuring current maps (see inset) which are evaluated by a score function. The current
map displayed is an example of a measurement performed by the algorithm. It uses a
colour scale running from red, the highest current measured, to blue, the lowest current.
Evaluation results are fed back to the sampling stage. The algorithm adheres loosely
to the general workflow detailed in section 2.4; the roles of making measurements and
processing signals are combined in the investigation stage.

dot transport features are embedded near a boundary hypersurface, which separates
regions in which a measurable current flows, from regions in which the current
vanishes; (ii) large regions of this hypersurface do not display transport features.

The algorithm consists of two main components: a sampling stage that generates
candidate unit-vectors (section 4.6), and an investigation stage in which transport
measurements associated with a given unit-vector are performed (section 4.5). Based
on the measurements performed, the investigation stage attempts to determine if the
device is in a desirable location in gate voltage space (Fig. 4.3). The results of the
investigation stage are feed back into the sampler, which chooses a new candidate unit
vector in the light of this information. Finally to improve the quality of observations

made by the investigation stage, a pruning heuristic is applied (section 4.7).

4.5 Investigation stage

The investigation stage consists of a sequence of parametrised experiments. Its role

is twofold: firstly, each experiment provides information about the device regime so
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Figure 4.4: Search for the hypersurface. The gate voltage space, restricted to two
dimensions for illustration, is divided into regions of near-zero (blue) and non-zero current
(pink), separated by a boundary hypersurface. The gate voltages are scanned along a ray
(dashed violet arrow) starting at the origin (white circle) and defined by a direction u.

By monitoring the current, the intersection with the hypersurface is detected.

the sampler can learn; secondly, it reduces the number of measurements required

to determine if the device is in a double quantum dot regime. If an experiment
evidences that the device is not in a promising regime, the sequence of experiments
is terminated and new gate voltage parameters are selected to be explored by the
sampler, reducing the amount of time required to investigate the device. The
specific sequence of experiments used are referred to as: search for the hypersurface

(section 4.5.1), Coulomb peak check (section 4.5.2), low resolution scan (section

4.5.3), and high resolution scan (section 4.5.4).

4.5.1 Search for the hypersurface
For a given unit vector provided by the sampling stage, this search (Fig. 4.4) aims to
efficiently identify the location in gate voltage space of the hypersurface as defined
in section 4.3. For each candidate unit-vector u, a linear search is used to find s(u).
From the origin o gate voltages are incremented by 0 and the condition /. ; =
I.(jou + o) is checked for j =0, ..., J. The condition is considered inside a sliding

window of K 6 where K is an integer specified by the user. This sliding window
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is Wi, = (I.;)j=k,. k+K, for step k in the search. Pinch-off is identified as the
point s(u) ~ Kdéu + o where K = min{k € Z* : Wj, = 0}. In essence, the search
moves along a ray, checking the current every 4. It halts when the search finds
the current has fallen below the threshold Iiesn for K 0. In this chapter, Iinresn
is set to 20% the maximum current, 6 = 10 mV, and K, = 5. These parameters
were fixed but can also be subject to optimisation.

If the hypersurface is not found within the safe bounds of [Vi,,, 0] then the
investigation stage exits and the sampler suggests a new unit-vector. Otherwise,

the investigation stage continues with the Coulomb peak check.

4.5.2 Coulomb peak check

The Coulomb peak check is paramaterised by a location in gate voltage space
v. The algorithm sets v = s(u). The nearby region of gate voltage space is
investigated to determine whether it corresponds to the single-electron tunnelling
regime (Fig. 4.5). This measurement is carried out in the plane containing s(u),
defined by sweeping the two plunger gate voltages Vs and V. These gate axes
are selected before running the algorithm, as they correspond to gate electrodes
designed to predominantly shift the electrochemical potential in the left and right
dots. A one-dimensional grid scan is performed in this investigation plane, starting
at s(u) and running along the diagonal axis V, = %(‘75 + ‘77) This scan is chosen
to have a length of 128 mV and a resolution of 1 mV.

A peak detection routine is applied to the 128 current measurements that
constitute a current trace in order to detect the presence of Coulomb peaks.
The method used is a simple local maxima approach implemented in scipy’s [30]
find__peaks method. The method detects the location of peaks by inspecting the
magnitude of neighboring measurements in parameter space. This method alone is
highly susceptible to noise fluctuations, which cause false positives. To mitigate
this, the prominence of peaks is estimated and used to reject peaks below a certain

prominence threshold. The prominence quantifies the height of a peak relative to
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Figure 4.5: Coulomb peak check. Gate voltage space illustrated as before (Fig. 4.4)
for the same u. Based on a short 1D scan, the gate voltage location is classified according
to whether it shows current peaks indicating Coulomb blockade.

its surroundings. Other settings to further improve peak detection performance
were implemented but had little impact in the algorithm’s performance.

The peak detection returns the locations in gate voltage space of all detected
peaks. If no peaks are detected, the investigation stage exits and the sampler
suggests a new unit-vector. Otherwise, the investigation stage continues to a

low resolution scan.

4.5.3 Low resolution scan

If Coulomb peaks are detected during the Coulomb peak check, a two-dimensional
grid scan is performed (Fig. 4.6). The scanning region is a square oriented along
Ve and its orthogonal axis V, = % (V}, - 177) The square is delimited so that one
side is centered in s(u), and its side length is chosen to be 3.5 times the average
peak spacing identified during the Coulomb peak check. If the Coulomb peak check
shows less than 3 peaks, the side length defaults to 100 mV.

After performing the grid scan, a score (section 4.5.3) is assigned to the resulting
current map. If the score exceeds a threshold vs.oe then the investigation stage

continues to the high resolution scan. If this condition is not met, the investigation
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Figure 4.6: Low and high resolution scans Gate voltage space illustrated as before
(Fig. 4.4) for the same u. If Coulomb peaks are found, a two-dimensional scan (violet
square) is performed in the plane of V3 and V7, and is possibly repeated at higher
resolution.

stage exits and the sampler suggests a new unit-vector. The score function threshold
dynamically adjusts so that only the top 15% of low resolution scans successfully
reach the high resolution scan step. The dynamic threshold ensures that high
resolution scanning does not become a bottleneck for the algorithm’s run time.
The dynamic threshold is 7g5, the 0.85 quantile of all previously observed scores.

A minimum cap on the score threshold is applied:

VYscore = maX(fYSS? ﬁYmin)) (44)

where Ypin is the minimum allowable value, set to 0.001 throughout the experiments
in this chapter. The role of the score function is that of a flexible classification
method; I do not rank, optimise, or prefer scans based on their score as long

as they pass the threshold vscore-

Score function

The score function is designed to distinguish between measurements containing
double quantum dot features, single quantum dot features, and measurements for

which the confinement potential is not well defined. This could be achieved using
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modern machine learning techniques [36-39]. However, the score function I use
is not reliant on training data, and hence is less device and labeller specific. The
score consists of three separate scores multiplied: the orientation of gradients score,
the sharpness score, and the fit direction score.

The orientation of gradient score (og score) aims to capture if Coulomb peaks
appear as straight lines in a current map or if a honeycomb pattern is present. This
is achieved by taking the numerical derivative of the current map and producing
gradient unit vectors. These gradient vectors will exhibit a distribution of angles. If
Coulomb peaks appear as straight lines, then the distribution of angles will reveal
two high-density collections of unit vectors separated by 7 rad from each other. In
this case, the high-density collections will have a small variance and a single line
can fit the two distributions they define. For a honeycomb pattern, this variance
will be larger or the high-density collections will not be well defined, thus two lines
will better describe the distributions. The value of the gradient orientation score
is defined as the difference between the average of residuals corresponding to a fit
through the high-density collections. Gradients smaller than a certain value are not
considered for fitting. This threshold was inferred from the current noise.

The sharpness score aims to prioritise ‘sharp’ Coulomb peaks. To compute the
sharpness score the current map is first split into 16 smaller tiles. Each title is
segmented into regions of high current and low current using a simple threshold.
Then, the second order derivative of the current as a function of gate voltage is
computed. This second order derivative is averaged over the high current regions
and its standard deviation is calculated. The score for each tile is defined as the
product of these average and standard deviation values. The scores for the 16 tiles
are then averaged together giving the final sharpness score.

The fit direction score (direction score) aims to further differentiate between
single and double quantum dot behavior. The current map is first spit into 16
smaller tiles, in the same way as for the sharpness score. For each of these tiles, a
line is fit to the high-density collections of gradient vectors, in the same way as for

the orientation of gradient score. From this fit, a gradient vector angle is assigned
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to the tile. For each row of tiles (in direction f/e), the standard deviation of gradient
vector angles is calculated. In this way, the array of 4 x 4 tiles is reduced to a 1 x 4

vector. The average of the elements in this vector defines the fit direction score.

4.5.4 High resolution scan

If the score function threshold is passed a new two-dimensional grid scan is performed.
This scan is acquired over the same gate voltage region than the low resolution
scan but with a higher resolution; 48 x 48 pixels. All high resolution scans are
stored for future reference. These scans can either be processed algorithmically or a
human user can look at them in order to identify promising scans. After the scan is

complete, the investigation stage exits and the sampler suggests a new unit-vector.

4.6 Sampling stage

The sampling stage or sampler aims to efficiently search candidate gate voltage
locations, increasing the probability that a double quantum dot regime is investigated.
It does this by modelling the behavior of the device given information provided by
the investigation stage. Models are then sampled to propose candidate unit-vectors

that are more likely to contain double quantum dot features.

4.6.1 Modelling the behavior of the device with a Gaussian
process

At a given iteration j, the investigation stage produces a sequence of results
Y; = (Tmax.j> Ysurtj, YeP,j, YSF,j), Where rpay ; is the distance from the origin found
by the search for the surface, Ysu¢ is a label denoting whether the surface was
found during the search for the surface, Yep is a label denoting whether any
peaks were found in the Coulomb peak check, and Ysp is a label denoting whether
the score function threshold was passed in the low resolution scan. The high
resolution scan does not return any information. All information gathered up

until iteration ¢ is stored by the algorithm as Yi; = (Yj);=1,.; along with all

-----

proposed unit vectors Xy, = (uj);=1, ;.
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Figure 4.7: Modelling the device. Gate voltage space illustrated as before (Fig. 4.4).
Based on the first 30 measurements (green and yellow circles), the algorithm builds a
model of the hypersurface and assigns a probability Pyeak that Coulomb peaks will be
found.

At the end of a given iteration ¢, the sampler models the device using a
set of models P = {p(r[u), Puaia(V), Poeakvatia(V)}, which predict outputs of the
investigation stage Y = {Pmax, Ve, ffcp} (quantities are the same as defined in
Y;, hats denote that they are predictions) given an input X by using Y, and
X1.; as training data (Fig. 4.7). The algorithm does not attempt to predict if
the score function is passed (f/sp) because limited data is available and because
the scoring threshold is dynamic.

All models in P rely on Gaussian processes: p(r|u) uses a Gaussian process
regression model to predict the hypersurface, while pvalid(v) and ppeak|valid(v) use
Gaussian process classification models which predict if pinch off will be found
and if Coulomb peaks will be found. Each Gaussian process requires a prior
distribution, which is defined by a prior mean function and a covariance kernel.
Details about the kernel, mean function, priors, and optimisation of hyperparameters
are provided in appendix .6.

The model p(r|u) is used to improve the efficiency of the search for the hypersur-
face (section 4.5.1). Instead of beginning at the origin (as illustrated in Fig. 4.4), the

origin of the search is adjusted to a temporary origin 0,q; = (m,(u) — 20,(u))u + o,
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Figure 4.8: Sampling a unit-vector. Gate voltage space illustrated as before (Fig. 4.4).
a Uniform angles. Uniform angles are projected onto the hypersurface. The oval highlights
an under sampled region of the hypersurface. b Uniform hypersurface. Uniform locations
on the hypersurface are projected back to the origin. The oval highlights a uniform
sample density. c Selecting a unit vector. The algorithm generates a set of candidate
search locations (squares), each one weighted by its corresponding value of ﬁpeak, and
selected at random. The unit-vector u corresponding to that location is then passed to
the investigation stage. Inset: Numerically sampling the hypersurface using simulated
Brownian motion. Each point represents a simulated particle moving inside an enclosed
volume defined by the hypersurface. The collisions between the particles and the modelled
hypersurface generate a set of candidate search locations.

where m(u) is the mean and o(u) the standard deviation of the distribution
p(r|u). The new search begins at 0,q; instead of o saving a siginificant amount of
measurement time. Occasionally, the measured current at the beginning of the scan
is below the current threshold, indicating that o0,4; is already in the pinched-off
region. In these cases, the algorithm scans towards the origin, along -u. Once the
measured current increases above 80% of the value at o, the algorithm reverts to

measuring in the u direction to locate the hypersurface in the usual way.

4.6.2 Generating samples using the models

The sampler produces a new u every iteration for the investigation stage to explore.
The sampler has no information when the algorithm is started, so it begins with
an initialisation state. During the initialisation state, unit vectors on a unit hyper-
sphere are drawn uniformly in angle (this step does not require the models from
the previous section). The initialisation lasts for the first 30 iterations of the

investigation stage.
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After the initialisation state is over, the sampler generates values of u associated
with high ppeak, while occasionally exploring less promising, unexplored regions of the
hypersurface. To achieve this exploration versus exploitation trade-off, the algorithm
first generates a set of candidate search locations on the hypersurface. Generating a
set of uniform samples on a complicated, arbitrary shaped hypersurface is challenging.
The naive approach of sampling unit-vectors at random from a unit hyper-sphere
results in oversampling and under-sampling of regions of the hypersurface, as shown
in Fig. 4.8a. I used a numerical MCMC approach to sample from the predicted
hypersurface [$7]. To generate a set of samples that is approximately uniform despite
the convoluted shape of the hypersurface, the Brownian motion of ‘particles’ inside
a volume defined by the hypersurface is simulated. Each particle encounter with
the hypersurface contributes one candidate location (Fig. 4.8¢). A full description
of the hypersurface sampling approach is detailed in section 4.6.2.

To each candidate location, the algorithm assigns a weight proportional to the
corresponding value of f’peak(v), and selects one location at random. This process is
referred to as Thompson sampling or probability matching. A description of how this
process relates to Thompson sampling is in appendix .8. In essence, this algorithm
attempts to draw samples from P(s|Ppea = True), where s € S (see section 4.3).
Because models P,,;q and Ppeak|valid(v) are used to build Ppeak(v) and they have
uniform priors, the algorithm will start by choosing candidate locations on the
hypersurface approximately uniformly. However, as observations are made, regions
of the parameter space are excluded, either because no pinch off was identified

or because no Coulomb peaks were detected.

Brownian motion for hypersurface sampling

The procedure used to sample the surface implements the method in [87]. The
Gaussian process model of the hypersurface p(rju) is used to approximate the
real hypersurface during sampling. To start, N, particles are initialised inside the
predicted (high current) volume of the hypersurface at the origin o. After the volume

of the hypersurface has been populated by the set of particles V,, = {v,;};-1...n,,
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Figure 4.9: Pruning heuristic Gate voltage space illustrated as before (Fig. 4.4). To
determine whether a region should be pruned, the algorithm scans each gate voltage
individually toward the maximum of its range from a location back stepped from the
hypersurface. If only one scan intersects the hypersurface (as shown in the inset), future
exploration of that region is avoided by displacing the origin as indicated with a black
arrow.

their Brownian motion is simulated. For this simulation, a displacement vector
the jth particle if the location p; = v, ; + Av,, ; is inside the volume the move is
accepted and vy, ; will move to p;, however if p; is outside the volume the move
is rejected, p; is added to a set P U {p,}, and v, ; will not be moved. If the jth
particle p; ¢ V, the safe gate voltage space, then the particle is reset to the origin
o. This process is repeated, adding more elements to the set P (this is performed
in parallel to P). Elements in P are approximately uniform samples from S. In

this chapter N, = 200 and o, = 25 mV.

4.7 The pruning heuristic

Finally, to improve the quality of the search in the initialisation stage, a simple
heuristic is applied. The pruning heuristic aims to remove regions of parameter
space where only one gate dominates the pinch off behavior. From an hypersurface

location s(u), all voltages are stepped upwards to a location s%(u) = s(u) + 6,
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where §,, is a step-back vector with each component chosen to be +100 mV. Each
voltage in turn is then swept downwards towards the maximum of its range or
until the hypersurface is encountered. If the hypersurface is encountered only along
one voltage axis 7, then the origin for subsequent iterations is moved so that its
n-component is equal to the n-component of s% (Fig. 4.9 inset). Over several
iterations, this process prunes away search paths for which the hypersurface is

not present within the chosen gate voltage range.

4.8 Algorithm Hyperparameters

This algorithm contains many components, some of which require the user to
specify hyperparameters that define the algorithms operation. In this section I
list hyperparameters and describe what the hyperparameters are responsible for. I
also comment on the hyperparameters sensitivity, known failure modes, and how

reasonable values can be estimated:

« Origin (o see section 4.5.1)
Description: The starting origin of the algorithm and the highest gate
voltage values that can be applied by the algorithm to the device.
Sensitivity: Medium sensitivity.

