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The most beautiful thing we can
experience is the mysterious. It is
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Abstract

Semiconductor quantum computing leverages quantum dots as qubits, where achieving high
qubit fidelity is one essential requirement for scalability. The formation of qubits and associ-
ated sensor dots necessitates meticulous iterative voltage adjustments, a tuning process that
is ordinarily executed manually by researchers. While various automated approaches have
been proposed, only a few address scalability in the context of a system with a million qubits
or consider shifting key data analysis tasks into the cryostat. The latter is necessary to allevi-
ate wiring constraints and to minimize data transmission to room temperature electronics.
This thesis explores scalable solutions for automated in-cryostat data analysis, identifying
charge transition detection as a pivotal task. A simulation model is developed to generate
realistic charge stability diagrams with known ground truth. The model’s output is bench-
marked against experimental data to verify fidelity and diversity.
Utilizing this model, a comprehensive evaluation of charge transition detection methods is
conducted, comparing classical algorithms and a range of machine learning approaches. In
consideration of energy-efficient integration, this study includes an initial investigation into
reducing the complexity of convolutional neural networks. Subsequent to their optimization
using simulated data, the approaches are benchmarked on both simulated and experimental
data from diverse qubit samples. When applied to contemporary data qualities, evidence is
presented that classical approaches are inadequate in terms of robustness and accuracy while
numerous machine learning models demonstrate compelling performance. Among the latter,
convolutional neural networks like U-Net are identified to be particularly eligible due to their
advantageous structure for efficient hardware integration.
Although the U-Net architecture already demonstrates a strong potential for network size
reduction under current data quality constraints, a cryogenic hardware integration remains
a significant challenge. Consequently, a subsequent study explores if enhanced sensor dot
tuning and sensor compensation reduce the complexity of charge transition analysis and if
they enable the utilization of ray-based detection methodologies. The findings indicate that
particularly sensor compensation has a substantial impact on the data quality and allows a
streamlining of the analytical process. However, achieving robust ray-based analysis remains
feasible only if consistently reaching the highest observed measurement quality and utilizing
machine learning. Even in this case, classical methods and a proposed averaging and thresh-
olding circuit fall short of the requisite detection accuracy. Only with further improvements
toward optimal data quality and additional enhancements to the proposed circuit, an inte-
grated solution without machine learning appears attainable.
Finally, the energy efficiency of scaled-down neural networks is assessed using state-of-the-
art hardware accelerators. The findings suggest that the cryogenic integration of machine
learning-based charge transition detection is feasible, thus propelling the development of scal-
able and energy-efficient quantum control architectures.
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Zusammenfassung

Halbleiterbasiertes Quantencomputing bedient sich Quantenpunkten als Qubits, wobei eine
hohe Verlässlickeit eine zentrale Prämisse für die Skalierbarkeit darstellt. Die Bildung von
Quantenpunkten bedingt eine sorgfältige, iterative Kalbrierung die üblicherweise manuell
durchgeführt wird. Obwohl zahlreiche Vorschläge für automatisierte Verfahren vorliegen,
bleiben Aspekte wie die Skalierbarkeit im Kontext eines Systems mit Millionen Qubits oder
die Verlagerung zentraler Datenanalyseaufgaben auf Kryostatenebene zur Überwindung von
Leitungsengpässen zur Raumtemperaturelektronik meist unberücksichtigt.
In der vorliegenden Arbeit werden skalierbare Lösungen zur automatisierten Kalibrierung un-
tersucht und die Detektion von Ladungsübergängen als zentrale Herausforderung identifiziert.
Hierzu wird ein Simulationsmodell entwickelt, das realistische Ladungsstabilitätsdiagramme
mit zugehörigen Referenzdaten erzeugt. Die Ergebnisse der Simulation werden mit experi-
mentellen Daten validiert.
Basierend auf diesem Modell erfolgt eine umfassende Evaluation von Methoden zur Erken-
nung von Ladungsübergängen, wobei klassische Algorithmen und diverse Machine Learning
(ML) Ansätze gegenübergestellt werden. Unter Berücksichtigung einer energieeffizienten In-
tegration wird zudem die Komplexitätsreduktion von Convolutional Neural Networks (CNNs)
untersucht. Nach der Optimierung auf Basis simulierter Daten erfolgt die Evaluierung der
Verfahren auf simulierten und experimentellen Datensätzen verschiedener Qubit-Proben. Es
wird ersichtlich, dass klassische Ansätze für die gegenwärtigen Datenqualitäten hinsichtlich
Robustheit und Genauigkeit nicht ausreichend sind, während viele ML-Verfahren überzeu-
gende Leistungen erzielen. Insbesondere CNN-Architekturen wie U-Net erweisen sich auf-
grund ihrer Struktur als vielversprechend für eine effiziente Hardware-Integration.
Obwohl das U-Net bereits unter der derzeitigen Datenqualität ein hohes Potenzial für eine
Netzwerkgrößenreduktion aufweist, bleibt eine kryogene Hardware-Integration eine erhe-
bliche Herausforderung. Daher wird weiterführend untersucht, ob eine verbesserte Kalibrie-
rung und Kompensation der Sensorquantenpunkte die Komplexität der Ladungsübergangs-
analyse reduziert und den Einsatz strahlbasierterMethoden ermöglicht. Die Ergebnisse zeigen,
dass insbesondere die Sensorkompensation einen signifikanten Einfluss auf die Datenqual-
ität ausübt und eine Vereinfachung des Analyseprozesses ermöglicht. Eine robuste Analyse
auf Basis strahlbasierter Verfahren ist jedoch nur bei hoher Messqualität unter Einbindung
von ML realisierbar. Klassische Methoden sowie ein vorgeschlagener Schaltkreis auf Basis
von Mittelwertbildung und Schwellenwerten erreichen nicht die erforderliche Detektionsge-
nauigkeit. Nur bei weiterer Verbesserung in Richtung optimalerMessqualität und zusätzlicher
Erweiterung des Schaltkreises wird eine vollständig integrierte Lösung ohneMLmöglich sein.
Eine abschließende Bewertung der Energieeffizienz skalierter neuronaler Netzwerke auf mod-
ernen Hardwarebeschleunigern weist darauf hin, dass die kryogene Integration einer ML-
basierten Ladungsübergangsdetektion realisierbar ist. Damit wird die Entwicklung skalier-
barer und energieeffizienter Quantenkontrollarchitekturen entscheidend vorangetrieben.
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Chapter1
Introduction toQuantum Computing

1.1 Quantum Mechanics

Quantummechanics is a fundamental theory in physics that describes the behavior ofmat-
ter and energy at atomic and subatomic levels. In contrast to classical mechanics, which

governs macroscopic objects, quantum mechanics elucidates a world in which particles exist
in probabilistic states, can exhibit wave-particle duality, and are subject to phenomena such
as superposition and entanglement.
The origins of quantum mechanics can be traced back to the early 20th century, primarily as
a response to unresolved issues in classical physics. The blackbody radiation problem, which
was addressed byMax Planck in 1900, marked a breakthrough in the field of quantummechan-
ics [1]. Planck proposed the hypothesis that electromagnetic energy could only be emitted
in discrete units, or "quanta", rather than in a continuous flow by introducing the concept of
quantization. This concept presents challenges to classical theories and constitutes the foun-
dation for the development of quantum theory.
Building on Planck’s work, Albert Einstein (1905) provided an explanation of the photoelec-
tric effect by postulating that light is quantized into discrete particles, or photons [2]. This
postulation introduced the duality of light, which behaves both as a wave and a particle, thus
further diverging from the principles of classical mechanics. The formalization of quantum
mechanics occurred in the 1920s, with significant contributions from physicists such as Niels
Bohr. He developed the Bohr model of the atom, which incorporates quantized electron or-
bits to explain atomic spectra [3–5]. Werner Heisenberg’s matrix mechanics (1925) [6], Paul
Dirac’s formulation [7], and Erwin Schrödinger’s wave mechanics (1926) [8–11] unified the
known concepts with the latter resulting in the Schrödinger equation, which governs the
wavefunction of quantum systems.
The field of quantum mechanics experienced considerable advancement throughout the 20th
century as the theory underwent a process of evolution and maturation. The Copenhagen in-
terpretation, largely developed by Bohr and Heisenberg, emphasizes the probabilistic nature
of quantum states and proposes that certain physical properties do not have a definite value
until measurement occurs. The uncertainty principle, which Heisenberg postulated [12], be-
came a foundational concept that states that certain pairs of properties (such as position and
momentum) cannot be precisely known simultaneously. Later, the theory underwent further
expansion with the advent of the quantum field theory (QFT), which integrated quantum
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1 Introduction to Quantum Computing

mechanics with special relativity to elucidate the quantization of fields, including electromag-
netic fields. This resulted in the development of the standard model of particle physics, which
unifies three of the four fundamental forces of nature: electromagnetism, the weak nuclear
force, and the strong nuclear force [13].
In recent decades, quantum mechanics has gained increasing relevance due to advancements
in quantum information theory and quantum computing (QC). Moreover, quantum mechan-
ics experiments have been conducted to test the limits of quantum mechanics in systems that
extend beyond the atomic scale. The realization of quantum entanglement and nonlocality has
also enriched the philosophical discourse on the nature of reality and information in quantum
systems. These advances have not only deepened our understanding of the quantum world
but have also paved the way for practical applications in emerging technologies. One of the
most promising research areas in this regard is QC, which has attracted significant attention
in recent years.

1.2 Quantum Computing

It is anticipated that QC will provide significant computational advantages in several research
areas, including medical drug development [14], encryption [15], physical simulations [16–
19], optimization problems [20], and materials science [21, 22]. The expected exponential
increase in processing speed compared to that of today’s supercomputers is referred to as
quantum supremacy. The quantum computers in use today are capable of testing some quan-
tum algorithms for limited problem sizes. Nevertheless, they have not yet attained the level of
universality that would be necessary for them to be classified as universal systems. A univer-
sally programmable quantum computer is estimated to require at least one million physical
quantum bits (qubits) [23, 24].

In 1996, David DiVincenzo established the following criteria [25] for a scalable quantum com-
puter:

• identification of well-defined qubits,
• reliable state preparation,
• low decoherence,
• accurate quantum gate operations, and
• strong quantum measurements.

The physical realization of quantum computers has become one of the most rapidly evolv-
ing research areas, and several architectures have been developed. These implementations
differ primarily in their underlying qubit realizations and computation methods. Two major
categories of QC architectures are circuit-based quantum computers and quantum annealers.
However, research is also active on other approaches such as topological QC.
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1.2 Quantum Computing

1.2.1 Circuit-BasedQuantum Computers

In the context of QC, a circuit-based quantum computer, also known as a gate-model quan-
tum computer, employs qubits that are typically manipulated through a sequence of quantum
gates to perform computations. Quantum gates represent the basic building blocks of quan-
tum circuits, analogous to logic gates in classical circuits. They manipulate qubits by applying
specific unitary transformations to their quantum states. Unlike their classical counterparts,
quantumgates are reversible and operate on complex probability amplitudes, thereby enabling
quantum parallelism.
Qubits can be implemented in a variety of physical systems, including superconducting ar-
chitectures based on Josephson junctions [26, 27] (such as IBM’s Osprey processor with 433
qubits [28]), ion traps [29], and quantum dots (QDs) [30, 31], in which the spin states of charge
carriers confined in semiconductor nanostructures serve as qubits. In superconducting sys-
tems, quantum gates are typically realized using precisely shaped microwave pulses, while in
QD systems, control is achieved via electric pulses, magnetic fields, or microwave pulses that
manipulate the spin degree of freedom, with two-qubit gates often relying on the exchange
interaction between neighboring dots. In contrast, ion trap quantum computers use ions sus-
pended in electromagnetic fields as qubits, controlled by laser pulses to implement quantum
gates. These systems offer high fidelity and long coherence times, yet present challenges in
terms of scalability.
In particular, QDs offer the potential for monolithical integration within existing semiconduc-
tor technologies as ultimative goal for high scalability, making them promising candidates for
future quantum computers. In either of the aforementioned realizations, quantummechanical
properties, such as superposition, entanglement, and quantum interference, are exploited to
execute quantum algorithms.
The key challenges in these architectures are quantum error correction and decoherence miti-
gation because precise control over the qubit states is essential for reliable computation. These
systems are ideal for implementing universal quantum algorithms, such as Shor’s algorithm
for factorization [15] and Grover’s search algorithm [32].