Failure modes: When incorrectly specified the main failure mode is that the
search space of interest is excluded from the search. Usually evidenced

by measurements containing only low current transport features or noise.

Estimation: Can be motivated by setting to maximum safe gate voltage
which can be deduced from knowledge about the device material system,

design and architecture.
o Bound (Vi see section 4.5.1)

Description: The lowest gate voltage values that can be applied by the

algorithm to the device.
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Sensitivity: Medium sensitivity.

Failure modes: When incorrectly specified the main failure mode is the
search space of interest is excluded from the search. Usually evidenced

by measurements containing only high current transport features.

Estimation: Can be easily motivated by setting to minimum safe gate voltage
which can be deduced from knowledge about the device material system,

design and architecture.
o Pinch threshold (Iiesn see section 4.3)

Description: The lowest gate voltage values that can be applied by the

algorithm to the device.
Sensitivity: High sensitivity.

Failure modes: When incorrectly specified the hypersurface is not correctly
specified and does not exist or is not correlated with desirable transport
features. KEvidenced by failure to observe pinch off when transistor

behavior is clearly visible in the search for the hypersurface.

Estimation: A reasonable value can be easily deduced by considering Iyign =
I(0) and lipw = I(Vinin) and taking linresh = Jiow + @(Lnigh — Liow)- 1 select

a ~ 0.2 through out this chapter.
« Delta (0 see section 4.5.1)

Description: The distance in gate voltage space stepped after every mea-

surement when searching for the hypersurface.
Sensitivity: High sensitivity.

Failure modes: When incorrectly specified there are two failure modes.
When delta is too small locating the hypersurface will take a dispropor-
tionate amount of measurement time and the algorithm will be slow.
When delta is too large locating the hypersurface will be inaccurate,

evidenced by pinch off curves that switch from on to off in one step.
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Estimation: A value of delta can be selected by considering the expected
size of desired features in gate voltage space given expected device
characteristics like charging energy and lever arms. I recommend a value

of order £ (see section 1.5) or lower.
g

» Length after (K see section 4.5.1)
Description: The number of measurements made by the search for the
hypersurface to confirm the surface has been identified.
Sensitivity: Low sensitivity.
Failure modes: No major failure modes.

Estimation: A value of length after can be selected by considering the
expected size of desired features in gate voltage space given expected

device characteristics like charging energy and lever arms.
 Investigation gates (see section 4.5)
Description: The gate electrodes used for investigation the gate voltage
space.
Sensitivity: High sensitivity.

Failure modes: When incorrectly selected investigation stage will not mea-
sure desirable features. Evidenced by little to no none-monotonic

measurements being made by the coulomb peak check.

Estimation: Investigation gates can be selected by considering the gate
architecture design of the device. Gates that operate as plungers should

be selected.
« Length of coulomb peak scan (see section 4.5.2).

Description: Length of scan in gate voltage space.

Sensitivity: Low sensitivity.
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Failure modes: When incorrectly specified scan can be too short or too long
to capture coulomb oscillations. Evidenced by measurements containing
only low current transport features or noise or by signals that are not

smoothly varying.

Estimation: A value can be selected by considering the expected size spacing
between coulomb osculations in gate voltage space given the devices
expected charging energy and lever arms. It should be set so that the
coulomb peak scan captures multiple coulomb oscillations. I recommend

e

a value of order 10 x #- (see section 1.5) or lower.

« Number of measurements in coulomb peak scan (see section 4.5.2).

Description: Number of measurements in coulomb peak scan.
Sensitivity: Low sensitivity.

Failure modes: When incorrectly specified scan can be too sparse to ob-
serve quickly changing signals like coulomb oscillations. Evidenced by

measurements containing only low current transport features or noise.

Estimation: A value can be selected by considering the expected size spacing
between coulomb osculations in gate voltage space given the devices
expected charging energy and lever arms. It should be set so that the
coulomb peak scan captures multiple coulomb oscillations. I recommend

e

a value of order -5 x & (see section 1.5) or lower.
g

« Peak detection prominence (see section 4.5.2).

Description: Prominence required for positive detection of peak.
Sensitivity: Medium sensitivity.

Failure modes: When incorrectly specified peak detection becomes unre-
liable, either returning false positives or false negatives depending on

prominence setting.



4. Automatic coarse tuning of a quantum device 80

Estimation: A reasonable value can be easily deduced by considering Iy;gn =
I(o) and Loy = I(Vinin) and taking linvesh = Jiow + @(Inigh — Liow)- 1 select
a ~ 0.02 through out this chapter.

o Side length of low resolution scan (see section 4.5.3).

Description: Side length in gate voltage space of scan window.

Sensitivity: Low sensitivity.

Failure modes: When incorrectly specified scan can be too short to capture
coulomb oscillations. Evidenced by measurements containing only low
current transport features or noise or by signals that are not smoothly
varying.

Estimation: A value can be selected by considering the expected size spacing
between coulomb osculations in gate voltage space given the devices
expected charging energy and lever arms. It should be set so that the
scan captures multiple coulomb oscillations. I recommend a value of

order 3.5 X & (see section 1.5).

o Number of measurements in low resolution scan (see section 4.5.3).

Description: Number of measurements in low resolution scan.

Sensitivity: Medium sensitivity.

Failure modes: When incorrectly specified if the number of measurements
is too low the scan can be too sparse to observe quickly changing signals
like coulomb oscillations. Evidenced by measurements containing only
low current transport features or noise. If the number of measurements

is too high the scan can take too long to provide a time saving benefit.

Estimation: A value can be selected by considering the expected size spacing
between coulomb osculations in gate voltage space given the devices
expected charging energy and lever arms. It should be set so that the
window captures multiple coulomb oscillations. I recommend a value of

order 20 giving a resolution of 0.29%35 when Cig =20 mV.
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o Score threshold min (Y, see section 4.5.3).

Description: Minimum value of the score threshold.
Sensitivity: Low sensitivity.
Failure modes: No major failure modes.

Estimation: Can be set to zero, or a very small none zero value can be
selected considering that sharpness score is typically very low for poor

stability diagrams (~ le — 8).
« Score threshold quantile (see section 4.5.3).

Description: Quantile used to compute the dynamic threshold.

Sensitivity: Low sensitivity.

Failure modes: No major failure modes.

Estimation: A value that allows some high scoring stability diagrams through
should be selected. I recommend a value of 0.85.

« Segmentation threshold (see section 4.5.3).

Description: Threshold used to compute sharpness score.
Sensitivity: Medium sensitivity.

Failure modes: If the value is set too high or too low coulomb oscillations
will not be segmented and the sharpness score will always return zero.

Evidenced by score measure always returning zero.

Estimation: A reasonable value can be easily deduced by considering Iyign =
I(0) and Loy = I(Vinin) and taking Linresh = Liow + @(Ihigh — Liow)- 1 select
a ~ 0.05 through out this chapter.

o Side length of high resolution scan (see section 4.5.4).

Description: Side length in gate voltage space of scan window.

Sensitivity: Low sensitivity.
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Failure modes: When incorrectly specified scan can be too short to capture
coulomb oscillations. Evidenced by measurements containing only low
current transport features or noise or by signals that are not smoothly

varying.

Estimation: Can be set to same or similar value as low resolution scan.
o Number of measurements in high resolution scan (see section 4.5.4).

Description: Number of measurements in high resolution scan.
Sensitivity: Low sensitivity.

Failure modes: When incorrectly specified if the number of measurements
is too low the scan can be too sparse to observe quickly changing signals
like coulomb oscillations. Evidenced by measurements containing only

low current transport features or noise.

Estimation: A value can be selected by considering the expected size spacing
between coulomb osculations in gate voltage space given the devices
expected charging energy and lever arms. It should be set so that the

window captures multiple coulomb oscillations 0.86%‘6}5 when £ =

Cy
20 mV.
o Number of initialisation iterations (see section 4.6.2).
Description: The number of iterations to take before the sampler is used
for decisions and the pruning is turned off.
Sensitivity: Low sensitivity.

Failure modes: When specified incorrectly if the value is too low then MAP
estimate for GP hyperparameters might be poor leading to overconfident

decisions. If set too large no time benefit is given by the sampler.

Estimation: A value of order ~ 10% the total number of iterations provides

reasonable performance.

« GP priors(see appendix .6).
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Description: The prior distribution used for the GP’s
Sensitivity: Medium sensitivity.

Failure modes: If incorrectly specified decisions will suffer from overconfi-

dence.

Estimation: Appendix .6 details how these can be derived from other
algorithm hyperparameters.

« Displacement standard deviation (o, see section 4.6.2).

Description: The standard deviation of the transition kernel used in Brow-
nian motion.

Sensitivity: Low sensitivity.

Failure modes: No major failure modes.

Estimation: A value of can be selected by considering the expected size of
desired features in gate voltage space given expected device characteristics

like charging energy and lever arms. I recommend a value of 25 mV'.
« Number of Brownian motion particles (NN, see section 4.6.2).

Description: The number of particles undergoing Brownian motion.
Sensitivity: Low sensitivity.
Failure modes: No major failure modes.

Estimation: A value of can be selected considering the computational
limitations that the user has. I used 200 but far larger values could be

considered.
« Step back vector (d, see section 4.7).

Description: The step back vector used in the pruning rule.
Sensitivity: Low sensitivity.

Failure modes: No major failure modes.
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Estimation: A value of can be selected by considering the expected size of
desired features in gate voltage space given expected device characteristics
like charging energy and lever arms. I recommend a value of order 10 x C%

(see section 1.5).

4.9 Analysis of expected tuning times and ab-
lation study

The performance of the algorithm is assessed by a statistical analysis of the expected
time to investigate a successful candidate unit-vector p;. This is the time it takes
the algorithm to acquire a high-resolution current map that is confirmed a posteriori
by humans as containing double quantum dot features. This confirmation is only
needed to assess the performance of the algorithm. Because human labelling is
subjective, three different researchers labelled all current maps, deciding in each
case if they could identify features corresponding to the double quantum dot regime,

with no other information available.

4.9.1 Labelling procedure

Two separate data sets were labelled. The first contained the 2048 current maps
gathered from all the experiments performed in this chapter, except for the pure
random experiment in section 4.9.4. The second data set contained 151 current
maps, 51 of which were taken from the pure random experiment in section 4.9.4
and 100 were randomly selected from the first data set to increase the number
of current maps. The current maps in each data set were randomly shuffled so
that labellers could not identify which experiment produced a given current map.

The labellers were the same for both data sets.

4.9.2 Inferring the algorithm’s performance

To quantify the algorithm’s performance, I infer the expected tuning times p,;, and
the probabilities P(peaks), and P(success|peaks). With this aim, I used Bayesian

inference with a Jeffreys prior.
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Inferring probabilities

Let p denote the probability of either P(peaks) or P(success|peaks) that I want to
estimate. The Jeffreys prior for a binomial distribution is p ~ Beta(0.5,0.5). If

observe k events over n trials, then the posterior distribution of p is

plk,n ~ Beta(0.5 + k,0.5 +n — k). (4.5)
Inferring the expected tuning times

To infer u,;, the rate of events over time is modelled as a Poisson distribution
k ~ Poisson(Ate), where tyo is the total time required for an algorithm run,
and A is a rate parameter. The expected time between two consecutive suc-
cesses (i.e. the acquisition of currents maps displaying double quantum dot
transport features) is u; = 1/A. The Jeffreys prior for a Poisson distribution

is A ~ Gamma(0.5,0). Consequently,

|k, tioy ~ Inv-Gamma(0.5 + k, tiot)- (4.6)
Combining multiple labellers

Multiple labellers are used for inferring p;, P(peaks), and P(success|peaks). La-
bellers are presented with data D = {C;}i=1,.. ,, where C; is a current map produced
by the high resolution scan step (section 4.5.4). If no high-resolution scan was
acquired for iteration ¢ of the algorithm then C; is an empty array. The data
D requires a labelling function ¢;: ,;(C;) = 0 if there is no recognized double
quantum dot transport features, and 1;(C;) = 1 otherwise. The set of all labellers

U= {i}j-1,.5-

Labellers might not agree and so must be marginalised out. Let 6 denote a
parameter to be inferred (for examples ju;, P(peaks), or P(success|peaks)), then

p(0|D,¢) = %. Marginalising the likelihood, I obtain

P(0ID) = Ey[p(6ID. 9)] ~ Z (0D, ),

Pew
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and a cumulative distribution

P(9 < z|D) ~ ~ L Z (0 < 2D, ).

V=
4.9.3 The Pure random baseline

I introduce a naive search-based algorithm which I refer to as Pure random. This
algorithm will be used as a baseline when determining the algorithm’s performance.
Pure random has an investigation stage. However, in this investigation stage only
the Coulomb peak check is retained, the search for the hypersurface and the score
function threshold are not used. This means the algorithm will perform a high
resolution scan whenever a Coulomb peak is identified. All other elements of the
investigation stage remain the same.

The sampler is replaced with one that draws gate voltage locations as v ~

U(Vinin, 0), where U is a uniform distribution. The pruning rule is not applied.

4.9.4 Device tuning

I tested the performance of the tuning algorithms in devices 1 and 2. To benchmark
the algorithms’ performance, I define the average count C' as the number of current
maps labelled by humans as displaying double quantum dot features divided by the
number of labellers. For a single run of the Pure random algorithm in Device 2 and
five runs of the algorithm in Devices 1 and 2, I calculate C' as a function of laboratory
time (Fig. 4.10a,b). It is observed that C' is vastly superior for the full algorithm
compared with Pure random, evidencing the magnitude of the gate voltage space.

The time p; is estimated using the multi-labeller statistics. It is found from
this distribution that the median and 80% (equal-tailed) credible interval of
is 2.8 hr and (1.9, 7.3) hr for Device 1 and 1.1 hr and (0.9, 1.6) hr for Device
2. Experienced humans require approximately 3 hr to tune a device of similar
characteristics into exhibiting double quantum dot features [83], demonstrating the

approach is competitive. Due to device variability, the hypersurfaces of these two
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Figure 4.10: Algorithm’s performace a-d Average number of current maps displaying
double quantum dot features, C, and P(peaks) as a function of laboratory time. Current
maps are labelled by humans a posteriori, i.e., after the algorithm is stopped. a, c,
correspond to one run of Pure random while b, d correspond to five runs of the full
algorithm. All algorithm runs displayed in main panels were performed in Device 2, while
insets show runs of the algorithm in Device 1. e, f High-resolution current maps produced
in Device 2 by Pure random and by one of the full algorithm runs, respectively. I indicate
the time the algorithm had been running for before they were acquired and the number
of labellers, C, that identified them as displaying double quantum dot features. Current
maps are ordered from left to right in decreasing order of C, and maps that have the
same values of C' are displayed in the order at which they were sampled. Each panel uses
an independent colour scale running from red (highest current measured) to blue (lowest
current). All measured high resolution stability diagrams for all tuning runs are displayed
in Appendix .9.
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devices are significantly different, showing our algorithm is capable of dealing
with such variability.

Fig. 4.10 c,d, compares the probability of measuring Coulomb peaks in the
vicinity of a given s(u), P(peaks), for Pure random and for different runs of
the full algorithm. This is calculated by taking the empirical probability, i.e.
the number of observed Coulomb peaks at iteration ¢ divided by i. P(peaks) is
significantly increased by the full algorithm. This increase is observed both during
and immediately after the investigation stage, followed by saturation.

Figure 4.10 e,f shows the high-resolution current maps obtained in Device 2 by
Pure random and one of the full algorithm runs. It is observed that, within 1.53
hr, the algorithm produces high-resolution current maps that are recognized by
all labellers as displaying double quantum dot features. The three current maps
in Fig. 4.10 f correspond to double quantum dot regimes found by the algorithm
in different regions of the gate voltage space. The number of labellers C' who
identified the current maps produced by Pure random as corresponding to the

double quantum dot regime, C, is 0 or 1.

4.9.5 Tuning by grouping gates

To significantly reduce tuning times, I modified the algorithm to group gate
electrodes that perform similar functions. The algorithm assigns equal gate voltages
to gate electrodes in the same group. For Device 1, the eight gate electrodes
were organised into four groups: Gy = (V), Gy = (Vo,Vg), Gs = (V5,V7), and
G4 = (V4, Vs, Vg). In this case, the median and 80% credible interval of y; improve
to 0.6 hr and (0.4, 1.1) hr. This approach demonstrates that exploiting knowledge of

the device architecture reduces p; dramatically, in this case by more than four times.