1.2.2 Quantum Annealers

Quantum annealers, such as the D-Wave Advantage system [33], which comprises more than
5000 qubits, pursue a fundamentally different approach. In contrast to the manipulation of
individual qubits through quantum gates, these devices employ quantum superposition and
tunneling to explore the energy landscape of a problem and to find the ground state of a
Hamiltonian, which encodes the solution. This process is highly suitable for combinatorial
optimization tasks such as in logistics or materials science. Although quantum annealers
are not universal quantum computers, they demonstrate exceptional performance in specific
problem classes that involve finding global minima in complex systems [34].
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1 Introduction to Quantum Computing

1.2.3 TopologicalQuantum Computers

Another QC approach is based on topological quantum computers, a nascent field, that aims
to utilize anyons – quasiparticles exhibiting nonabelian statistics – to construct error-resistant
qubits, thereby enabling resilient quantum computations in the presence of noise [35].
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Chapter2
Tuning SemiconductorQuantum Dot SpinQubits

This chapter provides an introduction to the basics of QDs in Section 2.1 and elucidates
their application as spin qubits in Section 2.2. Then, it explores the necessity of tuning

the qubit devices and analyzing the corresponding data. Consequently, Section 2.3 provides
an overview of the process of tuning spin qubits, while Section 2.4 describes the field of data
analysis techniques for the automation of the qubit tuning.

2.1 Quantum Dots

Quantum dots (QDs) are nanoscale semiconductor structures that exhibit quantum mechan-
ical properties due to their size confinement in all three spatial dimensions. Often referred
to as "artificial atoms", QDs have discrete energy levels similar to those of real atoms [36].
Their unique properties arise from the quantum confinement of charge carriers (electrons or
holes), leading to size-dependent optical and electronic behaviors. This attribute renders QDs
highly versatile for various applications, including QC, quantum optics, photovoltaics, and
biomedical imaging.

In semiconductors, electron motion can be restricted to two dimensions in quantum wells
or at interfaces between materials [37], by completely depleting the density of conduction
electrons at low temperatures. Moreover, electrostatic tailoring of the potential landscape
enables the restriction of electron motion to one or zero dimensions, as evidenced by studies
on few-electron QDs [38, 39].

In bulk materials, electrons can occupy a continuum of energy levels; however, when the ma-
terial size is reduced to the nanoscale, quantum mechanical effects become predominant. In
QDs, electrons and holes are confined within a space smaller than their de Broglie wavelength,
which forces charge carriers into discrete energy states, much like electrons in an atom. The
energy difference between these states can be tuned by altering the size of the QD, resulting
in wider energy gaps for smaller QDs. This tunability is crucial for applications in optoelec-
tronics and QC. The theoretical description and experimental demonstration of quantum con-
finement in semiconductor QDs, which occurred in the 1980s, marked the commencement of
extensive research into their optical and electronic properties [40].
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2.1.1 Quantum Dots inQuantum Computing

Loss and DiVincenzo presented the initial proposal for using QDs in QC in 1998. They pro-
posed that the spin of an electron in a QD could function as a qubit and suggested amethod for
implementing two-qubit gates through exchange interactions [30]. Since then, experimental
demonstrations have shown that QDs can achieve coherent control of qubit states, although
challenges remain in achieving long coherence times and scaling up to large numbers of qubits.
The usage of QDs as qubits requires cooling to temperatures close to zero Kelvin to achieve
a system with well-defined discrete energy levels and sufficient coherence. Apart from the
spin qubits used in this work, several other types of semiconductor qubits have been devel-
oped, including charge qubits, in which the information is represented using different charge
occupations, and hybrid variants.

2.1.2 Challenges

Semiconductor QDs have demonstrated immense potential, yet several challenges persist. In
QC, achieving long coherence times for spin-based qubits remains a significant challenge. QDs
are sensitive to their environment and decoherence due to interactions with nearby nuclear
spins or charge noise1 which limits their performance in quantum devices. A major obsta-
cle is the tuning of gate-defined semiconductor QDs to form reliable qubits, which involves
using electrostatic gates to define and control the potential landscape, allowing for the pre-
cise manipulation of electron or hole spins. However, achieving the necessary precision is
difficult due to variations in material properties and imperfections in the fabrication process.
Inconsistent quantum gate performance can lead to unreliable qubit states, making it challeng-
ing to perform coherent quantum operations. Furthermore, the necessity of cooling to near
zero Kelvin using dilution refrigerators introduces additional challenges, and the connection
of the control electronics to the individual qubits gives rise to a so-called wiring bottleneck.
The reduction of wiring, for example, by inserting control electronics into the cryostat, poses
further challenges, as the cooling capacity is limited and local heating negatively affects the
performance of nearby qubits. Advances in material science and engineering are required
to mitigate these effects and improve the scalability of QD-based systems. Enhancement of
the uniformity of QDs and improvement of gate design are critical for achieving robust qubit
performance.

1Charge noise refers to fluctuations in the local electrostatic potential, typically arising from unintended trap-
ping and emission of charges at defects within the heterostructure.
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2.2 Semiconductor Spin Qubits

2.2.1 Qubit Realizations

Semiconductor spin qubits are typically composed of materials that contain isotopes with an
even number of nuclear spins. This reduces the hyperfine interaction, which results in an
unknown phase. Material stacks in Ga, Si, and Ge, as depicted in Figure 2.1, are of particu-
lar interest and differ primarily in their band structure, disorder, and integration capabilities
[41]. Moreover, the integration of some of these stacks into existing Si and Ge semiconductor
technology offers the advantage of potential scalable applications in QC. The fabrication of
semiconductor QDs can be achieved by methods such as colloidal synthesis, molecular beam
epitaxy, or chemical vapor deposition.

GaAs/AlGaAs heterostructures exhibit an exceptional structural quality, allowing for very
large electron mobility and a low critical density for conduction, making them essentially
disorder-free [41]. However, the decoherence caused by hyperfine coupling to the nuclear
spin represents a significant drawback for GaAs. Moreover, the integration of GaAs into the
prevailing Si poses significant technical challenges due to structural incompatibilities [42],
thus constraining its scalability potential [41].
Spin qubits in Si are implemented in silicon metal-oxide-semiconductor (Si-MOS) structures
or in Si/SiGe heterostructures. The employment of Si-MOS structures facilitates the opera-
tion of qubits at relatively elevated temperatures of one Kelvin [43], thereby rendering them
a compelling candidate for the ultimate goal of co-integration with complementary metal-
oxide-semiconductor (CMOS)-based cryogenic control circuits. However, multi-QD systems
pose significant challenges due to rather low mobility and the high critical density for con-
duction in Si-MOS, hindering their effective control. Conversely, significant advancements
in the challenging quality aspect of Si/SiGe heterostructures have yielded high mobility, low
critical density for conduction and extended quantum coherence. The current state of device
yield is so high that the design and control of larger linear arrays of QDs is possible with
this technology [44]. However, the challenge of low valley splitting2 persists, albeit addressed
through the incorporation of more intricate Ge concentration profiles.
Using holes instead of electrons (two-dimensional hole gas (2DHG) in Figure 2.1), Ge/SiGe
heterostructures combine many advantages of Si and GaAs, while overcoming the limitations
of both. The status of Ge as a CMOS-foundry material provides a valuable perspective on its
scalability [41]. Additionally, Ge can be isotopically engineered for long quantum coherence.
Furthermore, Ge/SiGe heterostructures exhibit low disorder, a high mobility, and a low effec-
tive mass. Together with the sizeable spin-orbit coupling, this results in large energy spacing,
facilitating the straightforward fabrication of QDs with comprehensive electrical qubit con-
trol. Only an adverse adjustment of the spin-orbit coupling may deteriorate coherence.

2The phenomenon of low valley splitting in Si/SiGe heterostructures is attributed to atomic-scale imperfections
present at the quantum well interface. These imperfections restrict the energy separation between valley
states [45]. This phenomenon can result in qubit state mixing, reduced coherence, and challenges in spin
initialization and control.
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Figure 2.1: Material stacks and corresponding band diagrams for semiconductor spin qubits.

Several proposals for physical realizations of semiconductor spin qubit systems have been
developed [46]:

• Loss-DiVincenzo spin qubits [30],
• donor spin qubits and Kane’s proposal [47],
• singlet-triplet (𝑆𝑇0 and 𝑆𝑇±) qubits [48, 49],
• exchange-only [50–52] and resonant-exchange qubits [53–55], and
• spin qubits with additional charge degrees of freedom [56–58].

Despite variations in the number of electrons utilized for each qubit, all are founded on the
confinement of spin to isolated sites and the usage of the exchange interaction.

A singlet-triplet spin qubit is implemented through the use of two charge carriers confined
within a double quantum dot (DQD). In this system, the qubit is represented by singlet and
triplet states. These systems have shown to exhibit enhanced resilience against magnetic field
noise.

The concrete construction of a quantum device necessitates meticulous engineering of the
physical structures required for the creation, manipulation, and readout of qubits. In the
case of semiconductor QD qubits, this process involves the development of sample layouts to
confine and control electron or hole positions. Typically, a quantum well structure is grown
to host a two-dimensional electron gas (2DEG). On top of the structure, metal gate electrodes
are created by optical or electron beam lithographic techniques. These gates are later used
to

• deplete the underlying 2DEG,
• form QDs,
• control the inter-dot coupling (by modulating tunnel barriers), and
• generally tune qubit properties.
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Figure 2.2: Examples of qubit samples of different materials and topologies. Images are sized
to share common dimensional scales. (a)-(c) Single [59], double [60], and triple QD
device [61]. (d)-(e) 8x1 [62] and 3x3 QD array [63]. (f) Single QD device [64]. (g)
Double QD device [65]. (h) Spin qubit shuttle device (SQS or QuBus) [66].

The gates are often designated according to their intended function:

• screening gates shield qubits from undesired electric fields,
• depletion gates deplete the underlying 2DEG,
• accumulation gates accumulate electrons in the underlying 2DEG,
• plunger gates control the electrochemical potential of a QD, and
• barrier gates adjust the tunneling rates between QDs or to reservoirs.

Although the gates are not inherently limited to their primary function, their configuration is
intentionally optimized to alignwith the specific objectives. The layout of the gates is a crucial
factor in ensuring reliable qubit operation. A variety of different layouts were developed, as
demonstrated in Figure 2.2.

The present work focuses on the formation and tuning of QDs, with a particular emphasis on
the gates that exert the most significant influence on this process, namely the plunger and bar-
rier gates. Once the device is configured into a stable global state with a well-defined topology
and a known number of charge islands, the barrier and plunger gates effectively control the
QDs. Figure 2.3 visualizes the potential landscape of a DQD formed with these gates. Barrier
gates serve to create potential barriers that isolate specific regions, i.e. effectively "pinch-off"
electron flow to define the boundaries of a QD. The voltage applied to the barrier gates adjusts
the tunneling rates of charge carriers between the QD and adjacent reservoirs or other QDs,
which is essential for quantum operations. Charge transitions between a lead (reservoir) and
a QD are designated as lead-to-dot transitions (LDTs) and transitions between two QDs as
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Figure 2.3: Visualization of the potential landscape for a DQD. Applying voltages to the bar-
rier gates 𝐵1, 𝐵2, and 𝐵3 creates the corresponding tunnel barriers in the DQD
potential landscape. The voltages applied to plunger gates 𝑃1 and 𝑃2 control the po-
tential of the two QDs, effectively changing the available energy levels for charge
carriers. If an empty energy level below the source potential exists in the first QD,
a charge carrier can tunnel into it. Charge carriers at energy levels above the drain
potential can tunnel off the second QD. These transitions are called lead-to-dot
transitions (LDTs). Additionally, charge carriers can tunnel between the two QDs
in a so called inter-dot transition (IDT), if the energy levels are aligned, or if load-
ing an electron from the source reservoir through the first QD into a lower energy
level of the second QD.

inter-dot transitions (IDTs). In contrast, plunger gates are used to tune the electrochemical
potential within the QD itself. Adjusting the voltage of a plunger gate enables fine control
of the electron number and alignment of energy levels for desired quantum operations. This
precise modulation is fundamental to the initialization, manipulation, and readout of qubit
states. In summary, the interplay between the barrier and plunger gates is instrumental in
confining and regulating charge carriers to achieve the single-electron (or hole) occupancy
necessary for spin-based qubits [31].