4.9.6 Ablation study

The proposed algorithm consists of many components which contribute differently
to the performance of the algorithm. I attempt to verify the components of the

algorithm through an ablation study, in which various modules of the algorithm
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Figure 4.11: Ablation study a, b Bar charts and corresponding data points comparing
ue (light green), t500 (dark green), P(peaks) (dark blue) and P(success|peaks) (light blue)
for the different algorithms considered. Error bars represent 80% (equal-tailed) credible
intervals. Due to a measurement problem, 459 sampling iterations instead of 500 were
considered for the Full decision algorithm. c-f High-resolution current maps sampled by
pure random, uniform surface, peak weighting, and full decision, respectively. In each
panel, I indicate C, the number of human labellers that identified a map as displaying
double quantum dot features. Current maps with identical values of C are displayed in
the order in which they were sampled, from top to bottom. Current maps with C: 0
were randomly selected. Each panel uses an independent colour scale running from red
(highest current measured) to blue (lowest current).

are removed. For the ablation study I chose to compare the full algorithm which
I refer to as Full decision, with three reduced versions that combine different
components. These version are; Pure random, Uniform surface and Peak weighting.
The Pure random algorithm is defined in section 4.9.3. Uniform surface makes
use only of the hypersurface sampling module of the sampler (section 4.6.2). No
weighting is considered and the pruning heuristic is not applied (section 4.7). The
investigation stage uses the search for the hypersurface. Peak weighting uses the full
sampler and applies the pruning heuristic. All algorithms use the Coulomb peak
check (section 4.5.2) in their investigation stage, and none use the score function
threshold (section 4.5.3). During the ablation study, the low (high) resolution
scans contained 20 x 20 (60 x 60) pixels.

To analyse the algorithms’ performance, I estimate P(peaks) and the probability
of success, i.e. the probability of acquiring a high-resolution current map labelled

as containing double quantum dot features, given Coulomb peak measurements
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P(success|peaks). To take measurement times into consideration, I define t509 as
the time to sample and investigate 500 locations in gate voltage space. The ablation
study was performed in Device 1 keeping the investigation stage parameters fixed.
The cool down cycle was the same as in section 4.9.4. Device tuning was performed
in a given cool down (cool down 1), except for Pure random, which was run in a
different thermal cycle (cool down 2). Results are displayed in Fig. 4.11.

Figure 4.11 a shows that the introduction of hypersurface sampling, weighting
and pruning increases tso. This is because P(peaks) increases with the inclu-
sion of these components (Fig. 4.11b), and thus the number of low and high
resolution current maps acquired by the investigation stage is larger. Within
uncertainty, P(success|peaks) remains mostly constant for the different algorithms
considered. The result is a decreasing y; from Pure random to Peak weighting
within experimental uncertainty.

The reason behind the use of Coulomb peak detection in all the algorithms
considered for this ablation study is the vast amount of measurement time that
would have been required otherwise. Without Coulomb peak detection, the posterior
median estimate of u; for Pure random is 680 hr.

To complete the ablation study, the grouped gates approach described in the
previous section was considered, keeping parameters such as the current map
resolutions equal. It was found that p; = 80.5 mins.

Comparing Pure random and Uniform surface, the importance of hypersurface
sampling is clear. The difference between Uniform surface and Peak weighting
highlights the importance of weighting/Thompson sampling, and pruning. The
improved performance of Full decision with respect to Peak weighting evidences the
tuning speedup achieved by the introduction of the score function. These results
demonstrate Full decision exhibits the shortest y; and imply an improvement over

Pure random without Coulomb peak detection of approximately 180 times.
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4.10 Discussion

I investigated the gate voltage parameter space of electrostatically-defined quantum
dot devices. I proposed a statistical search algorithm that uses a small amount of
device knowledge to make efficient decisions. The sampling algorithm approaches
tuning as a multi armed bandit problem using Thompson sampling to manage the
exploration vs exploitation trade-off. All the algorithm modules either serve to
increase the probability of observing a double quantum dot, or reduce the time cost
associated with evaluating the transport regime of the device.

The proposed algorithm was demonstrated experimentally and displays perfor-
mances superior to that of a typical human operator with median tuning times
of under 70 minutes. This was further improved to 36 minutes when gates are
grouped to reduce the dimensionality of the search space. The algorithm’s design
was analysed using an ablation study and found to be justified. A 179 times
improvement was shown over the naive approach; pure random search without a
Coulomb peak check. This demonstrates that knowledge about the device behavior
can have a large impacts on the algorithm’s performance.

The approach in its current form is limited to making measurements using
transport through the device. In order to readout spin states and accurately count
charge states alternate measurement methods are required such as charge sensing.
Therefore, extending this work to include the tuneup of a charge sensor would
be valuable. This could be achieved by extending the investigation stage with a
charge sensor tuneup step after the high or low resolution scan completes or by

simultaneously tuning the charge sensor while investigation is being performed.
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In this chapter I experimentally demonstrate that the algorithm proposed in
Chapter 4 can be generalised to other quantum dot devices with minimal changes.
These include devices with different host materials, device architectures, and charge
carriers. The results in this chapter further emphasise the efficacy of the automated
tuning approach I developed and demonstrates that general solutions to the problem

of device tuning can be developed.

5.1 Devices

To demonstrate the generality of the approach developed in Chapter 4, the algorithm
was run in three quantum dot devices of entirely different design. Throughout this

chapter the devices are referred to as: FinFET, Nanowire, and Heterostructure.

5.1.1 The FinFET

The FinFET (Fig. 5.1) is a non-planar Si device, capable of am-bipolar operation
developed using industry standard equipment and processes [15, 88, 89]. In this
work I operate the device in a regime in which holes are dominant. The device
consists of a Si channel, which is raised and makes contact with a source and drain

at either end. As the charge carries (holes in this case) are already restricted to a

92



5. Automatic coarse tuning of silicon devices 93

%

bias

Figure 5.1: Schematic of the FinFET. Schematic of the device. A bias voltage Vijas
is applied between the ohmic contacts to the channel. Voltages labelled Vi to Vj are
applied to the gate electrodes.

channel, this device is quasi-1D. On top of the Si channel, 4 gate electrodes made
of titanium nitride are patterned such that they wrap over the channel. An oxide is
grown between the channel and the gate electrodes to prevent leakage. Gate voltages
Vi, Vo, V3, and V} are applied. The channel is non-conducting at zero gate voltage
and negative gate voltages must be applied in order to accumulate holes and allow
for an observable transport current I to flow. The roles of gates Vi and V} are to
accumulate charge carriers in different regions of the channel. Gates V5 and V3 aim

to control the electrochemical potential of the quantum dots formed beneath them.

5.1.2 The Nanowire

The Nanowire (Fig. 5.2) is a germanium silicon core shell nanowire device in which
holes are the main charge carriers [10, 90]. The nanowire is placed over 5 gate
electrodes and both ends of the nanowire make contact with a source or drain
electrode, allowing a bias voltage Vii.s to be applied. Similarly to the FinFET,
holes are confined to a channel, so this device is quasi-1D. The 5 gate electrodes
are individually controllable using gate voltages Vi, Vs, Va3, V4, and V5. With no

gate voltages applied, the nanowire is conducting and so charges must be depleted
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Figure 5.2: Schematic of the Nanowire. Schematic of the device. A bias voltage
Vhias is applied between the source and drain contacts of the nanowire. Gate voltages
labelled Vi to V5 are applied to the gate electrodes.

by applying positive gate voltages. The roles of gate electrodes Vi, V3, and Vj
is to form tunnel barriers in the channel defining the double dot confinement
potential. Gates V5 and V; aim to control the electrochemical potential of the

left and right quantum dots.

5.1.3 The Heterostructure

The Heterostructure (Fig. 5.3) is a device laterally-defined in a silicon germanium
heterostructure [01] for which holes are the main charge carriers. The device consists
of a strained Ge quantum well that forms a two-dimensional hole gas (2DHG).
On top of the heterostructure, gate electrodes are patterned. Ohmic contacts to
the 2DHG allow a bias voltage Vi;.s to be applied. The device is quasi-2D and
has 7 gate electrodes that are relevant to the creation of a double quantum dot
confinement potential. Gate voltages are labelled Vi, V5, V3, Vi, Vs, Vg, and V5.
With no gate voltages applied, the heterostructure is conducting and charge carriers
must be depleted by applying positive gate voltages. The role of gate electrodes
Vi, and V7 is to define a path for current to flow. Gate electrodes V5, V4 and Vj

aim to form and control tunnel barriers, while gates V3 and V5 aim to control the
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Figure 5.3: Schematic of the heterostructure. Schematic of the device. A bias
voltage Viias is applied between ohmic contacts to the 2DHG. Gate voltages labelled V
to V7 are applied to the gate electrodes.

electrochemical potential of the left and right quantum dots.

5.2 Generalising the approach to different devices

To generalise the automatic tuning approach small modifications were made to

the algorithm presented in Chapter 4.

5.2.1 Sampling modifications

The devices presented in section 5.1 differ significantly. The gate voltages that
must be applied to achieve intended operation change significantly from device
to device. However, the modeling assumptions discussed in section 4.4 still hold;
we still expect the devices to behave like high-dimensional transistors (i.e. there
is an hypersurface), and we still expect that large regions of the hypersurface
do not display transport features.

Applying the definition of the hypersurface described in section 4.3 is problematic
for the different devices considered. The FinFET is none conducting when no
gate voltages are applied, so the hypersurface is undefined. The Nanowire and

the Heterostructure are both conducting when no gate voltages are applied, but
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Figure 5.4: Generalising the hypersurface search Current maps corresponding to
devices with different charge carriers are displayed in different columns. Current maps
corresponding to devices with different gate operation modes are represented in different
rows. Each panel illustrates the initial placement of the origin o (white circle), search
boundary V,,, (red cross), and search direction u (black arrow). The gate voltage space is
divided into regions of near-zero (blue) and non-zero (pink) current. Regions of voltage
space which cannot be explored due to the gate voltage bounds set to avoid device damage

are greyed out.

the charge carriers are holes and thus the hypersurface is not defined in the
negative quadrant of u.

To generalise the hypersurface search, I altered the direction of the search
so that u = |ugaas| Wwhere ugaas is the negative quadrant of gate voltage space

considered throughout chapter 4. The safe gate voltage range must also be adjusted.
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H Device o (V) Vin (V) H
The FinFET [6.5,-1.5, -1.5, -6.5] 0,0, 0, 0]
The Nanowire 0, 0, 0, 0] 4.0, 2.5, 2.5, 4.0, 4.0]
The Heterostructure [0, 0, 0, 0, 0, 0, 0] 12, 2,2,2,2, 2, 2]

Table 5.1: Experimental parameters. Values of o and V,,, used for the tuning runs
described in this chapter.

The variable previously referred to as Vi, will now be referred to as V,, to avoid
confusion. By allowing V;, > 0 I can adapt the approach to the gate voltage space
corresponding to the Nanowire and the Heterostructure. However, the FinFET’s
hypersurface remains undefined. To resolve this, the location of the origin o
and extremum bound V, are swapped. Figure 5.4 displays the changes to the
origin, search direction, and extremum bound for different charge carriers and gate
operation modes (accumulation or depletion). Chapter 4 demonstrates the success
of the tuning algorithm for electrons in depletion mode, Chapter 6 section 6.2.2
demonstrates the success of the tuning algorithm for electrons in accumulation
mode, and the current chapter deals with holes in both modes. Values of o and V,,
used for the experiments described in this chapter are contained in table 5.1. These

values were selected by asking experts who regularly operate these samples.

5.2.2 Other modifications

To generalise the tuning algorithm other changes were made. The threshold defining
the search for the hypersurface was changed to be 0.5% of the maximum current
range. Also, during the Coulomb peak check (section 4.5.2), a different method
is used for peak detection. The find_peaks method miss-classifies charge switches
as Coulomb peaks. The lack of charge switches in the experiments described in
chapter 4 did not allow me to identify this problem. To circumvent it, I trained
a Random Forrest classifier on saved data (see appendix .13). This classifier is
applied to the 128 measurements performed for the Coulomb peak check and

its output is used to decide whether to perform a low resolution scan and to
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H Device CPC (pixels), (mV)  Orientation H
The FinFET 128, 100 55 (Vs +V3)
The Nanowire 128, 200 (Vs + V)
The Heterostructure 128, 100 %(V}f +V2)

Table 5.2: Coulomb peak grid scan parameters. Gate voltage ranges used for
coulomb peak grid scan in the coulomb peak check (CPC), and selected gate orientation
for the different devices considered in this chapter.

H Device LRS (pixels), (mV) HRS (pixels), (mV) Orientation H
The FinFET 16x16, 80x80 48x48, 120x120 Vo, Vs
The Nanowire 16x16, 150x150 4848, 200x200 Vs, Vi
The Heterostructure 16x16, 80x80 48x48, 120x120 173, ‘75

Table 5.3: Low and high resolution scan parameters. Gate voltage ranges used for
low resolution scans (LRS) and high resolution scans (HRS), and selected gate orientation
for the different devices considered in this chapter.

train the sampler. The parameters used to measure during the coulomb peak
check are displayed in table 5.2.

I did not use the adaptive window resizing approach detailed in section 4.5.3
and I did not use the axes ‘76 and Va to orient the grid scans as these were found to
add little improvement to the algorithm. The size and resolution of low and high
resolution scans are in this case selected by the user before running the algorithm.
The high resolution scan is performed in a larger gate voltage range than the low
resolution scan, in order to provide additional information about promising regimes.
All parameters defining the grid scans are detailed in Table 5.3.

During sampling, the initialisation was applied for 12 iterations instead of 30 (see
section 4.6.2). The Pruning heuristic (section 4.7), is not applied because it is only
applicable in devices for which a current path must first be defined. This excludes
the quasi-1D devices. The method would be applicable to the Heterostructure

but is excluded for consistency.
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5.3 Tuning Si and SiGe-based devices and anal-
ysis of expected tuning times

The algorithm (Full decision) was run multiple times for all the devices considered in
this chapter in order to assess the expected tuning times ;. The labelling procedure
(Section 4.9.1) and multi-labeller statistics (section 4.9.2) were carried out with
four independent labellers. The algorithm was bench-marked against Pure random
(see section 4.9.3). The Pure random algorithm was applied over safe gate voltage
ranges. The modifications made to the algorithm’s investigation stage described
in this chapter were also applied to the Pure random algorithm.

For each device, the algorithm was run for 250 iterations. It was run at least
12 times for each device. All high resolution scans were compiled into one shuffied
data set for labelling. High resolution scans along with their human labels, high
resolution score and time of acquisition are all displayed in appendix .11.

The number of positively labelled stability diagrams averaged across labellers,
C, is displayed as a function of time for each device and algorithm run in Fig. 5.5.
For all full decision runs I observe that the Pure random counterpart performs

worse. The estimated tuning times p; can be found in Table 5.4.

Tuning Times (Hr)

Device Full Decision Pure Random
Si FinFET 0.50 (0.43, 0.62) N/A
GeSi Nanowire 0.16 (0.11, 0.20) 0.28 (0.17, 0.43)
SiGe Het. 1.5 (1.2, 2.0) 5.8 (3.0, 13.2)

Table 5.4: Median device tuning time g, with 80% credible intervals (equal tailed) for
the full decision and pure random algorithm runs described in this chapter. The Pure
random tuning time could not be estimated for the FinFET due to a lack of scans labelled
as displaying double quantum dot features in the time allocated for the experiment.

For the FinFET, the improvement in performance over the Pure random baseline
is significant. Pure random was unable to sample a positively labelled high resolution
scan across 12 runs (totalling 3000 iterations). In this instance, the speedup is
likely attributed to the hypersurface search part of the algorithm. Table 5.1 shows

that gates V; and V, have a comparatively large safe range in the case of the
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Figure 5.5: Tuning Si and SiGe-based devices. a-f Average number of current maps
displaying double quantum dot features, C, as a function of laboratory time. Current maps
are labelled by humans a posteriori, i.e., after the algorithm is stopped. Solid blue lines
show the average tuning rate. a, b, and c, correspond to at least 12 runs of the algorithm.
d, e, and f correspond to at least 12 runs of the Pure random implementation. All
measured high resolution stability diagrams for all full decision tuning runs are displayed
in Appendix .11.

FinFET. In most of the gate voltage space, current transport is not possible. In
the gate voltage space for which holes are accumulated, the device displays a small
number of double dot charge transitions (in the order of order 3 per dot). By
reparameterising the search across the hypersurface, Full decision overcomes the
difficulty presented by such a flat optimisation landscape.

For the Nanowire, the improvement in algorithm’s performance over Pure random
is less significant. The Full decision method collected as many as 60 positively
labelled current maps per run. The algorithm spends the majority of the time
acquiring high resolution scans. This is evidenced by the algorithm runs approaching
the 10 hour mark. When the device is in a double dot regime, in the order of
30 charge transitions can be observed. This might be the case because the gate
electrodes in the Nanowire define almost diagonal capacitance matrices, and the

device operates in the many hole regime, never emptying the quantum dots.
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The Hetrostructures sees a modest improvement in algorithm’s performance over
Pure random. The highest expected tuning times are obtained in this devices. The
plot in Fig. 5.5¢ closely resembles that of Fig. 4.10b, (considering that in Chapter 4
500 iterations were performed per run), indicating quasi-2D systems are intrinsically
harder to tune - likely due to their higher voltage space dimensionality. The inclusion

of the pruning heuristic would have improved the algorithm’s performance.

5.4 Analysis of score function for classification

The score function presented in section 4.5.3 can be applied directly to high
resolution stability diagrams to determine whether the algorithm should halt.
To demonstrate this capability I apply the score function to all high resolution
stability diagrams measured in chapter 4 and this chapter. The goal of the score
function is to classify if a given stability diagram is indicative of a double quantum
regime. Classification performance is evaluated by comparing score function
classification to the human expert labels used to calculate p;. There is significant
class distribution imbalance that varies from device to device, making robust
evaluation of performance challenging. I quantify the score functions performance
as a classifier by analysing its Receiver operating characteristic (ROC) and area
under curve (AUC) for different devices.

In Figure 5.6 it can be seen that the score function is capable of classifying
whether a high resolution stability diagram is indicative of a double quantum dot
regime. The AUC values for each device are: 0.83 for the GaAs devices, 0.77 for
the finFET devices, 0.77 for the SiGe heterostructure devices, and 0.70 for the
nanowire devices. The performance of the score across devices is relatively stable
considering their differences, however it is clear the different components of the score
function behave quite differently. The sharpness score has the largest variability
and even harms performance in the inFET device. The orientation of gradient

score provides the most consistent performance.
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Figure 5.6: ROC curves for different devices. ROC curves of score function (solid
black) as a classifier on all high resolution scans measured in chapters 4 and 5 separated
according to device type. All components of the score function are also plotted.

From this analysis it is clear that using the score function as a classifier is an

effective way of detecting promising regimes but is also likely to produce false posi-

tives. This can be mitigated by allowing the algorithm to collect multiple positives

and allowing a human operator to select from a small set of high resolution stability

diagrams. Alternatively, other data driven approaches have been demonstrated for

the classification of quantum dot regimes [36] however, training data-sets are small

and device specific so there is a significant risk of over-fitting.

5.5 Discussion

I demonstrate that, with a few modifications, the algorithm introduced in Chapter 4

can be used for different material systems and device architectures. The modifica-

tions required are minimal; only the search directions, search bounds, the origin of

the algorithm search and the Coulomb peak detector had to be revised.

The algorithm tuned all devices it was presented with, achieving an expected

tuning time of under 10 minutes for the Nanowire device. A difference in the tuning
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times of quasi-1D and quasi-2D systems is evident, indicating that quasi-2D systems
are more difficult to tune. I hypothesised that is due the quasi-2D systems in this
work have more gate electrodes then the quasi-1D systems, however more research
will be required to verify this hypothesis. This is the first demonstration of such a
general tuning algorithm. Determining when to stop is a significant challenge and
is a weakness of the current method. Future work should focus on designing more
robust features or training reliable models for classification of quantum dot regimes.

In Chapter 6 I build on the algorithm’s framework to demonstrate its ability

to explore a different device characteristic, that of variability.



Characterising device variability

In this chapter, I describe how the algorithm presented in chapter 4 can be used
for a different purpose. The focus is to study device variability and the core idea
is to use a uniform search approach to probe regions of interest in gate voltage
space. Post-processing techniques are applied to the outputs of these uniform search

algorithms providing new metrics of device variability.

6.1 Variability via point-set registration

The methods introduced in Chapter 4 can be repurposed to produce an approx-
imately uniformly distributed set of observations of the hypersurface. These
observations are a set of locations in gate voltage space. I will refer to these
locations as a point set. By running the same algorithm again, or by running it
on a different device, a second point set can be generated. The transformation
that maps one point set to the other can be learnt through point set registration.
An insight of the mechanisms that lead to device variability can be explored

from such transformations.

10/
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6.1.1 Devices

The devices used for the experiments presented in this chapter are Device 1 and
Device 2, described in section 4.1 and displayed in Fig. 4.1. Gate electrodes V;
to Vg are used to control the transport regime, and Vj,.s is applied to drive a

current I through the device.

6.1.2 Sampling the hypersurface

Generating a point set involves sampling the hypersurface of the experimental device
uniformly. The hypersurface being measured is defined in section 4.3. The procedure
used to generate a point set v, is as follows. The sampler runs the initialisation
stage for 30 iterations. During the initialisation state, the hypersurface search
begins at the origin o and unit vectors u are chosen uniformly on a unit hypersphere.
The search method detailed in section 4.5.1 is used to find the value of r for which
the current threshold condition is satisfied. Throughout this section, the value used
for Iinresn is the same as in chapter 4; 20% of the maximum current (current at the
origin). In every iteration, s(u) = ru + o is found and appended to v,.

After the sampler exits the initialisation state, a Gaussian process is trained in
every following iteration to model p(r|u). The sampler uses this model to select a unit
vector u using the Brownian motion approach detailed in section 4.6.2. The posterior
of the Gaussian process is p(r|u) = N(m(u),o(u)?). The linear search is started at
0adj = (m(u) —20(u))u + o. In every iteration, s(u) is found and appended to v,.

Generation of the second point set v, can either be achieved by running the
algorithm again or repeating the set of unit vectors X.n = {u;},;-1.n that have
been observed in a previous point set run. In this chapter, I present results

produced with the second method.

6.1.3 Point set registration

Affine transformations have proven useful to find adequate combinations of gate
voltages which simplify device tuning [11, 13]. To find a measure of device

variability, understood as changes occurring to a device’s hypersurface, I use an affine
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transformation vi = Bvy, + ¢, with B a matrix which contains the transformation
parameters. I look for a transformation of coordinates that converts vy, into a set
of gate voltage locations v that is as similar to v, as possible.

Coherent point drift [92] was chosen for point set registration, since it can be
used for point sets of high dimensionality. It is simple to implement, robust to noise
in the point sets, and supports affine transformations as well as rigid and non-rigid
transformations. As mentioned above, I focused on affine transformations of the
type T'(x) = Bx+t, where B is a square matrix, and ¢ is a column vector. Reference
[92] presents the mathematical derivation for this case. In this application ¢ does
not have a physical interpretation, and so it was set to 0. A derivation for the case
t = 0 was required. This was achieved by setting the centered point matrices to
X = X and Y = Y in the derivation detailed in Ref. [92].

This approach was used to quantify the variability between Devices 1 and 2, and
the effects of a thermal cycle in the hypersurface of Device 1 and 2. For these two
cases, Fig. 6.1 and Fig. 6.2 display the matrix B, = B — I that quantifies how much
B, the transformation that transforms a set of locations from one hypersurface onto
the other, differs from the identity matrix (I). Non-zero elements of B, indicate
device variability. Diagonal elements of B, are responsible for scale transformations
and can be interpreted as a capacitance change for a given gate electrode. Off-
diagonal elements are responsible for shear transformations and can be interpreted
as a change in cross-capacitance between pairs of gate electrodes.

Figure 6.1a shows the matrix B, obtained after a thermal cycle of Device 1. The
transformation shows that the effect of a thermal cycle on the device hypersurface
is dominated by a uniform change in capacitance for all gate electrodes. The
matrix B, illustrating the effect of a thermal cycle of Device 2 is displayed in
Fig. 6.1b and it is similar to that obtained for Device 1. Figure 6.2 displays the
matrix B, corresponding to the mapping of the hypersurface of Device 2 onto the
hypersurface of Device 1. I observe that the variability between these devices,
which share a similar gate architecture, is given by non-uniform changes in gate

electrode capacitance, as well as by changes in cross-capacitance. This big variability
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Figure 6.1: Learning about device variability after a thermal cycle. B,
matrices obtained using point set registration. Indices are the gate voltage represent gate
voltages for different point sets v, and v;. V5 = 0 mV was fixed in Device 1 to prevent
leakage currents. Q function values are plotted as a number of iterations below their
respective transformation (see Myronenko and Song [2010] equation 10 for definition). a
Transformation of the hypersurface of Device 1 after a thermal cycle. b Transformation
of the hypersurface of Device 2 after a thermal cycle.

is attributed to charge traps and other device defects, such as a inaccuracies in

the patterning of gate electrodes.

The hypersurface provides information about the tunnel barriers that can be
defined in the device. This method tries to explain their variability by considering
simple linear transformations, and in this way, shares similarity with the virtual
barrier gate approach detailed in section 1.8.3. By registering a point set generated
by an hypercube onto a real point set the resulting transformation can be used

to estimate virtual barrier gates.
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Figure 6.2: Learning about device variability. B. matrix evidencing the
transformation between hypersurfaces of Device 1 and Device 2. Q function values
are plotted as a number of iterations below the transformation (see Myronenko and
Song [2010] equation 10 for definition).

6.2 Variability via operable region sampling and
characterisation

In this section, I build upon the concept of device characterisation via uniformly
sampling regions of the parameter space. I aim to draw samples from all locations

in device parameter space in which the device is operable.

6.2.1 Device

The device used for this section is designed to define a single quantum dot and is
based on CMOS-compatible fabrication techniques [93]. It consists of a channel of
planar silicon that is connected to source and drain ohmic contacts. By applying
a DC voltage bias to the source ohmic contact Vj;.s, a current I flows through
the device. Over the Si channel, three gate electrodes are lithographically defined.
They can be controlled with DC voltages Vg, Vrp, and Vsr. These gate voltages

can create an electrostatic potential capable of confining electrons by accumulation.
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Gate electrodes Vg and Vgp are designed to control the strength of the tunnel

barriers. Vgt controls the electrochemical potential of the dot.

6.2.2 SET operation and sensitivity

These devices, which act as single-electron transistors (SETs), are often used as
charge sensors since they are able to detect small rearrangements in the local charge
distribution. DC voltages are applied to the gates of the SET and a regime of
high transconductance is found. This regime is commonly found in the fringes of a
Coulomb peak. A change in the local distribution of charges alters the electrostatic
environment of the SET producing a large change in the transport current. The

key metric for charge sensor performance is its sensitivity [94].

VSt

0g = —— 6.1
where 0l = % and
A
olg = evgd[VST. (6.2)
d/

The device transconductance is dly,, = and AV, is the spacing between

dVsr
Coulomb peaks. Sy is the power spectral density that accounts for noise. I make
the assumption that Sy is constant which is justified if charge noise is a property of

the environment of the device and not the specific gate voltage configuration, hence

1

—_. 6.3
Ang]VST ( )

5q0¢9m=

I refer to g,, as the sensitivity score and report it in units of nA~!. A lower

sensitivity score is better.
6.2.3 The operable region of gate voltage space and the
algorithm’s goal

I consider the ‘operable region’ as the region in gate voltage space in which a device
can be used for its intended purpose. For a charge sensor to be rendered operable,

it must be sensitive enough to charge changes. The operability condition I consider
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Figure 6.3: Overview of the algorithm’s sequence. a Sequence of experiments for
a given iteration. An iteration is parameterised by an input unit-vector u. The sequence
of experiments proceeds as follows: A binary search is used to find rq; a linear search is
used to find ro; Vgr is swept in order to detect Coulomb peaks; and a sensitivity score
is applied to each detected peak. b Example of the experiments performed for a given
iteration of the algorithm. Plot i demonstrates a binary search. Red (green) crosses
indicate a false (true) binary evaluation. The sequence of observations is indicated on
the plot above each evaluation. The final evaluation highlighted with a dashed green line
is returned as a value for r1. Plot ii demonstrates a linear search. The blue line shows
current measurements. The solid green line indicates the first point in the sliding window
where the search condition is satisfied, 2. Plot iii demonstrates peak detection. Vertical
dashed lines indicate the locations of detected Coulomb peaks. Plot iv demonstrates
Coulomb peak scoring. Vertical dashed lines indicate peaks detected in iii and red (green)
lines denote peaks that have been identified to have a sensitivity score above (below) the
sensitivity threshold. ¢ Modelling of the sequence. p(72|u) is trained to predicted 72 given

A

u, P(Ngood|u) is trained to predicted Ngooq given u.

iS gm < Gm thresh Where gp, thresh 1S a sensitivity score threshold to be satisfied and
Jm is the sensitivity score extracted from experiments. The algorithm’s goal is thus
to efficiently explore the gate voltage space of the device in order to find regions
that satisfy such condition. The algorithm operates similarly to that presented in

Chapter 4; it has and investigation stage and a sampling stage.

6.2.4 Investigation stage

This algorithm performs a sequence of experiments that are defined by a single input
parameter; a unit vector u (in a similar way to the algorithm presented in chapter 4).
The experimental sequence performed is displayed in Fig. 6.3a. Examples of the

measurements performed can be seen in Fig. 6.3b.
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Improved search for the hypersurface

The first experiment in the sequence performs a search for the hypersurface to find
a radius 79, in a similar way to how 7, is found in section 4.5.1. In this section,
however, the hypersurface has to be located more accurately. The gate voltage step
size defined in section 4.5.1 was 6 = 10 mV/, but Coulomb peaks in these devices are
observed to have a width of order ~ 1 mV'. Coulomb peaks can also have heights far
smaller than 20% of the maximum current. The search for is thus performed with a
smaller 6 =2 mV, a larger K, = 50 and a lower current threshold. Decreasing ¢ by
a factor of 5 increases the time cost of searching for the surface by 5 times.

I thus introduce a search for an intermediate radius ry, speeding up the search
for ro. To search for r;, I use a binary search instead of a linear search. This
efficiently removes monotonic regions of gate voltage space, allowing the linear
search to focus on the search of Coulomb peaks. The search for r; introduces
a second current threshold I, thresh > Iihresh such that r < ry, meaning r; lies
inside the volume of high current defined by the hypersurface. To set these current
thresholds, the mean current p,.se and standard deviation oy is characterised
in the pinched off regime. The current thresholds used are Iipresh = finoise + DTnoise
and I, thresh = Hnoise T 100noise-

An example of the search for r; and r, is displayed in Fig. 6.3b i and ii. In
this example, the binary search is completed in 7 evaluations, placing r; 70.3 mV
away from ry. ry is subsequently found in 88 evaluations. Using only the linear
search would require 434 evaluations.

If the hypersurface is identified using this approach, the next experiment in
the investigation stage starts at the gate voltage location s = ury + o, where o is
the origin of the search. If no surface is found, the investigation stage is stopped

and the sampler proposes a new unit vector u.

Coulomb peak count

From point s, the algorithm looks for Coulomb peaks. This is achieved by sweeping

gate voltage Vst while measuring the current 1. Vsr is varied in steps of gt = 1 mV
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and other gate voltages remain fixed. Vgr is swept until a halting condition is met.
The same Coulomb peak detection method used in section 4.5.2 is applied to the
current measurement in order to extract: the number of peaks Npeaxs, their edges
Visriers and Vpuignt, and the location of their maxima Ver.mid.

The full halting condition is:
HALT = (TURNON A NOPEAK)|OUTOFBOUNDS (6.4)

TURNON is true if current rises above Iipeqn in a sliding window of K rurnon = 50
(see section 4.5.1). OUTOFBOUNDS is true if the voltage difference between gate
voltages equals AV = 2.5 V. NOPEAK will return true if no Coulomb peaks

are identified in the last 50 mV of the Vsr sweep.

Coulomb peak sensitivity scoring

Each detected peak is assigned a sensitivity score g, ,, using the definition in
equation 6.3. The index n denotes a given peak.

To compute the score corresponding to the nth peak, the numerical derivative of
the current dly,, is calculated. A value of d/ly,, , is then assigned to each detected
Coulomb peak by taking the maximum value of dfy,, within Vet and Veruright,n-

A weighted average over distances between identified Coulomb peaks is calculated

as

Npeaksfl

AV}] ~ Z wn(|VST:mid,n+1 - VST:mid,n+1|)a (65)

n=1

where the weights w,, are produced using kernel density estimation (with a Gaussian
kernel and bandwidth of 3 mV). This weights assign a low likelihood to anomalously
large values of AV, arising due to peak detection errors.

The peaks sensitivity scores ¢,,, are then calculated using dly,, , and AV,.
The number of detected Coulomb peaks which satisfy the sensitivity condition
are returned as Ngooq. After scoring and counting investigation is stopped and

the sampler proposes a new unit vector u.
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6.2.5 Sampling stage

The algorithm iterates between investigating the device and generating a new
candidate u (in a similar way to the algorithm presented in chapter 4). The
sampler in this chapter biases sampling to improve the rate at which Coulomb
peaks that satisfy the condition g, < gm thresh are found. In order to achieve this
the strategy from Chapter 4 is employed; device behavior is modelled and the

resulting models are used for sampling.

Modelling the device

At a given iteration 7 the investigation stage produces a set of results Y; =
(72,4, Ngood,i), Where ro; is the distance from the origin found by the hypersurface
search and Ngooq,; is an integer denoting the number of Coulomb peaks found that
satisfy the sensitivity criterion. All information gathered until iteration i is stored
as Y1, = (Y;)j=1,..; along with all proposed unit vectors Xy, = (u;);=1,. ;-

At the end of a given iteration i, the sampler models the device using a set
of models P = {j(73]u), p(Ngooa/u)}. Given an input X, these models predict
outputs of the investigation stage Y = {7, Ngood} by using Yi.; and X.; as training
data. The variables in Y are the same than those in Y;, with hats denoting that
such variables represent predictions.