2.2.2 Measurement Realizations

Accurate measurement of the QD properties is fundamental to operate QDs as qubits or to
study quantum phenomena. Two primary methods, conductance measurements3 and radio

3Conductance measurements are often referred to as "transport measurements".
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frequency (RF) reflectometry, are commonly employed; each is suitable for specific scenarios
and sensitivities.
Conductance measurements directly measure the current through a QD as a function of the
applied gate voltages. This invasive approach provides high-resolution insights into charge
stability, Coulomb blockade, and energy-level spacing bymonitoring electron transport under
varying conditions.
The Coulomb blockade regime refers to a condition in which the addition of a single electron
is energetically suppressed due to the strong electron-electron repulsion, also known as the
Coulomb interaction. This phenomenon transpires when the QD is sufficiently small such
that the addition of an extra electron necessitates a discrete charging energy, which cannot
be surmounted at low bias voltages. Consequently, the flow of current through the device is
suppressed, with the exception of specific gate voltages at which the energy levels are aligned.
This enables the individual tunneling of electrons, a characteristic that is indicative of single-
electron transport. However, this transport typically requires low-resistance leads and works
optimally in systems in which a certain current flow (e.g., nanoamperes) is permissible.
RF reflectometry employs high-frequency circuits to detect changes in impedance caused by
the QD’s charge state. This technique allows noninvasive, high-bandwidth charge sensing,
rendering it well-suited for scenarios in which direct current measurement is impractical,
such as qubit readout or devices with minimal electron transport. It offers higher speed and
sensitivity than conductance measurements and is particularly effective in multi-dot systems
or when probing higher energy states.

For noninvasive spin qubit readout, additional techniques based on charge sensing and spin-
to-charge conversion leverage a nearby quantum point contact (QPC) [67] or a sensor dot (SD)
[68]. Both can be combined with RF measurement techniques [69–71].
A QPC is a one-dimensional constriction between two wide conducting areas with a width
comparable to the electronic wavelength [72]. It exploits the fact that electron flow through
this narrow channel occurs in discrete steps of 2𝑒2/ℎ (so-called conductance quantum) [73].
The quantized conductance and high sensitivity to the electrostatic environment enable the
measurement of the charge states of nearby QDs. Changes in the number of electrons in the
QDs modify the local potential of the QPC, which is reflected in a change of its conductance.
This effect is measured as a shift in current or voltage across the QPC.
A SD is a QD that physically implements a single-electron transistor (SET), enabling the read-
out of nearby QDs employed as qubits. Figure 2.4 illustrates the spatial configuration of a SD
positioned in close proximity to a DQD, represented in a top-down view of an exemplary gate
architecture. The SD is capacitively coupled to the QDs of interest to detect discrete changes
in the charge configuration [71]. Its operation is based on Coulomb blockade, where the con-
ductance of a SD oscillates with the addition of individual electrons. Changes in the charge
state of the nearby QDs shift the SD’s electrostatic potential, altering its conductance and the
corresponding current. By tuning the SD close to the edge of a Coulomb blockade peak, small
electrostatic perturbations from the target QDs induce quantifiable changes in the SD’s con-
ductance.
According to Barthel et al. [71], the sensitivity of a SD measurement with RF reflectometry is
up to 30 times greater than that of a comparable QPC. Furthermore, the signal-to-noise ratio
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Figure 2.4: Spatial configuration of a SD positioned in close proximity to a DQD, represented
in a top-down view of the gate architecture.

in single-shot reflectometry measurements is three times greater than that of QPC measure-
ments.

The spin-to-charge conversion technique, introduced by Elzerman et al. [74], serves as foun-
dational methodology for the quantification of the spin states of semiconductor qubits using
charge sensors. The underlying principle of this technique entails the mapping of the spin
state to a distinct charge configuration, which can subsequently be detected through the em-
ployment of highly sensitive charge sensors.

In practice, themethod generally entails a spin-dependent tunneling process. To illustrate, in a
singlet-triplet qubit, the spin state of the electron dictates whether it remains in the initial QD
or tunnels to a nearby dot or reservoir. For a singlet state, the Pauli exclusion principle permits
both electrons to occupy the same dot, whereas a triplet state forces one electron to tunnel.
This spin-dependent movement generates a measurable change in the charge configuration,
effectively translating the spin information into a charge signature. This enables rapid, single-
shot qubit state detection, as demonstrated by Barthel et al. [68]. Similarly, another approach
[75] exploits spin-dependent tunnel rates to determine the spin state from a timed occurrence
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of a charge transition (CT). These readouts are crucial to scalable QC architectures and are
thus indispensable for implementing quantum error correction protocols.

2.3 Qubit Tuning and Automation Approaches

The tuning of semiconductor QDs is essential for creating stable and reliable qubits, par-
ticularly as device complexity increases for QC applications. However, the tuning process
is challenging due to the necessity of precision for controlling the electrostatic potentials,
charge states, and inter-dot couplings [76]. Recent advancements in automation and machine
learning (ML) have lead to the proposal of approaches to some stages of the tuning process
[77]. In the following, the different tuning stages are introduced in a generic, architecture-
independent manner with recent automation approaches. The experimental tuning workflow
and the principal measurement data underpinning this work are described in detail as needed
in Chapter 3.

2.3.1 Turn-on and Initialization

The preliminary stage of tuning entails the evaluation of gate functionality and the determina-
tion of the initial gate voltages that establish the fundamental confinement potential for QDs
within a semiconductor heterostructure. It is imperative to ensure that each dot can be formed
and initialized individually prior to conducting more sophisticated tuning procedures.

2.3.2 Sensor Tuning

Sensor tuning is an essential process for achieving precise detection of charge states by con-
figuring a nearby SD or QPC as a sensitive charge sensor typically measuring the conductance
via the current. This tuning process requires precise gate voltage adjustment to optimize the
sensitivity to single-electron transitions, a prerequisite for effective real-time monitoring in
QC devices [78, 79]. Maintaining stable sensor operation continues to be a bottleneck in the
tuning procedure [80].

2.3.3 Dot Regime Tuning

The objective of dot regime tuning is to form the desired type of dot, such as a single or
double QD. ML models have streamlined this stage, with early studies demonstrating the
neural networks’ ability to identify suitable configurations rapidly and establish initial QD
formations [81].

Furthermore, ML approaches, such as reinforcement learning, have accelerated the search
for optimal gate configurations, improving the speed and efficiency of turn-on protocols. In
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some cases, visual-based image processing approaches empower algorithms to process charge
stability diagrams (CSDs) and locate the necessary initial configuration [82–84].

2.3.4 Charge State Detection and Single-Electron Regime

Following the initialization of a QD, the tuning process continues by refining gate voltages to
reach the single-electron regime. This stage is crucial for reliable qubit operation, as single-
electron occupancy enables controlled manipulation of quantum states. Autonomous tuning
systems rely on ML models trained to detect specific charge states, with studies leveraging
supervised learning techniques in single and double QD setups [81, 85–87].

In this field, the ray-based classification (RBC) framework proposed by Zwolak et al. [88,
89] merits particular attention. It harnesses ML in conjunction with one-dimensional mea-
surements to reliably and efficiently identify QD charge states in complex QD systems. Subse-
quently, Ziegler et al. advanced this approach through the development of a physics-informed
tuning framework, which combines ML classifiers with physics-based heuristics to automate
and enhance the tuning of QD charge states [90].

2.3.5 Inter-Dot Coupling and Tunnel Barrier Fine Tuning

Establishing and adjusting inter-dot coupling through tunnel barrier tuning is essential for
DQD qubits, which rely on precise exchange interactions. The inter-dot coupling must be
calibrated with accuracy to control the entanglement and interaction strength; however, it
exhibits a high degree of sensitivity to gate voltage fluctuations. To address this challenge,
automated systems that monitor inter-dot tunneling transitions are being developed. These
systems utilize adaptive ML frameworks automatically adjusting barrier gate voltages for re-
liable coupling [91, 92].

2.3.6 Further Fine-Tuning and Stabilization of Qubit Parameters

Following the attainment of fundamental charge and coupling states, the fine-tuning proceeds
adjusting the qubit’s electrostatic environment to enhance coherence, minimize error rates,
and define qubit-specific operational gate configurations. This stage encompasses the tuning
of spin coherence times, the adjustment of resonance frequencies, the optimization of mag-
netic field gradients in spin qubits, and the localization of measurement and reload points.
Autonomous fine-tuning algorithms address multiple tuning objectives to balance coherence
and control fidelity, thereby reducing the need for human surveillance [80, 93].
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2.4 Data Analysis Techniques

The qubit tuning process requires the continuous adaptation of device parameters to guide
the QD system to the desired operational regime. The ability to analyze and interpret data
is imperative for identifying the current state of the system and informing the adjustments
required for optimal qubit operation.

QD devices exhibit complex and nonlinear behavior due to fabrication-induced variability,
environmental noise, and control voltage drift. On the one hand, noise analysis techniques
enable precise assessment of the measurement reliability in terms of the signal-to-noise ratio.
On the other hand, classical pattern recognition techniques play an essential role in process-
ing one- and two-dimensional QD measurements, enabling the identification of key features
like CTs and tunnel couplings. However, the capabilities of classical techniques are limited
when attempting to automate complex classification [81, 85, 94], measurement [95], and pa-
rameter optimization tasks [87], a field in which advanced ML approaches have demonstrated
significant progress and advantages.

These advanced data analysis techniques enable dynamic feedback mechanisms, where pa-
rameters are updated iteratively to correct for deviations and ensure robust qubit operation.
This capability is critical for scaling multi-qubit QD systems, bridging the gap between exper-
imental challenges and the realization of functional quantum processors.

The following subsections introduce the concepts of various analysis techniques for noise
estimation and pattern recognition.

2.4.1 Noise Analysis

Noise analysis remains a prominent subject in the realm of data analysis and processing, with
an ongoing discourse surrounding its methodologies and applications. In the domain of signal
processing, noise is defined as unknown and unwanted distortions that a signalmay encounter
during acquisition, storage, transmission, processing, or conversion [96].
Accurate characterization of noise facilitates the separation of meaningful information from
extraneous disturbances, thereby enhancing the quality of data and optimizing subsequent
processing tasks. The ability to estimate noise is indispensable in fields ranging from telecom-
munications [97] and imaging [98] to material science and quantum mechanics [99], where
precise data interpretation is paramount. The development of noise estimation emerged from
the necessity to enhance the comprehension and modeling of measurement uncertainties.
Early contributions in the mid-20th century, including Wiener’s theory of optimal filtering
[100], placed emphasis onmodeling noise as a stochastic process to improve signal reconstruc-
tion. This approach was complemented by research on spectral analysis methods, including
the seminal contributions of Blackman and Tukey [101] on power spectral density (PSD) es-
timation. These foundational techniques laid the groundwork for extracting noise statistics
directly from observed data, enabling both noise suppression and the development of robust
models for data analysis.
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Noise estimation has evolved in tandem with advancements in computational capabilities
and data-driven technologies. By enabling a precise understanding of noise behavior, it fos-
ters critical improvements in data reconstruction, uncertainty quantification, and system op-
timization. As a foundational element of signal processing, noise estimation maintains its
significance in propelling the frontiers of scientific and technological innovation.