Both models in P are Gaussian process regression models. The first model
predicts the hypersurface location and the second predicts the number of Coulomb
peaks that will satisfy the sensitivity criterion. Both models use a Matern52 kernel
and are initialised with a prior mean of 2.0 and 1.0 respectively. All other kernel
hyperparameters like length scales and variances are periodically updated using MAP.
Note that during the reproducibility experiment (section 6.2.8) hyperparameters
were shared between runs. This has the effect of including an informative prior
for MAP. Such an informative prior can easily be recreated by setting reasonable
maximum and minimum values to bound the MAP optimisation. I demonstrated

how this can be achieved in appendix .12.
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Sampling using the device models

The sampler starts out in an initialisation stage lasting for 30 iterations. In this
initialisation stage models are not used for generating candidate unit vectors, unlike
in section 4.6.2. In this case, unit vectors are sampled uniformly from a unit
hyper-sphere. After the initialisation stage, the sampler aims to generate those
u associated with large values of Ngood, while occasionally exploring regions with
comparatively low values of Ngood. The sampler excludes regions of gate voltage
space for which Ngood = 0.

The Brownian motion approach detailed in section 4.6.2 is used to generate
uniform candidate locations on the hypersurface. Each candidate location on
the hypersurface is assigned a weight proportional to the value figo0qu Where
P(Ngood|) = N (lgood.u; Oapodu)- This weighting condition is effectively equivalent
to aiming to draw uniform samples from p(S, N|gm < gm.thresh = I7ue). This has
a similar effect to that of the Thompson sampling approach used in chapter 4.
The variable S represents the hypersurface and it is the same as that defined in
section 4.3. The variable N is categorical, selecting from Coulomb peaks found

for those s € S. That is to say that N = 2 for a given s € S selects the second

peak found when searching for Coulomb peaks from s.

6.2.6 Unstructured point-sets

The output of the algorithm is an unstructured set of M samples Xi.),. Each

sample x; € Xi.); has associated properties

di = {rl,ia 2.4, g;n@l;Nia Upoints,i,l:Ni} (66)

and the set of all properties is Dy.py = {d;}i=1,. m. For iteration i, the data
that d; contains is the following: r;;, the radius found by the binary search, rg;,
the radius found by the combined binary search and linear search, gm;;.n, =
i, and Vpoints;i1:N; = {Vpoints,inin=1,..N;, all locations in gate voltage space for all

N Coulomb peaks in iteration i.
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Figure 6.4: Point sets obtained. a Hypersurface point set (vgyf) represented as a
scatter plot. b Coulomb peak point set (vpeak) represented as a scatter plot. ¢ Sensitive
Coulomb peak point set (vsensitive) represented as a scatter plot.

Using Xi.ps and Dy.pr I can produce three point sets; all points on the surface,

Vsurt = {Vsurf,i}i=1,...,M7 where Vsurf,i = T2,;U; + 0; (67)

all locations in gate voltage space identified as Coulomb peaks

=

S
Il
—

Upeak = Upoints,i,1:N; 5 (68)

and all locations in gate voltage space identified as Coulomb peaks that are bellow

the sensitivity threshold

M
Usensitive = U{Upoints,i,n; (g:nz,n < 5gm,thresh)}n:1,...,Ni- (69)
i=1

The algorithm was run for M = 250 iterations and a scoring threshold of
0.33 nA~! in order to gather X;.p; and Dy.j;. I then used these to compute point
SetS Usurf, Upeaks aNd Ugensitive- Figure 6.4 shows the resulting point sets. A cube like
hypersurface, similar to that shown in section 4.2, is observed. Samples are clearly
biased along one edge of the hypersurface. This edge belongs to the intersecting
pinch-off planes produced by Vi g and Vig. Coulomb peaks found, the majority of

which satisfying the scoring threshold, form a large connected volume.
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Figure 6.5: Extracted volumes. a Hypersurface generated for the point set vyt from
Fig. 6.4a. This hypersurface was obtained by training a Gaussian process model to predict
p(72Ju) and applying marching cubes to the model. The colour map displays the GP’s
uncertainty in its prediction of r across the hypersurface. b Alpha-shape generated for
Upeak from Fig. 6.4b. ¢ Alpha-shape generated for veensitive from Fig. 6.4c.

6.2.7 Alpha-shapes for volume reconstruction

The point sets acquired in the previous section are difficult to interpret. I propose a
methodology to convert them into an approximate volume based on alpha-shapes.

An alpha-shape [95] is a generalisation of a convex hull. Tt is a set of piece-wise
simple curves that is defined by a parameter a and a point set. If &« = 0 then
the alpha shape that is produced by a given point set is a convex hull. An alpha-
shape can be used as a method which, by considering the distance é, allows us
to determine whether two points belong to the same volume.

Figure 6.5 shows the volumes predictions extracted with this approach for the
point sets displayed in Fig. 6.4. In this case, « = 10. Volumes appear to be subsets
of each other with the sensitive peak volume being the smallest volume. Both
the the peak and sensitive peak volumes are elongated indicating they are less
influenced by Vg then Vgzp or Vi g. The hypersurface Figure 6.5a was not obtained
using an alpha-shape, but by training a Gaussian process to predict p(7z|u) and
applying the marching cubes algorithm like detailed in (similar to section 4.2 but

with the Gaussian process in place of the three dimensional grid scan).
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Figure 6.6: Rate of Coulomb peak acquisition. a Number of Coulomb peaks
identified as a function of the number of iterations for 10 algorithm runs (grey lines).
The average performance is indicated with a green line. The performance of the baseline
method, Initialisation only, is displayed in red. b Number of high-sensitivity Coulomb
peaks identified as a function of the number of iterations for 10 algorithm runs (grey
lines). The average performance is indicated with a green line. The performance of the
baseline method, Initialisation only, is displayed in red.

6.2.8 Reproducibility

To examine the reproducibility of the algorithm, it was run nine times. For each
run, samples Xi.;; are investigated and data D;.,; is stored. I examine the resulting
Xi. and Dy, for each run. Figure 6.6 shows the rate at which Coulomb peaks
are identified, as well as the rate at which high-sensitivity Coulomb peaks are
found, for all ten runs. The average performance is indicated. Figure 6.6 also
shows the rate of Coulomb peaks identified with a baseline algorithm Initialisation
only, for which the sampler remains in the initialisation state, i.e. unit vectors
are always sampled from a unit hyper-sphere. The Bayesian statistics approach
used in section 4.9.2 (without considering multiple labellers), can be employed to
estimate the number of iterations expected to take place between the identification
of two Coulomb peaks. I found that 0.082 (0.081,0.083) of an iteration is expected
between the identification of two Coulomb peaks and 0.119, (0.118,0.120) of an
iteration is expected between high-sensitivity Coulomb peaks. The Initialisation only
implementation performs worse with corresponding values of 0.455, (0.441,0.470)

and 0.872, (0.834,0.910), respectively.
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Figure 6.7: Reproducibility of sensitive volumes. Alpha-shapes obtained for nine
algorithm runs. Axes are the same in all the plots displayed.

The nine volumes obtained using the approach detailed in section 6.2.7 for
a = 10 are plotted in Fig. 6.7. Even though only 250 iterations of the algorithm
are considered, the volumes obtained have a similar size and are approximately co-
located in gate voltage space. To verify that learned volumes are similar, I investigate
the volume overlap to estimate a classification accuracy thereby measuring the
similarity between volumes. Samples of gate voltage values inside a given volume
are generated uniformly from inside one alpha-shape model and classified using a
second alpha-shape model to check if the sample is inside both volumes. Doing
this for all nine volumes and pairings produces a 9 x 9 matrix of accuracy values
displayed in Fig. 6.8. The average value of off-diagonal elements is 0.865, with a

standard deviation of 0.093. I thus conclude that volumes overlap significantly.
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Figure 6.8: Sensitivity volume overlap. Classification accuracy matrix obtained
for samples gate voltage values inside a given volume drawn uniformly from inside the
alpha-shape model trained with data from run 4, and classified by the alpha-shape model
trained with data from run j.

High-accuracy and low-accuracy values are randomly distributed in the accuracy
matrix, indicating that errors are not systematic. The exception is run 1, which
predicts a comparatively small volume. The average volume predicted by the

models is 0.00271 V3 with a standard deviation of 0.00034.

6.3 Discussion

I demonstrate that tools used for a different purpose in the experiments described in
Chapter 4 can be used to quantify device variability and characterise the sensitivity

of a charge sensor. I show that uniform search can be designed to target efficient
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acquisition of specific point sets. Post-processing methods can be applied to point
sets to quantify device variability and charge sensor performance. I develop two
post-processing methods: point set registration for learning device variability and
alpha shapes for learning the volume in which a sensor device is considered operable.
These methods will be most useful for improving fabrication and device design
processes through the quantification of performance/variability in large batch’s
of similar or nominally identical devices.

Future work can extend on this by incorporating additional experiments in the
investigation stage to improve characterisation. A step that characterises charge

noise could be included to improve the sensitivity estimate presented in section 6.2.2.



Automatic fine tuning of a quantum device

In this chapter I demonstrate how modern machine learning methods can be utilised
to produce score metrics for tasks such as device fine tuning. The focus is on gener-

ating a scoring metric for transport features, with very little labelled training data.

7.1 The device

The device used for the experiments described in this chapter is the same as Device
1 from section 4.1, displayed in Fig. 4.1. Gate electrodes V; to Vg are used to define

and control the confinement potential. V},,s drives a current I through the device.

7.2 Algorithm’s overview

The algorithm presented in this chapter aims to improve transport features already
found through the method discussed in chapter 4. The specific transport features I
aim to improve are bias triangles; small isolated regions of current that appear at the
triple points of the honeycomb patterns detailed in section 1.5.1. These features are
important as they indicate operable points of the device and allow us to characterise
and fine tune the confinement potential. When bias triangles do not appear as
sharp features, as in the lower inset of Fig. 7.1a for example, the device might need

to be fine tuned by modifying the set of gate voltages that had been fixed.

121
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Figure 7.1: Algorithm overview a A current map showing a honeycomb pattern. A
pair of bias triangles is highlighted. Inset shows a zoom in of the pair of bias triangles
before and after application of the algorithm. b Flow diagram of the algorithm.

Figure 7.1b illustrates the algorithm’s overview. The algorithm assigns a score
to a current map containing bias triangles, then a simple greedy optimiser proposes
a new set of gate voltages to explore. To keep bias triangles from drifting outside
of the gate voltage window, they are tracked and centered. Bias triangles, and in
particular the characteristics that need to be fine tuned, are not easy to parametrise
and thus cannot be easily optimised. All the current maps in this chapter are

acquired via grid scanning (section 1.8.1).

7.3 Scoring bias triangles via embedding and dis-
tance metric

The score function used learns a low dimensional embedding in a latent space. Every
current map measured can be mapped into this low dimensional space. The goal
is to learn a mapping for which the local neighborhood of an embedded current
map is occupied by current maps that are contextually similar. For this purpose,
a Variation Autoencoder (VAE) [75] is used. The final score uses current maps

labelled by human as ‘ideal’ to compute distances in this low dimensional space.
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Figure 7.2: The latent space. A two dimensional representation of the trained latent
space. Training examples are embedded into the 10 dimensional latent space z using the
encoder gy(z|x). The set of all 10 dimensional latent vectors are further embedded into

two dimensions, producing vectors w. This is achieved by using the t-SNE algorithm.
Each current map is plotted in the location it is embedded. Inset: VAE diagram.

7.3.1 Low dimensional embedding via VAE

The VAE consists of an encoder and decoder, which are probability distributions
whose distribution parameters are computed by convolutional neural networks [75]
(CNN). The encoder g,(z|x) maps input data x to a low-dimensional latent vector z
which is real-valued. The decoder py(x|z) maps a latent vector to a reconstruction
X. The parameters of the encoder and the decoder CNN’s are ¢ and @, respectively.

The VAE is a generative model, it seeks to preserve the information during the
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encoding process so that input data can be reconstructed with minimal error during
the decoding process. During a training phase, ¢ and 6 are iteratively updated
to minimise a loss function. The loss function is given by a reconstruction error
L., which penalises the networks for producing reconstructions that are dissimilar
from the input data, and a regularisation term L,.,, which enforces input data
with similar characteristics to be encoded in close proximity in latent space. The
reconstruction error and the regularisation term have weights a and 3, respectively.

We thus express L,.. and L., as:

E’rec = _aEq¢(z|x) [lOg (p9 (X|Z))] (71)
Lreg = BDkr (45 (2[x) [Ip (2)) (7.2)
I use Factor-VAE [90], an adaption of VAE that seeks to generate a latent

space in which each dimension corresponds to a unique characteristic of the input
data. The Factor-VAE framework assumes that there are underlying independent
characteristics or factors associated with the data. This assumption is referred to
as disentanglement. If factors are fully disentangled, each can be identified with
a dimension in the latent space. By using a Factor-VAE, the aim is to generate a
latent space in which each dimension is associated with a single characteristic of
the bias triangles, such as size or brightness. In this way, the distance in latent
space to a target location results a good metric to score new current maps.
Factor-VAE includes an additional loss term, the correlation loss. The corre-
lation loss encourages the distribution of embeddings g¢4(z) to be disentangled.

It is given by:

/CFactor—VAE = ‘Crec + /Creg + VDKL(q¢>(Z)HHjQ¢(Zj))7 (73)

where the total correlation term is given by Dixr(¢s(2)[|] [;94(2)), the Kullback-
Leibler divergence between the distribution of embeddings ¢4(z) and the product of

the distribution of embedding components [ [;¢4(z;), with the index j corresponding
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to the jth latent space dimension. Note that the distribution of embeddings is
given by g4(z), whereas g4(z;) describes the distribution of a single embedding
dimension z;. The total correlation loss term has a weight v. Since this term
is intractable, it is estimated using a discriminator D(z). The discriminator is
trained to classify between non-factorial and factorial samples, i.e. if the input
is a sample from g4(z) or a sample from [];q4(z).

The training set for the Factor-VAE was collected from a device which differs
considerably from the device used to demonstrate the algorithm, evidencing the
algorithm’s general applicability. The VAE was trained using 2253 sets of bias trian-
gles measured in a double quantum dot defined in a Ge/Si core-shell nanowire [10,

]. This device is similar to the devices described in section 5.1.2). Simple
data augmentation techniques were applied to further improve the training set.
Augmentation included rotation, mirroring, Gaussian noise and random contrast,
resulting in a total training set of 8732 stability diagrams of pixel resolution 32
x 32. The dimension of the latent space was set to 10, as in Ref. [96], given the
similar structure of input data. Optimal VAE performance, was found empirically
for a = 34, =1 and v = 1.

Figure 7.2 shows training data plotted in the latent space of the trained VAE.
The visualisation is produced using t-SNE [97] in order to achieve the further
dimensionality reduction required to plot a 10 dimensional latent space in a 2
dimensional representation. Clusters of similar current maps can be observed in
this representation. For example, faint bias triangles or even no bias triangles

can be observed in the upper right corner.

7.3.2 Scoring via distance metric

The score metric used by the algorithm is given by the distance between the latent
space representation z of an input current map and the latent space representation
of a set of target inputs Z = {z;};-1, . A current map acquired by the algorithm
is assigned a low VAE score if its representation in latent space is near to the targets

in latent space. As a result, bias triangles that are assigned a low score possess
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Figure 7.3: Selected targets All 30 target bias triangles selected from the training
dataset before augmentation. These current maps are plotted as a function of V3 and V5
with independent colour scales from blue (minimum current) to red (maximum current).

similar characteristics to the target bias triangles. Target bias triangles are chosen
from the unaugmented training set by a human expert who recognises in these
triangles characteristics indicative of favourable quantum dot parameters (Fig. 7.3).
Targets are augmented using the same augmentation techniques as described in 7.3.1.
30 targets (before augmentation) were selected, and after augmentation we have
360 targets which were used for scoring. The embedding locations of example
current maps and a target is indicated in Fig. 7.4.

The score for a given iteration ¢ of the algorithm is .S;. In iteration ¢, a current
map is acquired and embedded, producing a latent vector z;. The output of
the encoder is trained to follow a multivariate Gaussian with diagonal covariance
structure: qy(z|x) = N(z;p, diag(c?)), where the mean p and variance o? are
outputs of the encoder. The embedding of z is normally distributed. The

expectation value of the squared distance between two independent embedding

distributions is given by:

d(zi,2)) = El|zi = 2" = l|ta, — 3, |I* + 0., + 03, (7.4)
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Figure 7.4: Scoring using the embedding. It is expected that embeddings which are
close to each other in latent space are generated by input data with similar characteristics.
Test example 1, with similar characteristics to the target, can be found in close proximity
to the target, whereas test example 2 is further away in latent space. The target and
example current plots are a function of V3 and V7 and use a colour scale running from
red, the highest current measured, to blue, the lowest current.

For each input current map embedded in latent space, z;, 7.4 is used to determine
the distance in latent space to target input z; € Z. The final score S; consists of
the average of the distance to its k nearest targets:
| B

Si=1 > d(zi,z)), (7.5)
where A, c Z is the set of k targets closest to z; according to the metric defined in
Eq. 7.4. Optimal tuning corresponds to a low score. It was found that for k = 3,
the score metric produced a robust ranking of training inputs.

To demonstrate the score measures ability to rank bias triangles in order of
quality it was applied to the withheld data set. Figure 7.5 displays the ranking
of a randomly sampled subset. The observed ranking is in very good agreement
with human preference. Bias triangles that are well defined and display desirable
features such as excited states are assigned the lowest S; while poorly defined, or

faint bias triangles are assigned the highest values.
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Figure 7.5: Ranking of withheld data using distance measure Ten randomly
sampled bias triangles are plotted in order of increasing distance S; with values displayed.

7.4 Greedy optimisation algorithm

The optimisation algorithm adjusts the gate voltage settings so that new gate voltage
configurations can be measured and scored. The decision model is illustrated in
Fig. 7.6. In each iteration, one gate electrode is selected at random, and the voltage
applied to this electrode is modified by a fixed amount +AV. Therefore, the
algorithm chooses between a number of gate voltage branches equal to twice the
number of gate electrodes to be tuned minus one, as branches that lead to the
reversal of the latest accepted gate voltage change are excluded. AV = 2 mV is
chosen based on human experience in tuning similar devices. After centering and
acquiring a high resolution grid scan of the resulting bias triangles, the value of .S;
determines the algorithm’s decision. If \S; is lower than the previous best (lowest)
scored bias triangles, the gate voltage change is accepted, leading to a new gate
voltage configuration N, ;. Conversely, if S; is higher, the gate voltage change is
rejected and the gate voltage setting returns to its previous configuration. In this
case, the rejected gate voltage change will be excluded in the random selection of
the next iteration. It is possible that all gate voltage branches become depleted,
in which case the decision model returns to a previously accepted gate voltage

configuration with unexplored branches.

7.5 Experimental optimisation of bias triangles

The algorithm is tested on different bias triangles measured on the device. Grid scans

are performed as a function of barrier gate voltages V3 and V7, which are adjusted
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a Gate voltages accepted

Figure 7.6: Overview of the decision model. The node N; represents the best
scored gate voltage configuration obtained after a number of algorithm iterations. The
branched arrows represent different gate voltage adjustment options; +AV for every gate
electrode. In this case, 5 gate voltage branches are considered as 3 gate electrodes are
used for fine-tuning. a Score S; corresponding to a new configuration N;,1 is lower than
at Nj, so the gate voltage change is accepted. For N;,i, a new random gate voltage
branch is selected and explored. b Score S; corresponding to a new configuration Nj; 1 is
higher than at N;, so the gate voltage change is rejected. For N;, one of the remaining
gate voltage branches is randomly selected and explored. c If all possible gate voltage
configurations are rejected the algorithm returns to the closest previously accepted gate
voltage node that has unexplored branches.

during the centering of bias triangles in the current map. The gate voltages tuned
by the algorithm are Vi, V5 and Vg. For simplicity, gate voltages Vy, V5 and Vg are
fixed. Their effect on bias triangles were observed to be weak. All measured current
maps are normalised with respect to the minimum and maximum current values
measured during coarse tuning to the double quantum dot regime, achieved with the
algorithm from chapter 4. Fig. 7.7, shows fine-tuning of four different bias triangles.

In cases 1 to 3, the initial bias triangles lack a well-defined shape, indicative
of small inter-dot tunnel coupling [98]. Pronounced co-tunnelling lines, which are

denotative of second-order transport processes, are observed. As the fine-tuning
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Figure 7.7: Experimental demonstration of the algorithm. The first column
shows four different pairs of bias triangles before the algorithm was run. Each row displays
each of these bias triangles at selected iterations of the algorithm. For all these iterations,
the applied gate voltage change led to a decrease in score S;. All measurements were
performed with Vp;,s = 0.2 mV. The current maps were measured as a function of barrier
gates Vs and V7, while gate voltages V1, V5 and Vg were tuned by the algorithm.

progresses, the bias triangles separate from each other and acquire a sharper
triangular shape. Co-tunnelling currents are also reduced. In the fourth case, the
initial current map shows very faint bias triangles. The algorithm proves capable of
increasing the current flowing through the double quantum dot while preserving
most other bias triangle characteristics.

Figure 7.8a shows .S; as a function of the number of iterations of the algorithm for
cases 1 to 4. Most of the fine-tuning takes place during the first ten iterations. After
this the score does not change significantly. In all cases, the algorithm completes
the fine-tuning within 26 iterations, corresponding to a total tuning time of 36
min. This time is limited by the measurement time.

Fig. 7.8b plots the trajectories in gate voltage space corresponding to each

fine-tuning run of the algorithm. The average distance in gate voltage space
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Iterations

Figure 7.8: Values of the score S; and gate voltage space trajectories during
fine-tuning. a Score S; as a function of the number of algorithm iterations. Solid
lines 1 to 4 correspond to the fine-tuning runs presented in Fig. 7.7. The dashed line
represents a second run of the algorithm for case 2. b Gate voltage space trajectories for
the fine-tuning runs in Fig. 7.7. The starting (final) gate voltage configuration is denoted
by a circle (cross).

between the initial gate voltage configurations is greater than for the final gate
voltage configurations. This suggests that there exists a region in gate voltage space
for which the bias triangles exhibit the most favourable transport characteristics,

regardless of their values of V5 and V7.

7.6 Discussion

I demonstrate a method for producing a score metric for bias triangles using
distances in a low dimensional latent space. The score metric can be applied to
other types of measurements if an appropriate training dataset is available. Only a
small number of target current maps had to be selected by a human operator to
construct the score metric. I shown that this score can be used to locally optimise
double quantum dot parameters in a completely automated manner using a simple
greedy optimiser. The embedding was trained on data obtained from a Ge/Si core-
shell nanowire device and tested on a laterally-defined device in an AlGaAs/GaAs

hetrostructure, showing the method is device agnostic.
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Future work could make use of the reconstructions produced by the encoder
to replace the grid scanning approach with the efficient measurement approach

used in chapter 3.



Automatic tuning and optimisation of spin
qubit readout

I now focus on qubit readout, one of the requirements of the DiVincenzo criteria
(section 1.1). I present a general methodology based on parametric density estimation
to compute the distribution of spin states being probed. I extract the readout fidelity

and show that this approach can be applied to optimise experimental parameters.

VCS: VDD:VDD,1 VDD.Z VDD,3 VDD,4 VDD,5
N N \ I pa v .
Vcs1 o
TN
_Vo,1
Vcs,z\
Vcs,3\
Vo,z
Vo,3

Figure 8.1: Scanning electron micrograph of the device. Dashed white circles show
where quantum dots are expected to form. Gate voltages applied to the device are labelled,
the set of gate voltages Vg predominantly confines and controls the charge sensor, Vpp
predominantly confines and controls the double quantum dot, and Vi contributes to the
contol of the confinement potential.

1533
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8.1 The device

In this chapter, experiments are performed in a double quantum dot defined in a
GaAs/AlGaAs heterostructure (Fig. 8.1). The device, described in more detail in
Ref. [99], allows for on-chip charge sensing; a comparatively large single dot can
be defined in close proximity to the double dot (section 6.2.2).

The charge sensor is defined and controlled by the set of gate voltages Vg =
{Vesas Vose, Ves s} The double quantum dot is defined and controlled by the
set of gate voltages Voo = {Vbpa, Vbp,a2, Vops, Vopa, Vops}.  Additional gates
Vo = {Vo.1, Vo2, Vos} contribute to the control of the confinement potential. Vpp o
and Vppa can be both DC and high-frequency signals, as the respective gate
electrodes are connected to bias tees.

The charge sensor is measured using standard radio frequency reflectomety (rf)
techniques [100]. The rf circuit outputs a voltage value ¢ which can be measured
using a Digital Multi Meter (DMM) or digitiser. The DMM or digitiser acquires
N, samples of ¢ over time 7 and returns their average q.

I set gate voltages Vg to tune the charge sensor to an operable condition in
which changes in the local electrostatic environment are sensed with high sensitivity
(similar considerations to those described in section 6.2.2). The double dot is
tuned to specific charge configurations (n,m), where n is the number of electrons
in the left dot (LD) and m the number of electrons in the right dot (RD). In
order to readout spin states, we tune the double dot to access to the (2,0) - (1,1)

inter-dot transition (Fig. 8.2a).

8.2 Estimating the sensitivity of spin state read-
out

Because the direct measurement of an electron spin is challenging, spin qubit readout
relies on spin-to-charge conversion; spin states are mapped into different charge
states that can be distinguished, for example, with a charge sensor. I focus on

spin qubits encoded in the relative alignment of two electron spins, so the spin
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Figure 8.2: T1 sequence overview a Current map measured by rf charge sensing
showing the (2,0)-(1,1) inter-dot transition. The T1 sequence is indicated with arrows.
Gate voltage locations P1 and P2 are highlighted. b T1 sequence. Wave forms
corresponding to a sequence similar to that indicated in a. C; and Cs are constants
determined after the calibration of the pulse amplitude. This calibration is required due to
the attenuation that the high-frequency signals are subject to in the dilution refrigerator.
c and d Sensor response densities Py (Q) and Ppo (Q) approximated via kernel density
method for N = 8000 runs of the T'1 cycle. A subset of the rf charge sensor measurements
are plotted along the horizontal axis as black ticks. The averaging time was 7 = 10 us.

states considered in this chapter are singlet and triplet states (section 1.7.2). Pauli
spin blockade (PSB) allows for spin-to-charge conversion near the (2,0) - (1,1)
inter-dot transition (Fig. 8.2a). High-frequency pulses of Vpp o and Vpp 4 allow
us to probe this inter-dot transition. Starting from the (1,1) charge configuration
and pulsing gate voltages towards (2,0), it becomes energetically favorable for the
singlet to transition to the (2,0) charge state. The triplet, however, can not make

this transition because of spin selection rules, remaining in the (1,1) configuration.
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After a time ~ 77, the triplet relaxes into the singlet and the transition from the
(1,1) to the (2,0) configuration is then permitted.

The pulse sequence, often called T1 cycle, is illustrated in Fig. 8.2a. It is
defined by the wave forms for Vpp o and Vpp 4 (Fig. 8.2b). These two wave forms
allows us to explore the inter-dot transition in three stages. Starting from the
charge configuration (2,0), in the first stage (U) an electron from LD into the left
reservoir is unloaded. In the second stage (L) an electron is loaded into RD from
the right reservoir. The third and final stage (M) returns the charge configuration
to (2,0). This cycle allows for spin-to-charge conversion; monitoring ¢ during M
would allow us to determine if the spin state is a singlet or a triplet. The entire
pulse sequence can be parametrised with 9 variables.

I performed a T1 cycle N = 8000 times starting from a gate voltage location
Vpp = P indicated in Fig. 8.2a. The result is a set of measurements {g;}i—1._ .
A subset is represented by black ticks in Fig. 8.2c. For a given cycle, these
measurements can correspond either to a singlet or a triplet state. The set of
measurements is thus constituted by independent and identically distributed (iid)
samples from a probability distribution. I refer to this distribution with the random
variable (). From such a set of measurements, ppi(Q) (where ppi(Q) is the density
p(Q) at P1) can be approximated via kernel density estimation. The result is
illustrated in Fig. 8.2c. The bi-modal density indicates that two different charge
states are measured. The distribution is thus the result of the sum of two different
conditional distributions p(Q) = p(Q|S = s)p(S = s) + p(Q|S = t)p(S = t),
where S denotes the state of the qubit. The state s represents a singlet and
the state t represents the triplet.

A T1 cycle starting from a gate voltage location Vpp = P, indicated in Fig. 8.2a
results in a uni-modal density (Fig. 8.2d). As expected, starting the pulse cycle at Py

does not fulfill the charge configuration sequence that allows for spin state readout.
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8.2.1 A parametric density for spin readout

Parametric density estimation offers a method to approximate p(Q) without labelled
measurements. It aims to approximate its components p(Q[S = s) and p(Q|S = t)
as parametric probability distributions which I derive in this section.

A sample ¢ is the average of several measurements ¢; made by the digitizer. g;
is also a sample from an iid distribution which I denote ;. While averaging N

individual measurements are acquired to produce a single measurement, hence
_ 1 Y
Q=M;%7 (8.1)
where each @); is distributed according to

Qj ~ N(pj, 03). (8.2)

The sum of Gaussian random variables is also Gaussian,

1 N, 1 N,
) 1,
C?MM;WM;@- (8.3)

When a singlet is loaded, it remains a singlet for the duration of the averaging time,

and thus for every individual measurement j; and o; are the same, hence

p(QIS = 5) = N(us, 02). (8.4)

When a triplet is loaded, there is a finite probability that the triplet will relax
into the singlet state at any point during the averaging time window. Relaxation

events are randomly distributed according to random variable Tyecay, Where
Tdecay ~ E<)\T1) (85)

E represents the exponential distribution with parameter Ay, = T% that governs
the rate at which relaxation occurs. Relaxation complicates the form of p(Q|S = t).
When the triplet does not decay during the averaging time window (i.e. 7 < Thecay),

every individual measurement p; and o; are the same, hence

QT<Tdecay ~ N(/’l’t7 O-t2) (86)
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Figure 8.3: Theoretical likelihood of Q a Individual components of p(Q|#). The
components of equation 8.10 are plotted individually for us = 1.5, ¢ = 0.5, o2 =0.02,
0?2 =0.02, and Ay, = 20 us. b p(Q|0) as a function of Ar,.

When the triplet relaxes after time ¢; but before time ¢;1 (i.e. t; < Thecay < tj+1),
then p; and o; will change from singlet to triplet and the distribution will be given

by a combination of equations 8.4 and 8.6,

QT>Tdecay ~ N(Oéj,ut + (1 - O[j)/“taﬂ ajglfz + (1 - a])o-g))7 (87)

where

]
a; = N T (8.8)

The probability that ) takes the form of equation 8.6 or equation 8.7 for a
specific value of j is governed by the cumulative distribution function (CDF)
of the exponential distribution. I represent the (CDF) with P(7 < Tiecay) and

P(t; < Tieeay < tj+1), respectively. The distribution for p(Q|S = t) is then

P(QIS =) = N (1, 07) P(T < Taceay) +

Ny—1
D Nl + (1= aj)ps, 507 + (1= ;)02 Pt 1 < Taceay < ;). (8.9)
=1

I refer to the first and second components of equation 8.9 as pT<Tdccay(Q|S =t)
and pr>Tdecay(Q|S = t), respectively.

The parametric form for p(Q) is then

pEM(QW) = wlp(©|5 =s) + w2P7<Tdmy(Q|S =t) + w3P7>Tdemy(Q|S =1), (8.10)
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where the relevant unknown parameters are 6 = {juy, is, 0y, 05, Ay, w1, wo, w3}. The
likelihood of this distribution is plotted in Fig. 8.3. This statistical derivation yields

a similar form to that seen in prior literature [101].

8.2.2 Unsupervised learning via Expectation Maximisation

The parametric density has unknown parameters 6. I now show how 6 can be
learnt efficiently. After a set of measurements {g;};—1,. n are drawn from p(Q), it is
unknown if a measurement ¢; corresponds to a singlet or a triplet. Therefore, the
model cannot be trained in a supervised fashion, i.e. using sets of measurements
and sets of labels. I train the model using an unsupervised approach instead. In
this case, Expectation Maximisation (EM) is commonly used [102]. EM estimates
expected sample membership (the E step) and then tries to maximise the expected
likelihood, (the M step); the E and M steps are performed iteratively.

The function of the model in Eq. 8.10 is similar to that of a Gaussian mixture
model. All weights, wy, ws, and ws, can be optimised separately using the traditional
Gaussian mixture model derivation (see appendix .14). The mean and covariances
can also be estimated in this formalism. All that is required is a way to estimate

Ar,. This could be achieved using an optimiser, but I derive and use an approach

that uses wy and ws in order to speed up computation. Given

w3

P(7 < Tiecay) = (8.11)

)
Wo + W3

it can be shown that

1
o
— w2
Ap = ——22

- (8.12)

This approach yields good performance and is quicker than alternative strategies.

Training the model on the measurements from Fig. 8.2c and d yields the results
displayed in Fig. 8.4a and b. The trained model accurately explains the distribution,
almost completely reproducing the none parametric distribution method. The

model produced by training on the samples at P1 corresponds to T} ~ 28 us.
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Figure 8.4: Parametric density training. a and b Parametric densities trained on

measurements at gate voltage locations P1 and P2. The sensor response density P2(Q)

(Pp1(Q)) in panel a (b), approximated via parametric density estimation, is indicated
with a black dashed line. Solid blue and red curves show the individual components
p(Q|S = s) and p(Q|S = t), respectively. The Kernel density approximations are plotted
as solid green areas for reference.

8.2.3 Validation of model training

To validate the approach I compare it to a commonly used baseline, that of estimating
readout density’s in a supervised fashion using histograms. This baseline is the
standard method for evaluating readout performance and requires labeled training
data. The approach taken is to design two experiments that individually generate
samples from p(Q[S = s) and p(Q|S = t). A set of Nyins histogram bins are created
and samples from the two experiments are used to generate counts for these bins.