2.4.1.1 Parametric Noise Estimation

Parametric noise estimation approaches are predicated on the assumption that an underlying
mathematical model for the noise exists, such as Gaussian, Poisson, or Laplacian distribution.
The estimation of parameters such as mean, variance, or spectral density is achieved through
the utilization of techniques like

• maximum likelihood estimation (MLE), which identifies parameters that maximize the like-
lihood of observing the measured data;

• method of moments, which calculates distribution parameters by equating the observed
moments (mean, variance) to the theoretical moments of the assumed noise model;

• least squares estimation, which is a common method in regression analysis that seeks to
minimize the sum of squared residuals, thereby inferring the noise variance; and

• principal component analysis (PCA), which entails the transformation of a dataset into a
new coordinate system, wherein the dimensions (principal components) are arranged ac-
cording to the extent of variance they encapsulate within the data. This procedure facilitates
the segregation of noise (lower-variance components) from meaningful signal components
(initial principal components).

Parametric methods are characterized by their computational efficiency; however, they are
often vulnerable to nonstandard noise distributions.

2.4.1.2 Nonparametric Noise Estimation

Nonparametric approaches eschew assumptions concerning the nature of the noise distribu-
tion, instead employing direct analysis of data features. Examples include

• kernel density estimation (KDE), which estimates the probability density function of noise
by placing smooth kernel functions (e.g., Gaussian kernels) at each data point and summing
their contributions [102];

• empirical histogram-based methods, which divide data into bins and count occurrences
within each bin, thereby providing a piecewise approximation of the noise distribution;

• Fourier-based spectral analysis, which analyzes the noise in signals in the frequency domain
to identify dominant frequency components;

• wavelet-based methods, which decompose signals into distinct frequency bands, where
high-frequency components are frequently associated with random noise [103]; and
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• variance-based analysis, where techniques such as sliding window variance estimation cal-
culate the local variance in small regions of an image to identify areas that are dominated by
noise. This method is particularly effective in the context of adaptive denoising techniques.

Nonparametric methods have been shown to be highly effective in the analysis of nonstan-
dard or complex noise patterns. However, these methods are often computationally intensive
and require larger datasets to achieve the desired level of accuracy. They are particularly ef-
fective when the noise exhibits irregular structures or when the underlying distribution is
unknown.

2.4.1.3 Noise Estimators

In the context of noise estimation for one-dimensional data, estimators frequently ascertain
the standard deviation of the noise component of a signal. In the spatial domain, techniques
such as local filtering and statistical analysis techniques [104–109] have been employed. How-
ever, contemporary approaches employ alternative methods to enhance estimation accuracy
[110–114]. Patch-based approaches subdivide the data into homogeneous regions (patches,
blocks, or superpixels) and incorporate filtering and statistical methods [115–119] and PCA
[120, 121] for the estimation. The patch selection methods themselves are diverse, as evi-
denced by the works of [121–131]. Transform-based approaches entail the application of a
transformation to the given data, with different approaches for noise identification being as-
sumed to allow for the separation of noise in the transformed space. Noteworthy methods
include the wavelet decomposition [132–136], the discrete cosine transform [137–142], as
well as the Morrison noise reduction method [143]. However, extant state-of-the-art estima-
tors frequently specialize in a particular application and data dimensionality. A more general
insight into different noise estimators can be found in [111, 144–147].

2.4.2 Pattern Recognition Using Classical Processing Pipeline

Classical pattern recognition techniques emerged from the need to interpret visual data in var-
ious domains, including medical imaging, industrial inspection, and remote sensing. These
methods, which predate the era of deep learning, typically employ mathematical analysis
methods. They are designed to refine image information and extract features and patterns
from images. The key steps include preprocessing, segmentation techniques, feature extrac-
tion, and semantic detection methods (classification / object detection), each of which ad-
dresses specific aspects of image analysis. The typical classical pattern recognition processing
pipeline is illustrated in Figure 2.5 in comparison to the deep learning approach.

2.4.2.1 Preprocessing

Preprocessing is of fundamental importance in pattern recognition and serves as a critical
step to enhance the quality of raw data prior to further analysis. The genesis of this field can
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Figure 2.5: A comparison of the conventional classical pattern recognition pipeline and the
deep learning approach reveals notable distinctions. In the classical pipeline, dis-
parate algorithms are applied for the different stages, whereas in the deep learning
context, all steps can be executed by a unified approach.

be traced back to early research in signal processing and image analysis, in which researchers
identified the necessity to mitigate noise and enhance data fidelity.

The Fourier transform [148] and its discrete form discrete Fourier transform (DFT) with the
algorithmic advancement fast Fourier transform (FFT) [149] are fundamental to preprocess-
ing tasks, particularly in de-noising, image reconstruction, and frequency-domain analysis.
Compared to convolution in the position space, the FFT can reduce the processing cost of
filtering operations if the signal is larger. As a key preprocessing task, numerous approaches
to suppress noise have been developed, including the Gaussian and median filter [150] as well
as extensions designed to preserve structural information, such as the Wiener filter [100], the
bilateral filter [151], the anisotropic diffusion [152], and the BM3D approach [153].

The field of preprocessing continues to evolve, ensuring data integrity and quality for accurate
and robust pattern recognition.

2.4.2.2 Image Segmentation

Image segmentation is the process of dividing an image into continuous regions based on
proximity linkage and intensity information. Region growing techniques are popular classi-
cal approaches, which exploit the homogeneity information of neighboring pixels or subre-
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gions when applied in a hierarchical manner [154, 155]. A cornerstone of modern clustering
methods is the k-means algorithm [156, 157]. It is based on the core concept of partitioning
data into clusters to minimize within-group variance [158] but provides additional statistical
insights that firmly established the method as a cornerstone. The edge based segmentation
methods identify boundaries within images for the extraction of object shapes and spatial
organization. Classical edge detection methods, including the Sobel operator [159] and the
Canny edge detector [160], depend on gradient calculations to discern rapid intensity varia-
tions. Furthermore, the connected component analysis [161] and watershed algorithms [162]
play significant roles in segmenting images based on pixel connectivity and intensity gradi-
ents.

2.4.2.3 Feature Extraction

Raw data are complex and challenging to process without extracting or selecting appropriate
features. Feature extraction involves reducing the data in a way that the extracted features
capture the essential characteristics of the original data, thereby facilitating more efficient
processing and analysis. The reduction criterion generally aims to either enhance or sustain
accuracy or simplify model complexity. In addition, it can contribute to preventing the model
from overfitting. The subsequent overview outlines frequently employed features for pattern
recognition in image processing:

• intensity (histogram, moments, coherence vector),
• edge (gradient-based, Gaussian difference-based, multiscale feature-based, structured
learning-based) [163],

• line (Hough transform-based, local & gradient grouping-based, local & edge fitting-based)
[164],

• corner (intensity-based, curvature-based, model/template-based) [165],
• local feature descriptors (keypoints) [166],
• shape (global contour-based, global region-based, structural contour-based, hybrid meth-
ods) [167], and

• texture (statistical-based, structural-based, model-based, spectral-based, graph-based, hy-
brid methods) [168].

Features are not necessarily uncorrelated. Therefore, the application of dimensionality reduc-
tion methods serves to reduce the complexity of high-dimensional data and enhance model
interpretability. Dimensionality reduction includes methods like PCA, linear discriminant
analysis, autoencoders, t-distributed stochastic neighbor embedding, and independent com-
ponent analysis.

2.4.2.4 Classification

Classification constitutes a foundational task in pattern recognition, wherein the objective is
to assign data points (pixel-level classification or semantic segmentation) or a data entity to
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predefined categories or classes based on their features. This necessity emerged with particu-
lar prominence in the mid-20th century, coinciding with the growth of automation in domains
such as document categorization, speech recognition, and medical diagnostics.

Classical classification techniques encompass a range of statistical methods, algorithmic ap-
proaches, and neural network architectures. One foundational approach is the Naive Bayes
classifier, which utilizes Bayes’ theorem to estimate the probability of class membership under
the simplifying assumption of feature independence. Despite its simplicity, the Naive Bayes
classifier has proven to be effective in applications such as spam detection and text classifi-
cation. Support vector machines (SVMs) address the problem of finding a hyperplane that
maximally separates classes in a high-dimensional space. Since the proposal of using ker-
nel tricks [169] and the "soft margin" variant [170], SVMs have gained prominence for their
robustness in handling nonlinear decision boundaries. Another classical algorithm is the k-
nearest neighbors (k-NN) method, a nonparametric technique that assigns class labels based
on the majority vote among the nearest data points. Neural networks, particularly shallow
networks, represent another class of classical classifiers. Early models, such as the perceptron
[171], demonstrated the ability to separate linearly separable data using weighted sums of fea-
tures. Despite being overshadowed by deep learning in recent years, these networks remain
computationally efficient and interpretable for small-scale tasks.

This suite of classical methods continues to play a role in modern applications, particularly
in scenarios where data is limited, interpretability is critical, or computational efficiency is
crucial.

2.4.2.5 Object Detection

Object detection is the process of identifying and localizing particular objects within an im-
age or scene. It addresses the dual challenges of classification and spatial localization and
predicts bounding boxes around objects. The necessity for object detection became apparent
with the emergence of computer vision applications in domains such as autonomous vehicles,
industrial automation, and surveillance systems. The primary challenge has been to accu-
rately detect and localize objects of varying scales and appearances in cluttered and dynamic
environments.

Early approaches relied heavily on statistical pattern recognition and template matching tech-
niques. Viola and Jones introduced one of the first real-time object detection frameworks,
which uses cascaded classifiers and Haar features for face detection [172]. The sliding win-
dow approach, often paired with SVMs, was another foundational method. In this approach,
the image is systematically scanned at different scales, and an SVM is employed to classify
each window as containing an object or not. Feature-based methods, such as the histogram
of oriented gradients (HOG) [173], became another cornerstone for object detection. These
methods provide robust descriptions of object shapes and textures, improving detection accu-
racy.
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Despite their computational efficiency and interpretability, classical object detection meth-
ods established the foundation for more sophisticated systems. Their continued utilization
is predominantly in constrained environments where computational resources are scarce or
the precision of deep learning techniques is deemed superfluous. Such environments include
industrial inspection and embedded vision systems.

2.4.3 Pattern Recognition Using Deep Learning Pipeline

Despite the notable advancements and enduring relevance of classical pattern recognition
techniques, particularly in terms of their computational efficiency and simplicity within spe-
cific applications, they are increasingly being supplemented or even replaced by deep learn-
ing methods. The superior performance of deep learning techniques in handling complex
and high-dimensional data has led to a fundamental transformation in the field of pattern
recognition.

Deep learning methods are capable of learning from data to identify complex patterns and
structures, classify images, recognize objects, and restore images. The characteristics of these
systems methods are defined by deep hierarchical neural networks, which contain multiple
intermediate layers, or hidden layers, between the input and output layers (see Figure 2.5). The
extensive internal structure is capable of automatically extracting abstract features from the
data. In addition to classical neural network structures, special convolutional layers and layers
for de-linearization and downsampling (pooling) operations are often employed to construct
convolutional neural networks (CNNs).

The development of CNNs was profoundly influenced by the pioneering work of David Hubel
and Torsten Wiesel in the 1960s. Their seminal investigations into the hierarchical structure
of visual processing in the brain led to the identification of simple and complex cells in the
visual cortex that respond to specific visual features such as edges and orientations [174, 175].
Their insights into feature detection laid the foundation for the layered architecture of CNNs,
where convolutional layers extract patterns in a manner analogous to biological visual sys-
tems. Building on these principles, Kunihiko Fukushima developed the Neocognitron in 1980
[176], an early artificial neural network that mimics this hierarchical feature extraction. How-
ever, it lacked efficient learning mechanisms. The modern CNN framework was realized with
LeNet-5 by Yann LeCun et al. in 1998 [177], integrating backpropagation for efficient weight
optimization and applying CNNs to handwritten digit recognition.