In Fig 8.5a and b trained models are displayed after training on samples generated
from simulation. Samples generated from simulation are subjected to various levels
of Gaussian noise. It is evident from Fig 8.5a that the EM method more accurately
recovers the ground truth despite being unsupervised and not having knowledge of
labels. Under high noise both methods struggle to recreate the ground truth.

In Fig 8.5¢ the performance difference between the EM method and the histogram
method is measured for different amounts of noise. This is quantified in two ways.
The first method computes the KL divergence between the ground truth pactual(Q)
and the trained model pmodel(()). The second method computes the predicted

fidelity (according to method in section 8.2.5) and actual fidelity of the ground truth
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Figure 8.5: Testing on a physics model under noise a and b Trained sensor response
data for randomly selected physics model parameters. Green shaded region corresponds
to ground truth, black dashed line corresponds to trained model, blue and red solid lines
represent model components, and ticks represent subset of training data. a displays
trained models with no noisy observations. Left column displays models trained using EM
method and right column displays models extracted using traditional supervised histogram
method Nypi,s = 100. b displays trained models with noisy observations Variance = 0.0079.
Left column displays models trained using EM method and right column displays models
extracted using traditional supervised histogram method Np;,s = 100. ¢ displays training
performance with respect to noise. Solid orange line represents performance of histogram
method, solid blue line represents performance of EM method, both averaged over 300
different random physics models for each variance value.

and computes the absolute error between the two. Both these measures are averaged
across 300 randomly generated ground truths and plotted as a function of variance.
It is seen in Fig 8.5c that for all values of variance the EM method outperforms the
histogram method in both measures of performance. The gap in performance is

observed to grow as a function of variance in the added Gaussian noise.

8.2.4 Readout detection via model selection

A fit for pg(Q|6) can be obtained for any set of measurements regardless of
whether they correspond to the states that we want to probe. In Fig. 8.4b the
distribution of measurements is clearly uni-modal, yet training still attempts to fit
the data. A different model would be more appropriate. To distinguish between
sets of measurements that correspond to different states being probed and those

that do not, I utilise a model selection approach. For each set of measurements
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Figure 8.6: Plot of BIC as a function of EM steps a BICgy and BIC,y; for trained
model in Fig 8.4a. b BICgy and BIC,y; for trained model in Fig 8.4b. Red dashed line
corresponds to BIC,y, solid blue line corresponds to BICgy

{qi}i=1.~ an alternate model is also trained. The alternate model,

palt(QWalt) = N(Ma702>7 (8].3)

is a single component Gaussian where 0,); = {{t4, 0,}. This model captures cases for
which loading fails or the measure point is incorrectly chosen. To select between
models payi (Q|0ar) and peas(Q|6), 1 use a Bayesian information criterion [103] (BIC).

This criterion allows us to rank the model performances and it is defined as:
BICmodel = kmodel InN —2In Lmodeh (814)

where L0401 is the likelihood of a model given the data, and kp,0qe i the number
of parameters fit by EM. Computing the BIC for both models allows us to

compute the evidence,
Evidence = BICEM — BICalt- (815)

An evidence greater then zero suggests that pg M(Q\@) should be selected to explain

the data. This condition allows the detection/classification of operating gate voltage
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Figure 8.7: Optimal classification and fidelity. a Trained sensor response density
components p(Q|S = s) and p(Q|S = t) for gate voltage location P1, with optimal
classification threshold chresh indicated with a black dashed line. Irreducible Bayes error
P. is highlighted in yellow and the area corresponding to the lower bound fidelity is
plotted in the inset (axes are the same as for the main panel). b Fidelity, lower bound,
and Pass for trained models from Fig. 8.4 at gate voltage locations P1 and P2.

locations that can be used for spin readout, such as P1. I use a pass fail criterion

based on this idea which is defined as:

(8.16)

1 Evidence >0
Pass = .
0 FEvidence <0

In Fig 8.6 1 plot the evolution of the BIC criterion with respect to the num-
ber of EM steps.

8.2.5 Distribution overlap and optimal Bayes classification

The readout fidelity is a measure of the ability to distinguish two different quantum
states. A fidelity of 1.0 indicates the two states are distinct, and can be classified
perfectly with no information loss. Conversely, a readout fidelity of 0.0 indicates
states that are indistinguishable from one another.

The fidelity measures described in the literature [23, 104] aim to quantify
the probability of miss-classification using a given classification model. 1 will
refer to this probability of miss-classification as P,. After training a parametric
density with the approach specified in section 8.2.2, it can be used to classify

new measurements. The optimal strategy to minimise errors (assuming a uniform
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prior) is to select the hypothesis with the highest likelihood. This strategy can
be employed using the threshold Quyesn displayed for the P1 case in Fig. 8.7a. If
distributions p(Q|S = s) and p(Q|S = t) overlap, then there exists an irreducible

classification referred to as the Bayes error,
- Jmax{ (QlS 5) (08 — t)} d0. (8.17)
The optimal fidelity is thus
Fidelity=1— P.. (8.18)

This quantity has no analytic form for almost all distributions but can be com-
puted numerically.

Another useful approach to dealing with Bayes error is to place bounds on
it [105]. With this in mind, an upper bound can be set on P, and, subsequently,

a lower bound can be set on the Fidelity,

Fidelity > 1 — ;BC’[p(@S =5),p(Q|S = t)], (8.19)

where BC' is the Bhattacharyya coefficient equal to

Clp@IS = 5).p(@IS = 0] = [ \/p(@S = (@5 =0iQ. (320

This form is intuitive, since the Bhattacharyya coefficient is a f-divergence that
measures the similarity between probability distributions by considering their
overlap. Equation 8.19 can be used as a surrogate objective. In Fig. 8.7a the area
associated with irreducible error P, is highlighted, and the area of the integrand
associated with the lower bound is shown in the inset.

I numerically compute the Fidelity and the lower bound fidelity using Monte
Carlo integration. Importance sampling from p(Q|6) is utilised to reduce the variance
of the estimates. It is found that, at gate voltage location P1, Fidelity ~ 0.924

with a lower bound of Fidelity > 0.818.
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8.2.6 Detection of switches

A uni-modal time varying distribution can appear to be multi-modal due to charge
switches, for example. When considering the density of @, all temporal correlation
between measurements {g;};—1,. n is lost. Switching events will pass the model
selection test defined in section 8.2.4, as they will be well explained by pgas(Q|6).
They will also be assigned a desirable fidelity using the criterion in section 8.2.5.
To improve the reliability of this methodology, I detail a method for detecting
such switching events.

This method uses the model trained in section 8.2.2 to classify measurements
{@i}i=1,. ~. Each measurement is assigned a class membership {Z;},—1 _n. Because
there are two classes that are randomly initialised, these should be drawn uniformly

from a Bernoulli distribution,

p(zlps) = pi(1 —ps)' 7%, (8.21)

where

1 =
sl o=s (8.22)
0 S=t

I can check for abnormalities in the correlation of a distribution by considering how
many times during the set of N measurements {Zz;};,—1__n the condition z;_; # Z; is
true. I call these switching events 'flip events’ and refer to them with the random
variable D;. The probability of a flip event is also distributed according to a
Bernoulli distribution,

2ps(1—p D; =1
p(Dilps) = §< 5) : (8.23)
2w —2ps+1 D; =0

I model the number of flip events observed with a random variable Ng =
Yj—1,..~—1D;. The sum of several Bernoulli trials of equal probability is distributed
according to a binomial distribution which, for large N, approaches a normal

distribution, hence:

p(NS) = B[N - 1,2]7,5'(1 —ps)] ~ N(:upwo-pD)a (8‘24)
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where

tp, = (N = 1)2ps(1 = ps), 0p, = (N = 1)4ps(1 — ps)(1 — ps(1 —ps)).  (8.25)

This provides us with a statistical model of how many times classification labels
are expected to flip. The value ps can be estimated from the trained model
by Monte Carlo integration.

When switch events are present in measurements, the components of the model
from section 8.2.1 capture this time varying behavior instead of the randomly
initialised spin state. Flip events are less frequent in these circumstances. To
detect time varying behavior, I use the CDF of Eq. 8.24 offset by m = 3 times

the standard deviation,
th = P(”s > NS,worst|MpS — MOypg, Ups)- (826)

This offset is set so that, when Ng takes expected values, CDF is ~ 1.0.

8.3 Complete methodology for evaluating readout
fidelity

I have now introduced all components required to evaluate readout fidelities. I now
combine them into a complete methodology following these steps:

1) use a random unload, load, measure pulse sequence to acquire N mea-
surements {q}i—1.. n,

2) train a parametric density on the measurements to produce a model pg M(Q\@)
(alternative models, such as pa (Q)|6ar ), should also be trained on the measurements),

3) compute BIC for all models and compute Pass,

4) compute Bayes error Fidelity or lower bound,
5) compute Flip,
)

6) compute the full fidelity score defined as

Score = Fidelity x Pass x Flip. (8.27)
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This approach is fast and effective. For a given set of experimental parameters,
it can be evaluated in under 1.0 s. The major bottlenecks are the time for data
acquisition and the time for training. Sampling N = 8000 measurements takes

~ 100 ms, and training pea(Q|0) and pa(Q|fa) takes ~ 500ms.

8.4 Optimisation of readout fidelity

Now that I have introduced a methodology for quickly evaluating readout fidelities,

I will demonstrate its application to select optimal experimental parameters.

8.4.1 Optimising the averaging time

Long averaging times 7 allow for better signal-to-noise ratios. However, there
is a limit on how long averaging can take, since triplets might relax and appear
to be indistinguishable from singlets. The time scale of this relaxation process
is given by Ap, = %1 Short 77 times, such as those measured in GaAs devices,
require short averaging times.

To optimise the averaging time, I first apply the pulse sequence displayed in
Fig. 8.2b at gate voltage location P1. The digitiser is set to acquire measurements
during stage M for 49.92 us, at a rate of one measurement every 10 ns. This
sequence is repeated 8000 times, resulting in an array of 4992 x 8000 measurements.

The averaging time can then be optimised by manipulating the measurement
array. By selecting the first I measurements of the array and averaging all selected
measurements along the first axis, an averaging time of 7 = L/100 ps can be
considered. In this way, I produce a set of 8000 measurements which can then be
treated as {q;}i=1,. so00 and subjected to the methodology defined in section 8.3.

In Fig. 8.8a I display the evolution of trained models as a function of 7. After
an initial settling period of 5 us, the variance of modes reduces as a function of
7, but the triplet mode becomes less prominent. By applying the score function
as a function of 7, I observe that the Fidelity quickly rises in the first 10 ps and
then falls slowly. Both the Fidelity and the lower bound metric perform similarly

and predict the similar optima of 10.9 us and 12.3 ps. respectively. This results
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Figure 8.8: Optimising the averaging time. a Trained sensor response densities
p(Q|0) as a function of 7. Example of corresponding models are displayed to the right for
the optimal averaging time 11.6 us (as predicted by Fidelity), and other averaging times;
25.1 pus, and 40.1 pus. b Fidelity score as a function of 7. The optimal value, selected
using Fidelity, is indicated with a dashed green line. The shaded yellow area corresponds
to values of 7 where the other components of the score (Pass, Flip or both Pass and Flip)
return low scores.

suggest that the lower bound can be a good surrogate for the Fidelity when the

Bayes error is too hard to compute.

8.5 Discussion

I introduced a methodology for estimating the fidelity of spin readout. I demon-
strated how a load and measure sequence can be distilled into a parametric
probability density, and I showed how this density can be trained directly from
measurements. Such training does not require labelled observations. The spin
readout performance can then be captured using model selection. The effect of charge
switches can be detected by considering the correlation of random observations. I
showed that the readout fidelity can be quantified from the models produced using
Bayes error. This approach is shown to be fast and effective.

I then demonstrate that this methodology can be applied to achieve an improved
readout performance. Because of the relatively high readout fidelity that I obtained
and the position of the gate voltage location P1 with respect to the inter-dot
transition, it is possible that I might have observed latched readout [106]. However,

the observed fidelity is still far from the level required for fault tolerant error
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correction. Multiple avenues can be explored to realise this. The signal to noise
ratio of the readout could be increased by improving the tuning of the charge
sensor, improving the tuning of the reflectometry, or by amplifying the signal
with a low noise amplifier; an order of magnitude improvement in signal to noise
ratio would be required. The relaxation time could be increased by moving to
an alternative material system or by adjusting device tuning [107]; an order of
magnitude improvement in 77 would be required.

Finally, I optimised the averaging time via a simple grid scan. This work is

ongoing but these promising results indicate the potential of this approach.



Conclusion

I reflect on the core question this thesis addresses; ‘Can we develop general purpose,
automated strategies for quantum device control that work in real devices?”. Put
simply, we can. This thesis has demonstrated that this is possible by identifying
multiple novel algorithms and by taking every opportunity to run them on real
devices. Of course, this question was not answered in one step. To arrive at
this conclusion a number of challenges had to be addressed individually, for
example, the ability to perform efficient measurements, automatic tuning, and
device characterisation. I will now briefly summarise the journey I went on to
address these challenges. Although the core question of this thesis has been answered,
there is still much work left to be done, so I will also discuss future directions of
this work that I believe should be built upon.

Efficient measurements of quantum devices - the outcome of this work contributes
a framework that leverages active learning to improve on the common grid scanning
method. It is shown to perform well for multiple different measurements for which
grid scans see use, demonstrating its broad applicability. This work also develops
the idea of using deep generative models to reconstruct unseen measurements.
Finally, this work provides a methodology for bench-marking the performance of
the resulting framework. This method can be used when training data is available

under the limitation that the distribution of the training data is similar to that of

150
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measurements that it is applied to. Another significant limitation is the approach
is limited to making measurements in a two dimensional experimental design space,
future work should try to generalise the approach to experimental design spaces
with an arbitrary number of dimensions. This could be achieved using a physics
model for G and an alternate strategy for optimising the acquisition function.

Automatic coarse tuning of quantum devices - this work provides insights on the
structure of the gate voltage space defined by semiconductor quantum devices, and
develops the concept of device hypersurface. The algorithm that resulted from this
work demonstrates human-level performance (and often the performance is better
than that of humans) in the task of tuning different semiconductor devices based
on different material systems. The algorithm is a combination of multiple ideas. It
uses the idea of searching for transport features near to the hypersurface instead
of searching the full gate voltage space. Also, the algorithm treats the search as a
multi armed bandit problem. The algorithm was extensively tested to validate all
design choices. I developed a methodology for bench-marking the performance of
this algorithm or any other search based method. Currently this method is limited
to making measurements in transport current on small scale devices. Future work
should focus on making measurements in charge sensing and adapting the approach
to larger scale devices like arrays of many quantum dots.

Methods for characterising device variability - this work further builds on the
concepts developed for the automatic tuning algorithm by showing that they can be
reapplied to other challenges. I developed the idea of applying point set registration
to measurements of the hypersurface in order to characterise the variability between
devices. I was also able to define a volume in parameter space in which a SET is
operable and to quantify its size and structure. This method inherits limitations
from the automatic coarse tuning algorithm.

Automatic fine tuning of a quantum device - this work developed a methodology
for scoring measurements using a distance metric and a small number of target
measurements. This algorithm was demonstrated experimentally by using a simple

optimiser to improve the quality of double quantum dot transport features, in
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particular, bias triangles. The optimiser used is simplistic and susceptible to
getting stuck in local minima. This could easily be improved by using an alternate
optimiser such as Bayesian optimisation.

Automatic tuning and optimisation of spin qubit readout - I developed a
methodology for evaluating qubit readout fidelities. The main outcome of this work
is the unsupervised training of a parametric readout density that can be used to
optimise the readout fidelities of singlet triplet qubits. This methodology is verified
by demonstrating that it can be used to select experimental parameters that improve
such readout fidelities. This method is limited to simple optimisation routines based
off grid scanning. Future work should focus on intelligently optimising experimental
parameters according to measured readout fidelity. This could be achieved through
the use of techniques like Bayesian optimisation.

This work has made multiple contributions to the use of machine learning for
quantum device control. The clearest contribution of this work in the context of
the current literature is the focus on using machine learning methods for making
decisions and on the general applicability of the algorithms. In prior work, decisions
relied on simple optimisation methods and heuristics. This thesis identifies two
decision frameworks that fit naturally into the problem of quantum device tuning;
active learning (Chapter 3) and multi-armed bandits (Chapter 4, Chapter 5, Chapter
6). These frameworks, being well established, allow for the identification of powerful
abstractions that contribute to the algorithm’s general applicability. Of particular
surprise is the effectiveness and adaptability of the algorithm presented in Chapter
4, which was adapted to solve different challenges in Chapter 6. At time of writing
this, the algorithm is publicly available under the name AutoDot and sees regular
use in other laboratories around the world.