The efficacy of deep learning methods in predicting is well-documented; however, there is a
caveat regarding the practical implementation of these methods. The training of deep learn-
ingmodels necessitates substantial computational resources, including powerful graphics pro-
cessing units (GPUs) and extensive amounts of memory, which can impose considerable ex-
penses and demands on time resources.
The phenomenon of overfitting arises when a model is excessively trained on a particular
dataset and subsequently performs inadequately on new, unseen data. This phenomenon is
a prevalent challenge in deep learning, particularly in the context of large neural networks,
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and can be attributed to a variety of factors, including insufficient data, the complexity of the
model, or the absence of regularization.
The interpretability of deep learning models, especially those with numerous layers, can be
intricate, hindering the comprehension of their predictive processes and the identification of
potential errors or biases. Furthermore, the efficacy of deep learning algorithms is contingent
on the quality and quantity of the data on which they are trained. Consequently, data that is
noisy, incomplete, or biased can adversely affect the performance of the model.

2.4.3.1 Applications

This section introduces ML-based contributions that address the tasks previously discussed
in the context of classical pattern recognition in Section 2.4.2.

Early methods for image segmentation, like active contour models and watershed algorithms,
were replaced by CNN-based approaches, like U-Net [178] for biomedical imaging and Mask
R-CNN [179] for instance segmentation. Recent approaches incorporate transformers [180–
186] or state-space models (SSMs) such as the visual state-space model (VMamba) [187–190]
to further enhance detection abilities.

A significant milestone for image classification based on CNNs was marked by the introduc-
tion of AlexNet [191] in 2012, which employed deep architectures and GPU acceleration to
achieve dominance in the ImageNet competition, thereby solidifying CNNs as the state-of-
the-art for image classification tasks. Subsequent innovations, including GoogleNet [192],
VGGNet [193], ResNet [194], MobileNet [195], and EfficientNet [196] have refined CNNs, ad-
dressing computational challenges and enhancing accuracy.

In object detection, modern methods like R-CNN [197] and YOLO [198] use deep learning to
simultaneously predict object classes and their locations, significantly improving efficiency
and accuracy.

In addition to the aforementioned applications, deep learning approaches have also been di-
rectly employed for feature extraction, including edges and contours [199–205], lines [206–
211], corner and keypoints [212–216], and textures [217–222].

2.4.3.2 Model Optimization

The implementation of deep learning necessitates a high degree of technical expertise and
comprehension. It also requires substantial engineering investment, including data prepa-
ration, feature engineering, and configuration of the training methods. This is particularly
crucial for model generation, with the objective being to achieve optimal output with mini-
mal model complexity based on the extracted features. Accordingly, the domain of automated
machine learning (AutoML) [223] is an emerging research field that aims to address this is-
sue. Significant research within this domain encompasses the automated hyperparameter
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optimization (HPO) and neural architecture search (NAS), exhibiting a substantial overlap be-
tween the two, though the techniques for HPO and NAS are often substantially different.
The process of HPO entails the selection of optimal parameters for a given task, with the
objective of maximizing the accuracy of the model. To address this challenge, various HPO
algorithms [224] have been developed over time to automate the selection process, thereby
facilitating more expeditious and efficient parameter optimization. The optimization proce-
dure typically employs an iterative approach, wherein all parameter values are continuously
adjusted to ascertain the optimal values.
The NAS method [225–227] is an automated approach that traverses the architecture search
space for a given task and generates models with the capacity to compete with hand-crafted,
state-of-the-art architectures. The primary focus of NAS is the optimization of architectural
topology, which can exhibit greater complexity in comparison to the HPO approach.

2.5 Motivation

Scalable general purpose QC requires the automation of the complete tuning workflow. De-
spite advances, challenges persist in scaling these automated methods across increasingly
complex QD arrays. A primary challenge is achieving consistency in device tuning because
heterogeneity in material properties and environmental noise levels necessitates adaptable,
robust tuning models. As QD qubit arrays continue to expand, the deployment of advanced
ML architectures is expected to play a pivotal role in enabling scalable, high-fidelity tuning
across diverse architectures and device platforms.
Presently, the majority of data processing, tuning, and control operations work on external
room-temperature hardware and wiring, which introduce latency, thermal load, and noise,
thereby limiting the velocity and fidelity of quantum operations. To address these challenges,
integrating data processing within the cryostat environment is imperative, signifying a nec-
essary paradigm shift. Disposing the "wiring bottleneck" [228–233] minimizes the length and
complexity of signal pathways and reduces signal distortion, thermal crosstalk, and signal
attenuation. Furthermore, the cryogenic integration enables localized real-time feedback for
autonomous measurement routines, thereby significantly enhancing the reliability and adapt-
ability of multi-qubit systems. Advanced cryogenic electronics, such as low-noise amplifiers,
multiplexers, and on-chip ML units, have the potential to further decrease the overhead asso-
ciated with transferring large datasets to room-temperature processors [229, 230].

Efforts to develop robust data analysis solutions are accompanied by parallel initiatives to
reduce complexity, a critical step toward scalability. Achieving this objective necessitates a
deliberate examination of various factors. One way involves the minimization of data and
measurement time by substituting two-dimensional measurements with a reduced set of one-
dimensional measurements [88, 89]. However, transitioning the data acquisition to a cryostat
environment introduces challenges, including diminished measurement precision due to the
demanding conditions. Consequently, an initial increase in the volume of measurement data
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may be required to ensure robust and reliable analysis. Therefore, the selection of analysis
techniques must be made with these considerations in mind.

The development of an efficient tuning framework requires a comprehensive model of the
tasks in the different stages, along with their requirements and goals. Moreover, the depen-
dencies of the various tasks must bemodeled to ensure that the interfaces are compatible. This
model facilitates the identification of crucial parts in the tuning workflow with high potential
for data transmission reduction.
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Chapter3
Experimental Setup and Identification of Crucial

Tuning Steps

This chapter is dedicated to the exposition of the experimental setup, accompanied by a
thorough delineation of the hardware configuration and the GaAs samples that were

utilized in the present study. It identifies crucial steps in the tuning process with significant
potential for optimization, focusing on processes that are critical to qubit scalability. Addition-
ally, it explicates the required measurements and data acquisition techniques, thereby provid-
ing a comprehensive framework for understanding the required data analysis tasks. While the
research is specific to this experiment, the results are transferable to other architectures.

3.1 Qubit Experiment

The qubit experiment on which this work is based aims to form DQDs to use them as singlet-
triplet spin qubits. It uses a GaAs sample similar to the one described by Volk et al. [62],
with a gate layout designed for the formation of two DQDs and a corresponding SD each.
Figure 3.1 illustrates the arrangement of the gates that form the regions for the SDs and QDs.
The sample is cooled to millikelvin temperatures in a dilution cryostat and the signal lines
are progressively thermalized along successive temperature stages, as illustrated in Figure 3.2.
Botzem [234] and Cerfontaine [235] describe the overall experiment setup, while Figure 3.3
shows the schematic representation of the signal path.
The sample printed circuit board (PCB) contains the current sample with the gates for the SDs
and QDs. In the direct current (DC) part, a digital-to-analog converter (DecaDAC) processes
and generates the gate voltages. Then, the voltages are filtered by the breakout box before
they enter the level cooled to 55 K. At this stage, 12 twisted pairs of DC lines (constantan
looms) transmit the signals to the RC filter box, which operates at only 10mK. Subsequent to
the filtering process, the voltages reach the gates on the sample PCB.
The RF part implements a homodyne detection setup. A single tone generated by an RF source
is sent via a coaxial cable and a circulator to the sample PCB where it is matched to the SD
impedance by an LC tank circuit. The circulator directs the signal reflected at the sample to a
second coaxial cable. Amplitude and phase of the reflected RF signal are sensitive to changes
in the impedance of the sample, allowing the inference of charge dynamics. This signal is
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Figure 3.1: Arrangement of the DQD array and SD gates. Blue spots mark SD regions and
orange spots QD areas. The gates 𝑆𝐿1, 𝑆𝑃1, and 𝑆𝑅1 form the left SD, the gates 𝑆𝐿2,
𝑆𝑃2, and 𝑆𝑅2 the right one. One DQD is formed by the gates 𝐵1, 𝑃1, 𝐵2, 𝑃2, and 𝐵3
and another one by the gates 𝐵3, 𝑃3, 𝐵4, 𝑃4, and 𝐵5.

thermalized by a sapphire stripline and amplified at 3.5 K and at room temperature, where it
is demodulated, low-pass filtered, and finally digitized using a PCI Express card.

Throughout this work, measurement values are reported in arbitrary units (a.u.), because the
RF reflectometry constitutes relative changes and is not calibrated to an absolute scale.

As reported by Botzem [234] and Cerfontaine [235], charge noise and thermal noise are the
most relevant noise sources for semiconductor QD systems (see Table 3.1). Dial et al. [236]
state that charge noise exhibits pink characteristics. Quantitatively, the PSD of colored noise
follows

𝑆1/𝑓 =
𝑆0
𝑓 𝛼

, (3.1)

where 𝑆0 is a device-specific constant, 𝑓 represents the frequency, and 𝛼 ∈ [0, 2] specifies the
spectral slope. An 𝛼 of approximately one characterizes pink noise, which is also referred to
as 1/𝑓 -noise.
Thermal noise, also referred to as Johnson-Nyquist noise, has a nearly Gaussian amplitude
distribution if limited to a finite bandwidth [237]. In electronic devices, the constant, named
white, PSD characteristic of thermal noise depends on the temperature and the resistance,
following

𝑆𝑉 = 4𝑘𝐵𝑇𝑅 , (3.2)

where 𝑘𝐵 is Boltzmann’s constant, 𝑇 the absolute temperature, and 𝑅 the resistance, which
corresponds to the real part of the complex impedance.
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Table 3.1: Most relevant noise sources in QD systems according to Botzem [234] and Cer-
fontaine [235].

Noise type Noise source Frequency Probability
characteristics distribution

Charge noise Fluctuating charges in the heterostructure Pink Gaussian
Thermal noise Thermal agitation of the charge carriers in the amplifier White Gaussian

3.2 General Tuning Workflow

Tuning a semiconductor QD is a multifaceted process that involves a series of steps, as pre-
viously outlined in Section 2.3 and visualized in Figure 3.4. Hereinafter, these steps are in-
tegrated into a comprehensive tuning workflow for the current experiment and assigned to
different stages, as depicted in Figure 3.4. The operational sequence of the superordinated
stages is depicted in Figure 3.5.

The tuning process begins with the bootstrapping, which involves the setup of the measure-
ment equipment and an initial characterization of the gates (refer to Figure 3.6). This is
achieved by testing the capability of each gate to pinch-off the underlying 2DEG-channel,
beginning with the depletion gates (denoted as 𝐷𝐿 and 𝐷𝑅 in Figure 3.1) and progressing
with the "finger" gates (specifically, 𝑆𝐿𝑖 , 𝑆𝑃𝑖 , 𝑆𝑅𝑖 , 𝐵𝑖 , and 𝑃𝑖 in Figure 3.1). The pinch-off values
obtained from these measurements serve as a reliable starting point for adjusting the gate
voltages in subsequent tuning steps. Following this, the tunability of the dot is assessed by
determining the feasibility of dot formation. This is typically verified by observing Coulomb
blockade signatures in conductance measurements.

The subsequent step involves the coarse tuning of the QDs (see Figure 3.7). The calibration
of the SD is the initial step in the coarse tuning process (see Figure 3.8). These tuning steps
typically rely on observations of the conductance characteristics of the SD. Initially, the forma-
tion of the SD is achieved bymeasuring a barrier-barrier conductancemeasurement wide-scan
and selecting the region exhibiting Coulomb oscillations1 (see sensor tuning in Figure 3.4), fol-
lowed by the setup of the RF reflectometry. Subsequent measurements are conducted using
RF reflectometry.
The Coulomb oscillations region is delimited prior to performing barrier-barrier narrow-scans
to select a suitable Coulomb peak flank2 (see sensor tuning in Figure 3.4). This is an iterative
step, which consists of repeatedly performing measurements, detecting the Coulomb peak
flanks, assessing their quality, and adapting the voltages for the subsequent scan. A Coulomb
peak flank is considered to be of high quality if it is as steep as possible with low noise charac-
teristics because this indicates an optimal sensitivity. Depending on the specific application,
there may also be a preference for broad Coulomb peak flanks, which necessitates a trade-off
with steepness (e.g. to have a wider suitable range for subsequent tuning steps).
1Coulomb oscillations are voltage-dependent oscillations in conductance through a QD.
2Flank refers to the rising or falling slope of a Coulomb peak in a conductance trace.
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Figure 3.4: Overview of qubit tuning steps.
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3 Experimental Setup and Identification of Crucial Tuning Steps

The tuned SD enables the coarse tuning of the computational QDs. Initially, the first QD of the
array in Figure 3.1 is formed. This is accomplished by recording either barrier-barrier scans
and/or plunger-barrier scans. In instances where the dot is formed using barrier-barrier scans,
the plunger can be calibrated using one-dimensional plunger scans.
Subsequently, the precise number of electrons in the first array dot is adjusted to one, em-
ploying either barrier-barrier or plunger-barrier scans and observing CTs. At this stage, a
cross-capacitance matrix can be established for the first array dot and the SD, expressed in the
form of lever arms that quantify the capacitive coupling between the various gate electrodes
and dot potentials. This cross-capacitance matrix facilitates the compensation of undesired
effects on other potentials in the device that arise during the application of voltage changes to
a gate with the objective of adapting a specific potential. The compensation is achieved using
so called "virtual gates", which are a linear combination of multiple physical gates. It is imper-
ative to note that this cross-capacitance matrix undergoes continuous adaptation during the
tuning process.
In the present case, the further QDs are added iteratively by first forming the next neigh-
bored dot in the array using the newly added plunger and barrier gates, adjusting to the last
electron, and updating the cross-capacitance matrix. Plunger-plunger scans are employed to
reach the desired number of electrons in the DQDs. The cross-capacitance matrix is updated
in the following manner: For each gate that is either currently in use or will be utilized in
the subsequent step, the (relative) lever arm toward the previously used plungers (at least the
last 1-2) is measured by sweeping a plunger gate and determining the shift in the CT of the
corresponding QD if another gate is stepped.

Finally, when all QDs of the array are in the single electron regime, the fine tuning proce-
dure is initiated [76]. This step entails the characterization and optimization of several DQD
properties to prepare reliable qubit operations. Initially, the inter-dot tunnel couplings are
adjusted by modifying the barriers between two QDs and the lead-to-dot tunnel couplings by
altering the barriers between the leads and their neighboring QDs. Then, different points and
transitions have to be located in the DQD voltage space, including:

• the measurement point (subject to spin blockade),
• the singlet reload point (enables to reload a DQD in the singlet state),
• the 𝑇+ reload point (enables to reload a DQD in the 𝑇+ state), and
• the 𝑆𝑇+ transition.
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3.2 General Tuning Workflow

Figure 3.5: Sequence diagram for the highest level automated qubit tuning functionalities.

Figure 3.6: Sequence diagram for the sample characterization (referenced in Figure 3.5).
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3 Experimental Setup and Identification of Crucial Tuning Steps

Figure 3.7: Sequence diagram for the coarse tuning, which is referenced in Figure 3.5.

32



3.2 General Tuning Workflow

Figure 3.7 (continued)
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3 Experimental Setup and Identification of Crucial Tuning Steps

Figure 3.8: Sequence diagram for the sensor tuning, which is referenced in Figure 3.7.
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3.2 General Tuning Workflow

Figure 3.8 (continued)
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3 Experimental Setup and Identification of Crucial Tuning Steps
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Figure 3.9: Wide scan data3 of a SDwith a red boxmarking the region-of-interest that contains
the Coulomb oscillations. In this region a SD has been formed and can be further
adjusted.

3.3 Crucial Steps for the Automation of Sensor Dot
Tuning

Tuning a SD for charge detection involves several critical steps, as depicted in the previous
section, to ensure high sensitivity and reliability. First, the device must be configured to es-
tablish a stable Coulomb blockade regime, achieved by adjusting the gate voltages to control
the tunnel barriers and dot occupancy. Next, the working point of the SD is fine-tuned near a
SD conductance peak.
Precise tuning ensures the optimal performance of the SD for resolving single-electron tran-
sitions in nearby QDs. Typically, these tuning steps rely on observations of the conductance
characteristics of the SD. Therefore, it is crucial to analyze such data automatically. The se-
lection of the most sensitive operating point considering the signal gradient-to-noise ratio
was identified as a particularly important step in this context. This step is essential and an
enabling factor for scalable QC because it determines the quality of all subsequent measure-
ments, which in turn influence the necessary complexity of analysis techniques.
The investigation and development of suitable approaches require large amounts of labeled
data. The availability of experimentally measured data is limited, and measurement and la-
3Measurement provided by Simon Humpohl and Tobias Hangleiter from the Quantum Technology Group of
RWTH Aachen.
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3.4 Characteristical Scans for the Selection of Suitable Coulomb Peaks
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Figure 3.10: Example narrow scan3 from SD measurements. (a) SD narrow scan data. (b) Row
data of the narrow scan in (a) with 𝑆𝑅1 = -0.545 V (marked by the red arrow).

beling are time-intensive. In addition, the limitations in the control over distortions hinder
the comprehensive investigation of the requirements and constraints of different approaches.
Consequently, a high-quality simulation is eligible, enabling the production of a sufficient
amount of labeled data with strict control over the different parameters.

3.4 Characteristical Scans for the Selection of Suitable
Coulomb Peaks

The conductance 𝐺𝑠𝑑 (𝑆𝐿, 𝑆𝑅) of a SD, represented in a SD scan, is predominantly governed
by the two barrier gate voltages, designated as 𝑆𝐿𝑖 and 𝑆𝑅𝑖 , as illustrated in the gate layout of
Figure 3.1. The exemplary scan depicted in Figure 3.9 encompasses a wide voltage range, with
the objective of identifying the region exhibiting Coulomb oscillations, as delineated by the
red box. A fine or narrow scan in this region (illustrated in Figure 3.10a) sufficiently resolves
the oscillations to determine an optimal SD working point.
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3 Experimental Setup and Identification of Crucial Tuning Steps

The experimental setup and the time reduction of themeasurement result in a stepwise change
in the voltage on one axis. Concurrently, the other voltage continuously ramps up within a
defined voltage interval, and an integration process generates the measurement data. In the
discussed experiments, a narrow scan typically delivers 10 or 20 rows of data each consisting
of 1,664 data points. This distinct anisotropic two-dimensional data resolution necessitates
row-wise data analysis to avoid artifacts. Figure 3.10b shows a one-dimensional data example
of a single row.

3.5 Crucial Steps for the Automation of SpinQubit
Tuning

As delineated in Section 3.2, the process of tuning a DQD to function as a singlet-triplet spin
qubit encompasses multiple stages. Establishing a well-defined charge configuration is es-
sential here, as it provides the necessary starting point for subsequent tuning procedures.
This objective is typically accomplished by means of observing CTs through the use of two-
dimensional CSDs.
Due to the varying and often mediocre data quality, the analysis is considered a complex task.
Additionally, the strengths of distortions cannot be controlled, making it impossible to compre-
hensively investigate the requirements and limits of different analysis approaches. Therefore,
an appropriate CSD simulation is imperative for enabling the development and benchmarking
of suitable algorithms.
Additionally, the quantity of measurements and the transfer of the full CSDs to the room-
temperature domain result in scalability challenges, characterized by limited bandwidth and
inadequate heat dissipation. At this stage, the essential information is the occurrence of the
CTs as a binary value. Consequently, the efficient detection of this information in the cryostat
is considered a pivotal factor in reducing the volume of data to be transmitted.
The integration into the cryostat necessitates the minimization of the complexity of dedicated
CT detection approaches, given limitations such as spatial constraints and dissipated heat.

3.6 Charge Stability Diagrams

CSDs are graphical representations that map the stable charge configurations of QDs as func-
tions of gate voltages. These diagrams are instrumental in the characterization of QDs and
the determination of their charge occupancy under varying electrostatic conditions. These
insights are essential for understanding the formation and tunability of QDs, which is crucial
for the utilization of QDs as spin-based qubits [39].

To measure a CSD, the device is typically tuned into a regime where discrete charge states
emerge due to strong Coulomb interactions. The measurement of the CSD involves the sweep-
ing of two gate voltages (typically two plunger gates, e.g. 𝑃1 and 𝑃2 in Figure 3.1, which con-
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3.6 Charge Stability Diagrams
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Figure 3.11: Visualization of the characteristic structure of CSDs, adapted from the work of
Hanson et al. [31]. Black lines indicate LDTs and orange lines IDTs. Electron oc-
cupations of the two QDs are labeled (𝑁1, 𝑁2). The structure in (a) is not affected
by any coupling effects, while (b) takes cross capacitance effects between 𝑃1 and
QD 2 as well as 𝑃2 and QD 1 into account. In (c), the effect of the tunnel coupling
is included, which leads to a rounding at the triple points.

trol the electrochemical potentials of adjacent QDs), while monitoring the conductance of a
nearby SD functioning as a charge sensor (see Section 2.2.2).

The structure of CSDs is illustrated in Figure 3.11. Assuming that the electrochemical poten-
tial of the two QDs were entirely independent of each other, the lines corresponding to LDTs
would exhibit a precise linear configuration, as depicted in Figure 3.11a.
However, due to existence of a capacitive coupling between the dots, the electron occupation
of one dot has a direct effect on the electrostatic energy of the other dot. This phenomenon
gives rise to inclined LDTs and a splitting of the cross point into two triple points. As a result,
the characteristic honeycomb pattern in Figure 3.11b emerges. The effect described herein is
further propelled by the direct coupling of 𝑃1 to QD 2 and vice versa of 𝑃2 to QD 1. Concur-
rently, the inderdot capacitance governs the spatial separation of the triple points within the
CSD.
In the presence of a low source-drain bias, the electron transport through the DQD is con-
strained to triple points, which energetically allow tunneling through all adjacent CTs. There-
fore, measuring the current through the DQD is not suitable to resolve the whole structure.
In contrast, noninvasive charge sensing techniques, which are characterized by their excep-
tional sensitivity, allow to identify any alteration in electron occupation. This property en-
ables the revelation of the complete set of CT lines, encompassing both LDTs and IDTs, which
are depicted in Figure 3.11b as black and oranges lines respectively.
The CSD structure in Figure 3.11b is consistent with the characteristics observed in the low
tunnel coupling regime. With increased tunnel coupling, the electrons are no longer fully
localized in a single QD; instead, they occupy molecular-like orbitals that span both dots
[39]. This phenomenon leads to rounding of the LDTs at the triple points, as illustrated in
Figure 3.11c.
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3 Experimental Setup and Identification of Crucial Tuning Steps
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Figure 3.12: Example of a CSD over a large voltage range with the characteristical honeycomb-
like pattern. Electron occupations of the two QDs are labeled (𝑁1, 𝑁2).

Figure 3.12 exemplary illustrates the appearance of a CSD using a SD. The previously de-
scribed characteristic structure becomes visible as a jump in the conductance of the SD, caused
by the capacitive coupling of the SD to the DQD. In the lower left corner, the DQD is com-
pletely depleted. The identification of this region enables the retrieval of the charge configu-
ration for other regions through the counting of CTs.