With this in mind, I now reflect on the future directions of this work in the field
of semiconductor spin qubits. It takes years to train an experienced experimentalist,
and even they can spend weeks or even months tuning a device into operation. A
more efficient method is definitely needed to enable the development of a scalable

quantum computer. As is evidenced by this thesis, the automation of spin qubit
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control is possible, but it is a challenging task; it requires the development of
bespoke machine learning approaches. A secondary issue that is becoming apparent
is the stabilisation of devices - once a device has been tuned into an operable regime
its operability must be maintained. Devices often need daily re-tuning. Future work
should investigate the applicability of machine learning approaches to this task.
The algorithms and methods developed in this thesis provide a major leap
towards developing general purpose automated strategies for quantum device

control that work in real devices.
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.1 CVAE architecture

The structure of the of the convolutional neural networks used in the CVAE
of chapter 3 is described in Tables 1, 2, and 3. The exponential linear unit is
applied after each layer except the final layer of the encoder, decoder, and the
discriminator. Batch normalisation is applied after all convolution layers except
as separately described. The first and second number in parentheses of the layer

names indicate kernel size and stride.

Layer name output size
Initial 128x128x1
Conv(5,2) 64x64x64
Max pooling(3,2)  32x32x64
Conv(3,1) 32x32x128
Conv(3,2) 16x16x128
Conv(3,1) 16x16x128
Conv(3,2) 8x8x128
Conv(3,1) 8x8x128
Conv(3,2) 4x4x128
Fully connected 200

Table 1: Specification of the encoder.



Layer name output size
Initial 1x1x(100+64)
Conv’(3,2) 2x2x1,024
Conv(3,1) 2x2x1,024
Conv’(3,2) 4x4x512
Conv(3,1) 4x4x512
Conv’(3,2) 8x8x256
Conv(3,1) 8x8x256
Conv’(3,2) 16x16x128
Conv(3,1) 16x16x128
Conv’(3,2) 32x32x64
Conv(3,1) 32x32x64
Conv’(3,2) 64x64x64
Conv(3,1) 64x64x64
Conv’(3,2) 128x128x32
Conv(3,1) 128x128x32
Conv(1,1,tanh) 128x128x1

Table 2: Specification of the decoder.

Layer name output size remark
Initial 128x128x1

Conv(5,2) 64x64x64 context loss
Conv(3,1) 64x64x128 No BN
Conv(3,2) 32x32x128  context loss
Conv(3,1) 32x32x128 No BN
Conv(3,2) 16x16x128 context loss
Conv(3,1) 16x16x128 No BN
Conv(3,2) 8x8x128 context loss
Conv(3,1) 8x8x128 No BN
Conv(3,2) 4x4x128 context loss
Global average pooling 1x1x128 context loss
Fully connected 2
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Table 3: Specification of the discriminator. In remarks, NO BN indicates that batch
normalisation is not applied to the layer, and context loss indicates that the layer is used
to calculate the context loss.
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.2 Applying BALD to a CVAE

I derive how the BALD criteria in equation 3.3 can be applied to the CVAE from
chapter 3. For brevity I use the definition p(.) = p(.|Y;) and imply the condition

Tpi1 With the presence of y,.1:

HKL@Aﬂ%HﬂW%@D]=J

Yn+1

Pr(Yn+1) f

z

Prn\Z|Yn+1
pn(zyyn-&-l) lOg (m> dZdyn-i-l
Pn(2)
(1)
As mentioned in section 3.5 the continuous distribution is approximated as a
discrete distribution p,(z) ~ P,(m). Let n, denote the iteration when sampling
1

was performed, when n = n, samples are uniform so for a given m, P, (m) = ;.

When n > n, the distribution P, is directly updated with new measurements hence

Y )| Yim) .
P,(m,ns) = P(Yns +1im) [ Vi, . We can also approximate
TL( ’ S) Zmp(yv(ns-%—l:n)‘)/’m) pp

paliner) = | palonssle)p(a)dz = 3 Pm)plyn ) @)

The value of §,, at x,,1 can be used for y,,1. Using this equation 1 can be
approximated giving

2 Pa(m) K L(Poa (m)|| P (m)) + ¢, (3)

m

where ¢ is an arbitrary constant.

.3 Noisy reconstructions

For the real time estimates of r(n), the number of reconstructions is augmented
up to 3,000 by adding different noise patterns that are present in typical measured
current maps. For the estimation of 7,,(n), a single reconstruction Y, is augmented

to 30 noisy reconstructions:

A A

Yo jsnr(X) = Vi (X) + amjsne x E(x) forall xin X,

where &; = {(x,€l)|x € X} is a noise profile with index j, X is a set of all gate
voltage pairs in a two dimensional domain, and «,, ;snr is a multiplier that sets

the signal-to-noise ratio SNR, where the signal is Y;, and the noise is &;. The noise
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profiles characterised correspond to 10 gate voltage ranges close to the Coulomb
diamond regime and for which the current is suppressed. SNR is chosen from
{202, 402,80%}, i.e. high, medium, and low noise. This increase in the variability of

the reconstructions is needed to avoid an overconfident estimation of r(n).

.4 Applying BALD to a physics model

I derive how the BALD criteria in equation 3.3 can be applied to the physics
model from chapter 3. For brevity I use the definition p(.) = p(.|Y;,) and imply the
condition x,,; with the presence of y,,1. It can be show that:

E [KL(pa(2[yni1)llPn(2))] = ELKL(Pa(Yns112)[[Pn(Yni1))] (4)

Yn+1

Taking y,,+1 to be the output of the model at x,,, it follows that:

p(yn+1|z = Zm) = N(QnJrl(ZmaXnJrl)u 02)7 (5)

and
1
p(yn-H) ~ M ZN(gn-i-l(Zma Xn-i—l)a 02)~ (6)

when p(z) is again approximated by m = 1, ..., M samples from z. Using this the
integral in equation 4 can be approximated with Monte Carlo integration as samples

from Gaussian distributions Gaussian mixtures.

.5 Simple tuner

The simple tuner is a simple methodology to tune tunnel barriers of an electrostat-
ically defined quantum dot when the devices barrier gates are well diagonalised
inputs. The algorithm is not mathematically optimal or ideally formulated. It’s
benefit is it’s simplicity; when in a pinch this algorithm might be the most effective
to apply if you believe your device exhibits a cube like hypersurface.

The algorithm operates on a set of N barrier gates Viaiers = {Vi}iz1,..v and
requires some step size 05, and starting origin og.. The algorithm iterates

between characterising the pinch-off behavior of the gates in Vjauiers and updating
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the location of the origin o in order tune gates Viamiers- The exact algorithm

is detailed in algorithm 1.

Algorithm 1 The Simple tuner algorithm
U — 1(|Voarsiers|) {where 1 is the identity}

O <— Ogtart

while /.(o) > 0 do
p—{}
for ue U do
p, < Search(u, o) {perform a search for the hypersurface}
P<—PUD;
end for

p—oO
Ustep “~ [p_o]

0 « UgepdS + 0
end while

The algorithm uses the same conditions defined in section 4.3. The function
Search can be a linear search like that defined in section 4.5.1 or a binary search
linear search combination like used in section 6.2.4.

Roughly the algorithm can be though of as a methodology for finding the hyper-
corner of a hyper-cube under such ideal conditions 65 actually serves to slow down
the method. However, when the faces of the hyper-cube are not perfectly aligned

with gate unit vectors 6.5 aids the algorithm in converging to the corner.

.6 (Gaussian process specification

For the model of p(r|u) initially there is no prior knowledge, except for the maximum
and minimum gate voltage bounds. Thus the range of r is: 7 € [0, Tpbound] =
[0,+/N x 2 V], where N is the number of gate electrodes. We set the prior
distribution in this range: m,(u) = (Thound)/2; kr(1, 1) = (rpouna)?/4%. This prior
means that rpeuq and 0 will be two standard deviations away from m,.(u).

The probability ppeak(v) can be modelled, by factorising it into two compo-
nents ppeak(v) = ~peak|vahd(v)l5vahd(v), where ﬁvahd(v) is the probability that v
corresponds to a pinch-off location, and not to the boundary of the operable

gate voltages [0,-2] V.
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For all Gaussian process models the Matern 5/2 kernel is used for the prior
covariance. The prior covariance is defined by length scales [, with ¢ = 1,..., N,
setting the smoothness of the model predictions. These length scales are periodically
optimised to the Maximum a posterior (MAP) using gathered data and a prior
gamma distribution. The gamma distribution is set to have mean 0.4, and variance
0.12 for j(r|u); mean 500 and variance 1002 for Ppeaxjvaiia(V); and mean 50, and

variance 20? for Pvahd(v).

.7 Tuning algorithm raw labels

The number of positively labeled current maps from Chapter 4 are provided below
for each labeller. Table 4 contains data from section 4.9.4 and Table 5 contains

data from section 4.9.6.
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Experiment Iterations Time (hr) L1 L2 L3
Devicel, runl 500 8.2 7T 8 7
Devicel, run2 500 9.1 7T 8 6
Devicel, run3 500 8.2 5 4 6
Devicel, run4 500 8.4 5 11 10
Devicel, runb 500 7.7 4 6 4
Device2, runl 500 11.2 2 3 1
Device2, run2 500 11.4 1 6 6
Device2, run3 500 11.2 0o 4 2
Device2, run4 500 11.4 3 9 7
Device2, rund 500 10.5 3 4 5

Device2, Grouped, runl 500 11.1 1219 20

Table 4: Labelling result of the experiments in Section 4.9.4. It shows the number of
samples classified as successes for each labeller.

Experiment Iterations Time (hours) L1 L2 L3

Pure random, runl 1000 6.9 0O 0 O

Pure random, run2 10000 68.9 1 2 1
Uniform surface, runl 500 11.5 0o 1 1

Peak weighting, runl 500 35.3 4 4 2

Full decision, runl 500 15.7 2 6 5

Full decision, run?2 459 16.2 5 3 4

Full decision 4+ grouped gates, runl 500 14.8 7 15 11

Table 5: Labelling result of the experiments in Section 4.9.6. It shows the number of
samples classified as successes for each labeller. The second run of the Full method could
not reach 500 iterations, because the algorithm was interrupted by some external noise.

.8 Thompson sampling for device tuning

The objective of Thompson sampling is to select action k € {1, ..., K} to maximise

the expected reward, action k will be selected with probability
f| [E(r|k:, 0) = max E(r[K, 9)] P(6|D)do, (7)

Where | is an indicator function, D = (X, Y1), and 6 parameterises the distribu-
tion. The reward r is deterministic being either 0 or 1 with » = 1 denoting success,
in our case = 7 which is Bernoulli distributed as the probability of success is
either 1.0, or 0.0 (note this fundamentally differs from the classic Bernoulli bandit

senario where the probability of success takes a value in the domain [0.0, 1.0]).
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In practice Thompson sampling is implemented by sampling parameters 0+ from
p(0|D) and selecting the optimal action according to those. For Chapter 4 this
means sampling 7 from a Gaussian process classification model Ppeak for some set
of points in gate voltage space {sy}r=1,.. x and if a value of # = 1.0 then r = 1
conversely sampling 7 = 0.0 then r = 0. A given action s, will take on a reward
of r = 1 with probability Ppeak(sk) hence the algorithm must weight decisions by
their predicted probability of success Ppeak(sk).

.9 Additional stability diagrams
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Figure 1: Device 1 run 1
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Figure 2: Device 1 run 2
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Figure 3: Device 1 run 3
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Figure 4: Device 1 run 4
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Figure 5: Device 1 run 5
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Figure 6: Device 2 run 1
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.10 VAE architecture

The structure of the of the convolutional neural networks used in the VAE of
chapter 7 is described in Tables 6, 7, and 8. The rectified linear unit (ReLU) is
applied after each layer except those indicated. The first and second number in

parentheses of the layer names indicate kernel size and stride.

Layer name output size
Initial 32x32x1
Conv(4,2) 16x16x32
Conv(4,2) 8x8x64
Conv(4,2) 4x4x64
Fully connected 128
Fully connected 20

Table 6: Specification of the encoder from Chapter 7.
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Layer name output size
Initial 10
Fully connected 128
Fully connected 4Ax4x64
Conv’(4,2) 8x8x64
Conv’(4,2) 16x16x32
Conv’(4,2, Sigmoid) 32x32x1

Table 7: Specification of the decoder from Chapter 7.

Layer name output size
Initial 10
Fully connected 1000
Fully connected 1000
Fully connected 1000
Fully connected 1000
Fully connected 2

Table 8: Specification of the discriminator from Chapter 7.

.11 Additional stability diagrams

Figure 11: FinFET run 1
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Figure 18: FinFET run 8
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Figure 34: Heterostructure run 12



Figure 35: Heterostructure run 13

Figure 36: Heterostructure run 14

Figure 37: Heterostructure run 15
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Figure 38: Nanowire run 1
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Figure 39: Nanowire run 2



183

Figure 40: Nanowire run 3
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Figure 41: Nanowire run 4
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Figure 43: Nanowire run 6
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Figure 45: Nanowire run 8
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Figure 46: Nanowire run 9
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Figure 47: Nanowire run 10
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Figure 48: Nanowire run 11
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Figure 49: Nanowire run 12
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.12 Bounding length scales

Length scales in a Gaussian process govern the degree of correlation between
locations in the input space. Large length scales lead to high correlation over large
distances making the form of the prediction smooth. Conversly small length scales
lead to low correlation over large distances predictions sharper.

Over the gate voltage space a human operator has an informative prior over the
length scales of the operability volume. It should be expected to encompass multiple
charge transitions. Given an estimate for the lever arm and charging energy a lower
bound can be constructed of some n,,;, times coulomb peak spacing; I assume a
spacing of 10 mV in this demonstration. This gives using a value of 2 supplies a
lower bound of Vj,,;, &~ 20 mV. Again, it can be expected that the operable volume
will encompassn.x coulomb peaks. Using a value of 30 supplies a upper bound
of Vimin &~ 300 mV. The Gaussian processes take a unit vector as input so their
length scales apply to the space of unit vectors. If we consider a Gaussian process
with an RBF kernel and aim for a correlation of order 0.01 over stated distances

then the following formula can be used to convert back and forth

V
Lm31/2—2(:osR—“. (8)

R, is an estimate of the average typical distance to the hypersurface, V' is an
estimated length scale in voltage space and L is the length scale in the unit vector

space. This approximation is only valid if » does not change greatly with u.

.13 Coulomb peak classifier

Due to the different types of current noise observed for each of the devices considered,
a robust Coulomb peak detector was required. We thus developed a random forest
based Coulomb peak classifier.

A set of 128-pixel current traces was obtained on different devices to those
for which the algorithm was tested. 6722 current traces were labelled by a single

labeller, from which 553 were labelled as positive (current traces containing Coulomb
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peaks) and the remainder (6169 current traces) were labelled as negative. 553
negative examples were randomly selected from the shuffled 6169 negative examples,
forming a balanced dataset of 1106 current traces. The data was split into a
70/30% train test split. The random forest classifier was trained on were the
normalised current values of each trace at each pixel point, thus each sample
had 128 characteristic features. The classifier relies on the Scikit-learn’s ensemble
RandomForestClassifier package [103]. An accuracy of 84 was achieved. The
random forest classifier was then retested on 1562 current traces from a 5-gate
GeSi heterostructure device and an accuracy of 92 achieved. This high accuracy
contrasts the Coulomb peak detector used in Ref Chapter 4, which achieved an

accuracy of 20% classifying the same traces.

.14 Expectation maximisation function

The function to be optimised if often referred to in literature as a Q function not
to be confused with @ in Chapter 8. I will refer to the function as H to avoid
confusion. If the membership of observations was known then training could be

achieved by considering the likelihood for a mixture model:

N 3
L(6|61:N721:N> = H f] Qn|9 w_] (Zn=7) (9)
n=1j5=1
and it’s log likelihood:
N 3
LL6law, ) = 33 33 Mo = logtuy) + (@] (10

When the latent membership of each observation z, is known 6 can simply be
found by optimising equation 10. To circumvent this expectation maximisation

introduces a function

H(016") = Ezg o0 [LL(6]7. Z)] (11)

The expectation introduces an N x3 matrix T,Etj

T(t) _ w]fJ(QnWJ) (12)

N wifi(@l0))
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Giving a final form for H

H(6]6") = ZZ Mlog(w;) + log(f;(7.16,))] (13)

In the E step the elements of Tn,j are populated for the current estimate of
6. In the M step H is maximised. Because w; appears in its own separate linear

term it can be maximised independently.

(t+1) (t)
w ™ =5 23 T (14)

When f; is d dimensional multivariate Gaussian in form

loa(/,(a1f)) = —3 loa(I%1) — 52— 11,)" ;@ — py) — 5 log(2x) (1)

As p; and ¥, appear in separate linear terms and are quadratic in form

optimisation can be achieved without applying an optimiser. It can be derived that:

t+1)y /= t+1
e _ Zoct T oo _ T T~ 1) o = )"

2 2 i
Zn:l j Zn 1 T( )

The mixture model used in Chapter 8 contains two gaussian components and one

(16)

Gaussian mixture model containing many components. For speed only the weight of
the mixture component is trained in the manner detailed here. Once the parameters
for the next time step are learnt for the gaussian components their parameters are
used to directly update the mixture component as detailed in section 8.2.2. This

is not optimal but is shown to have good performance.
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