3.7 Conclusion

CSDs play an important role in the qubit initialization and manipulation, providing a visual
framework for optimizing tunnel couplings, charge configurations, and valley splitting in QDs.
The precise interpretation of CSDs is essential for ensuring the reproducibility and scalability
of qubit devices in large-scale quantum processors. Due to this fact and with respect to the
higher complexity of the detection, this step is identified as most crucial task and therefore
prioritized in the following work.
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Chapter4
Simulation of Charge Stability Diagrams for

Automated Tuning Solutions (SimCATS)

Development of tuning algorithms based on ML and classical methods, quality assess-
ment of a solution, and fair comparison of different approaches benefit from publicly

available datasets. Simulations can generate the necessary number of datasets along with the
corresponding ground truth data for these tasks.

Simulating the transport of semiconductor QD systems on classical computers is a demanding
task that incorporates phenomena such as Coulomb blockade [238–240], Pauli spin blockade
[241], or SD response [60]. Specific models ease the calculation of CSDs [242] that are funda-
mental for spin-based quantum computation regarding qubit manipulation and information
readout.
The constant interaction model (CIM) [31, 39, 61, 243] describes the electronic states of QDs
and parametrizes the onsite and intersite Coulomb interactions as a network of capacitors,
resistors, and leaky capacitors1 between dots, gates, and leads. While this model satisfacto-
rily explains many aspects of experiments, it is important to note that it does not incorporate
quantum effects that deform the modeled CSDs, sometimes substantially.
Theories capable of considering both classical and quantum effects are necessary to under-
stand the quantum aspects of CSDs and improve their usefulness. The Thomas-Fermi capac-
itive model [81] employs the Thomas-Fermi approximation [244] to calculate the electron
density of the islands and derive an estimate of inverse capacitive elements for a capacitance
model in a given potential profile. It also models the electron transport using a Markov chain
among charge states incorporating single electron tunneling rates between islands or to con-
tacts calculated under the Wentzel-Kramers-Brillouin tunnel probability [245].
The quantum-mechanical two-level model [246–250] derives the tunneling of a single elec-
tron between two dots from the probability crossover of the two eigenstates, and Zhang et al.
[251] investigated its influence on the CSD.
Gaudreau et al. [252] and Korkusinski et al. [253] fundamentally demonstrated the capability
of Hubbard models (HMs) to describe CSDs for triple-QD systems. Subsequently, Yang et al.
[254], Das Sarma et al. [255], and Wang et al. [256] proposed a generalized HM as the quan-
tum generalization of the classical CIM, incorporating quantum effects such as spin exchange,

1A leaky capacitor is modeled as an ideal capacitor in parallel with a resistor.
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4 SimCATS

pair-hopping, and occupation-modulated hopping. However, the generalized HM focuses on
the electronic interaction within the QD system itself while disregarding environmental fac-
tors contributing to the decoherence including the hyperfine interaction with the nuclear spin
bath [257, 258], the coupling to background impurities [259, 260], and the phonon modes [261,
262].

The models frequently find their application in ML approaches for automated measurements
[95, 263, 264], in tuning of QDs devices [81, 265, 266] and in providing reference datasets
for tuning and testing purposes [86, 267]. Additionally, a group of simulators focuses on
the simulation and design of semiconductor-based information devices including the gener-
ation of CSDs [268–272]. This group of simulators employs a range of methods, including
the Schrödinger equation, the nonlinear Poisson equation, master equations (Pauli, Redfield,
Lindblad), first- and second-order von Neumann approaches, the real-time diagrammatic ap-
proach, the configuration interaction method, and many-body solvers.
Finally, some simulators focus exclusively on the CSD simulation. The SIMON simulator [273]
is a notable example, as it utilizes the CIM and theMonte Carlomethod for themaster equation
to implement tunnel junctions in the context of single-electron tunnel devices and circuits. Al-
though the Python-based QTT framework [274] was designed for the tuning and calibration
of QDs and spin qubits, it offers simulation functions for the calculation of CSDs based on the
CIM. The system parameters are used to establish the Hamiltonian, calculate the eigenvalues,
determine the occupation numbers, and derive the CSD. In addition to the CIM-based sim-
ulation, the QuDiPy project [275] implements the HM of Das Sarma et al. [255] to generate
simulated CSDs.

While physical models have enabled the acquisition of valuable insights, they are encumbered
by substantial limitations when employed in the context of algorithm development. The com-
putational demands of thesemodels impede the rapid generation of datasets, and their reliance
on fully-understood physics limits their capacity to reproduce all the features observed in ex-
periments. Moreover, the necessity of precise device-specific parameters – often difficult or
impractical to obtain – limits their usability. These challenges underscore the necessity for
alternative simulation approaches that prioritize empirical realism, versatility, and efficiency
over exhaustive physical modeling, particularly to support scalable, data-driven methods.

In this work, a generic framework for simulating CSDs is proposed, integrating the necessary
functionalities tomimic experimental data. In contrast to the aforementioned approaches, this
framework employs a geometric model for the versatile simulation of the ideal CSD2 that does
not require knowledge of the physical device parameters. This facilitates the efficient recon-
struction of measurement data solely based on parameters describing the geometry observed
in previously recorded data.

2In this context, ideal refers to simulated undisturbed (ground truth) data.
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4.1 Simulation Model

Figure 4.1: Interfaces of the simulation class of the simulation framework SimCATS. The
Python package includes standard implementations.

4.1 Simulation Model

The simulation model integrates the simulation of the occupation probabilities (Section 4.1.1),
the sensor response (Section 4.1.2), and multiple types of distortions (Section 4.1.3) into a
unified framework, thereby providing a comprehensive simulation of CSDs. The conceptu-
alization of the framework is designed to emulate the experimental setup to the greatest ex-
tent possible. Specifically, the design prioritizes integrating flexibility to support diverse dot
regime and charge state tuning experiments. Consequently, the framework enables users

• to perform two- and one-dimensional measurements,
• to measure in different directions with consideration for the time-dependent nature of spe-
cific distortion types,

• to switch to diverse sensor configurations, such as for multi-sensor samples, and
• to deactivate distortions selectively.

All components of the simulation are interchangeable and defined through straightforward
interfaces, as illustrated in Figure 4.1.

4.1.1 Dot Occupation Model

The electron occupation of the dots constitutes the fundamental basis for the CSD simulation.
The presented occupation model is purely geometric and, in contrast to available physical
models, provides the flexibility and simplicity to support the different honeycomb shapes
observed in DQD measurements. The fundamental idea is to describe a CSD as a series
of total charge transitions (TCTs), representing the borders between regions containing a
fixed number of electrons in the system. As illustrated in Figure 4.2, this representation in-
volves the separation of regions containing 𝑖 − 1 and 𝑖 electrons by the total charge transition
𝑡𝑐𝑡𝑖, 𝑖 = 1, ..., 𝑛.
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Figure 4.2: Representation of the separation between regions with fixed numbers of electrons
using TCTs. The solid lines represent TCTs affected by inter-dot tunnel coupling,
while the dashed lines indicate the LDTs without tunnel coupling.

The orientation of the LDTs in the two-dimensional voltage space is contingent on the ca-
pacitive coupling of several gates. Nevertheless, the lead-to-dot transition 𝑙𝑑𝑡𝑖, 𝑗 associated
with 𝑡𝑐𝑡𝑖 is predominantly influenced by the plunger gate 𝑃 𝑗 of quantum dot 𝑞𝑑 𝑗 or, in the
case of employing virtual gates, it is exclusively affected by the virtual plunger gate 𝑃𝑣𝑗 . For
the representation in Figure 4.2, the slope of 𝑙𝑑𝑡𝑖,1 is in the interval [−∞,−1) (−∞ for virtual
gates) and the slope of 𝑙𝑑𝑡𝑖,2 is in the interval (−1, 0] (0 for virtual gates). To ensure definite-
ness of the slopes in the mathematical sense, a parametric representation of the TCTs in a
voltage space (𝑉 ′

𝑃1
,𝑉 ′

𝑃2
) is proposed. This space originates from (𝑉𝑃1,𝑉𝑃2) through an affine

transformation corresponding to a 45◦ rotation. This results in slope intervals of [−1, 0) for
𝑙𝑑𝑡𝑖,1 and (0, 1] for 𝑙𝑑𝑡𝑖,2. Depending on the inter-dot tunnel coupling, the TCT exhibits curves
at triple points, where 𝑙𝑑𝑡𝑖,1, 𝑙𝑑𝑡𝑖,2, and an IDT intersect. Consequently, the composition of a
TCT consisting of linear segments and Bézier curves, visualized in Figure 4.3, ensures twice
continuous differentiability.
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Figure 4.3: One-dimensional TCT description (rotated). The blue dashed line indicates the
TCT devoid of tunnel coupling, while the blue solid line signifies the TCT with
tunnel coupling.

The subsequent parameters delineate 𝑡𝑐𝑡𝑖 :

1. 𝑠𝑖, 𝑗 : 𝑉 ′
𝑃1
-intercept of 𝑙𝑑𝑡𝑖, 𝑗 , ( 𝑗 = 1, 2),

2. 𝑚𝑖, 𝑗 : slope of 𝑙𝑑𝑡𝑖, 𝑗 , ( 𝑗 = 1, 2),

3. 𝑏𝑖,2: Bézier anchor on 𝑙𝑑𝑡𝑖,2 that marks the starting point of the curved segment of the
first triple point of 𝑡𝑐𝑡𝑖 ,

4. 𝑏𝑖,1: Bézier anchor on 𝑙𝑑𝑡𝑖,1 that marks the end point of the curved segment of the first
triple point of 𝑡𝑐𝑡𝑖 .

Utilizing this set of parameters, enables the complete construction of a TCT through the rep-
etition of linear segments, the Bézier curve, and its 180◦ rotation. Moreover, the intersection
of the two LDTs constitutes the required center Bézier anchor 𝑏𝑖 :

𝑃 ′1𝑏𝑖
=
𝑃 ′2𝑏𝑖,2

− 𝑃 ′2𝑏𝑖,1
+ 𝑃 ′1𝑏𝑖,1

·𝑚𝑖,1 − 𝑃 ′1𝑏𝑖,2
·𝑚𝑖,2

𝑚𝑖,1 −𝑚𝑖,2
(4.1)

𝑃 ′2𝑏𝑖
= 𝑃 ′2𝑏𝑖,2

+𝑚𝑖,2 · (𝑃 ′1𝑏𝑖 − 𝑃 ′1𝑏𝑖,2
) . (4.2)

The 𝑉 ′
𝑃1
-intercept of only the linear part is

𝑙𝑖, 𝑗 = 𝑠𝑖, 𝑗 − 2 · | (𝑃 ′1𝑏𝑖,𝑗 − 𝑃 ′1𝑏𝑖
) | . (4.3)

Depending on the identifier 𝑖 of the TCT, the number of Bézier curves and triple points is
limited to

𝑛𝑡 = 2 · 𝑖 − 1 . (4.4)

45
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Existing TCTs allow the calculation of the electron occupation. In the area between 𝑡𝑐𝑡𝑖 and
𝑡𝑐𝑡𝑖+1, there is a total of 𝑖 electrons in the system. Their distribution to the two QDs 𝑞𝑑1 and
𝑞𝑑2 is determined as follows:

1. The connecting vector from the triple point of 𝑡𝑐𝑡𝑖 to the opposite triple point of 𝑡𝑐𝑡𝑖+1
represents the IDT 𝑖𝑑𝑡𝑖,𝑘 , 𝑘 ∈ {1, ..., 𝑖}.

2. Across each 𝑖𝑑𝑡𝑖,𝑘 , a sigmoid function orthogonal to it approximates the Fermi distribu-
tion.

3. The superposition3 of all sigmoid functions represents the electron occupation of 𝑞𝑑1.

4. The difference between the total number of charges 𝑖 and the occupation of 𝑞𝑑1 results
in the occupation of 𝑞𝑑2 .

4.1.2 Sensor Model

The sensor response or sensor signal is calculated at each point in the CSD using the simulated
occupation information and the sensor characteristic distinguished by the selected Coulomb
peak.
Besides the required capacitive coupling of the SD to the DQD, the SD also cross-couples to
the plunger gates of the DQD. In the context of CSDs, the former enables the observation
of electron occupation changes as edges, while the latter manifests as undesired value shifts
within the honeycombs4. It is imperative that the simulation incorporates both of these com-
ponents.
The following model is proposed for the sensor response 𝑆 [276]:

𝜇𝑆𝐷 =
2∑
𝑗=1

[
𝛼 𝑗 · 𝑁 𝑗 + 𝛽 𝑗 ·𝑉𝑃 𝑗

]
+ 𝜇𝑆𝐷,0

𝑆 (𝜇𝑆𝐷) = 𝑆𝑜 𝑓 𝑓 + 𝑎 · 𝛾2

𝛾2 + (𝜇𝑆𝐷 − 𝜇0)2
,

(4.5)

where 𝑗 is the index of the corresponding plunger gate. In this model, the electrochemical
potential of the SD, represented by 𝜇𝑆𝐷 , is influenced by the number of electrons 𝑁 𝑗 in the
dots and the voltages𝑉𝑃 𝑗 applied to the plunger gates together with their corresponding lever
arms 𝛼 and 𝛽 . Effectively, 𝛼 influences the sharpness of the edges and 𝛽 the drifts within the
honeycombs. It is important to note that both effects are counteractive: the former is negative,
while the latter is positive. Furthermore, the initial potential 𝜇𝑆𝐷,0 of the SD contributes to the
overall potential.
A simplified Lorentzian approximation is used to model 𝑆 (𝜇𝑆𝐷) [243] (see Figure 4.4a). The
parameter 𝛾 defines the width of the Lorentzian, and 𝜇0 specifies the potential at the peak. As
3Here, superposition denotes mathematical function combination.
4The undesired coupling between the DQD plunger gates and the SD can be compensated by using virtual
gates.
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Figure 4.4: Simulation of the sensor response. (a) The measured sensor response is shown in
blue, with a Lorentzian fit shown in orange. (b) An example of the sensor response
simulated on the left flank of the peak is shown. This results in rising value shifts
with rising voltages in the CSD.

linear filters transform the sensor response in the experimental setup, a scaling factor 𝑎 and
an offset 𝑆𝑜 𝑓 𝑓 parametrize the Lorentzian. Figure 4.4b shows an example of a simulated CSD
that includes the cross-coupling effects.

4.1.3 Distortions Model

The simulation of realistic CSDs requires the consideration of occurring distortions [265, 267,
276]. In the ensuing discussion, the identified distortion stages are defined, the relevant dis-
tortion types are assigned to these, and their sources, simulation, and the required parameters
as they typically appear in measurement setups similar to the one used in this work (see Sec-
tion 3.1) are described. It is further assumed that the samples and their layout are sufficiently
reliable for scalability, i.e., the presence of a spurious QD under the barrier gates or intensively
moving QDs are negligible. This is a prerequisite for the construction of functional quantum
computers. Under the assumption that the measurement is performed at a slow enough rate,
effects such as latching can be neglected here.

4.1.3.1 Distortion Categories

The following is proposed: the CSD distortions should be assigned to three categories based
on their impact point in the signal path, due to the nonlinear dependencies observed in the
measurements:

cat. 1: Occupation distortions,

cat. 2: SD potential distortions, and

cat. 3: SD response distortions.
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Figure 4.5: Examples of the simulated sensor response and distortions. Distortions affecting
the sensor (cat. 2 and 3) are visualized in combination with a sensor response. (a)
Ideal CSD, (b) ideal CSD with occupation transition blurring (cat. 1), (c) ideal CSD
with dot jumps (cat. 1), (d) ideal CSD with sensor response, (e) ideal CSD with
sensor response and pink noise (cat. 2), (f) ideal CSD with sensor response and
RTN (cat. 2), (g) ideal CSD with sensor response and RTN (cat. 3), and (h) ideal
CSD with sensor response and white noise (cat. 3).

Distortions of the first category alter the simulated occupations of the DQD. The category
includes dot jumps and temperature broadening, the latter leading to occupation transition
blurring.
The category of SD potential distortions includes both the random telegraph noise (RTN) and
pink noise. It is imperative to differentiate these from undesired effects on the nonlinear SD
response, primarily white noise and RTN.

4.1.3.2 Dot Jumps

The occurrence of dot jumps is attributable to deterministic charge-trapping effects on the
QDs, arising from fabrication-related imperfections. These imperfectionsmanifest as displace-
ments within the occupation structure of a CSD [267]. These jumps are simulated by shifting
a block of columns horizontally, as illustrated in Figure 4.5c, or a block of rows vertically. The
occurrence of these jumps is simulated by a geometric distribution of the jump extension,
while a Poisson distribution of the jump amplitude determines their intensity [267].
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4.1.3.3 Occupation Transition Blurring

The thermal occupation of states in the reservoir results in a broadening of the LDTs, which
follows the Fermi-Dirac distribution under the assumption that the density of states is con-
stant [277]. This effect is simulated by applying a one-dimensional Fermi-Dirac filter kernel
along the measurement direction5.

4.1.3.4 Pink Noise

Pink noise, also referred to as 1/𝑓 or flicker noise, has been observed in a wide range of elec-
tronic devices and is attributed to the inherent heterogeneity of electronic components, such
as oxide traps or lattice dislocations [278]. Its PSD is inversely proportional to the frequency
and manifests as stripes in line-wise measured CSDs.
The algorithmic generation of pink noise is described by Timmer and König [279] and imple-
mented in the Python module colorednoise [280]. In the simulation, pink noise is applied to
the sensor potential, increasing its visibility in regions with high gradients due to the nonlin-
ear sensor response. This phenomenon aligns with the observations reported in experimental
data [79].

4.1.3.5 Random Telegraph Noise

As stated in the literature, RTN is characterized by its random switching between two ormulti-
ple discrete levels [278], a phenomenon also referred to as burst noise. This dynamic behavior
arises from time-dependent random capture or emission processes of charge carriers, induced
by oxide traps [281]. The PSD of this noise is proportional to 1/𝑓 2, at frequencies that are sig-
nificantly larger than the corner frequency. In line-wise measured CSDs, RTN manifests as
stripes with a well-defined temporal start and end (see Figure 4.5f).
The occurrence of bursts is simulated using a geometric distribution for their extension and
a normal distribution for their amplitude [267].
Jumps predominantly manifest as noise on the sensor potential, but also occur in the sensor re-
sponse. Consequently, it is proposed to consider the additional inclusion of RTN in distortion
category 3.

4.1.3.6 White Noise

In the system under consideration, white noise, characterized by a constant PSD, originates
from thermal and shot noise. Thermal noise is attributed to the thermal agitation of charge
carriers in an electrical conductor [282], while shot noise is traced back to discrete charges in
the current flow and does not relate to a operating temperature of the system [283].
In measured data, the amplitude distribution of thermal noise is nearly Gaussian, while that
5For the presented results the Fermi-Dirac filter was still approximated by a Gaussian filter kernel.

49



4 SimCATS

of shot noise is Poissonian. However, given the closeness of the normal distribution to the
Poisson distribution, the simulation combines both noise types into a single Gaussian distri-
bution with standard deviation 𝜎𝑤 . Additionally, it is assumed that they solely accrue after the
sensor, as their dominant components result from the amplification of the sensor signal.

4.2 Parameter Extraction

The parameters for simulating CSDs are exemplarily extracted from the GaAs sample6, which
is described in Section 3.1. The extraction approach is independent of the specific sample
employed.

4.2.1 Extraction of Occupation Data Parameters

The extraction of parameters describing the structure of CSDs can be achieved through the
utilization of previously recorded measurements.
Each TCT under consideration requires the parameters delineated in Section 4.1.1. The ex-
traction process is facilitated by manual labeling of the TCTs. It is noteworthy that the
preservation of parameters for all TCTs is not a prerequisite. Instead, the establishment of
a transformation rule that generates the subsequent TCT from a preceding one is feasible.
This transformation rule can be implemented through shifting of the TCT and adjusting of
𝑤𝑖𝑑 based on observed relations.

4.2.2 Extraction of Sensor Parameters

Measured sensor scans used for the extraction of parameters describe the sensor response as a
function of the voltage applied to the plunger gate of the corresponding SD. Furthermore, the
proportionality of the electrochemical sensor potential to the SD plunger gate is employed in
the subsequent analysis.
Fitting the Lorentzian to the experimental sensor scan ascertains the parameters 𝑆𝑜 𝑓 𝑓 , 𝑎, 𝛾 ,
and 𝜇0 in the sensor model (Section 4.1.2). The subsequent analysis, focused on the determi-
nation of the parameters 𝛼 𝑗 and 𝛽 𝑗 , is constrained to regions within the CSD that exhibit an
overall rising value 𝑆 (𝑉𝑃1,𝑉𝑃2), corresponding to the left side in the fit 𝑆 (𝜇𝑆𝐷). This restric-
tion is attributed to the irreversible uniqueness of the Lorentzian. Subsequently, the inverse
fit function, denoted by 𝜇𝑆𝐷 (𝑆), is employed to estimate the electrochemical sensor potential
𝜇𝑆𝐷 (𝑉𝑃1,𝑉𝑃2). Within the confines of the honeycomb regions,

𝛽 𝑗 =

(
𝜕

𝜕𝑉𝑃 𝑗
𝜇𝑆𝐷

)
𝑁1,𝑁2=𝑐𝑜𝑛𝑠𝑡

(4.6)

is determined.
6The determined parameters are provided with the SimCATS package (default_configs["GaAs_v1"]) [284].
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Conclusively, within the respective LDT areas of the two dots,

𝛼𝑖 =

(
Δ(𝜇𝑆𝐷 (𝑉𝑃𝑖 ) − 𝛽𝑖 ·𝑉𝑃𝑖 )

Δ𝑁 𝑗

)
𝑁 𝑗=𝑖≠𝑐𝑜𝑛𝑠𝑡,𝑁 𝑗≠𝑖=𝑐𝑜𝑛𝑠𝑡

(4.7)

is calculated.

4.2.3 Extraction of Distortion Parameters

The distortion parameters are determined from a variety of scans. For white noise and RTN
of category 3 measured CSDs are used; for pink noise and RTN of category 2, sensor scans
are used. However, dot jumps are characterized manually in measured CSDs.

4.2.3.1 Dot Jumps

Automatic detection of dot jumps remains unattainable at this juncture. Consequently, the
amplitude and extension of the jumps are manually extracted. However, given the absence
of a discernible jump back in the CSDs, the intensity of the jumps remains the sole variable
that can be ascertained. Therefore, the extension is presumed to exceed the measured voltage
space of the experimental CSDs. Furthermore, the parameters for the two swept gates are
extracted independently, as their values are subject to variation depending on the specific
sample.

4.2.3.2 Pink Noise

The intensity of pink noise in the sensor potential can be determined using the PSD. To this
end, two-dimensional sensor scans with a high resolution on the abscissa and a low resolution
on the ordinate are examined [79].
However, it is first necessary to estimate the sensor potential. Therefore, for each measured
row, a sum of Lorentzians is fitted. If successful7 for each measured gate voltage, the corre-
sponding sensor potential is determined by computing the inverted Lorentzian of the mea-
surement value.
The PSD of the estimated potential can then be determined for each row and averaged across
different rows to obtain a more accurate approximation. The fit from Section 4.2.3.4 is em-
ployed to calculate the intensities of the white and pink noise components, as the calculated
electrochemical potential incorporates the white noise from the sensor response. However,
it should be noted that the white noise parameters utilized for the simulation were extracted
directly from the sensor response.

7Evaluated manually, cf. [79].
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Assessments of the estimation method with simulated data reveal that it generally overesti-
mates the noise by a constant factor that is contingent on the Coulomb oscillation character-
istics of the sample.

4.2.3.3 Random Telegraph Noise

The automatic detection of the RTN and its separation from the pink noise in CSDs are cur-
rently problematic, because both result in similar features. Therefore, sensor scans are manu-
ally investigated for RTNof category 2, with the extensions of bursts being determined directly
and the amplitudes from the jump being ascertained in the calculated electrochemical sensor
potential. The mean of the extensions and the mean and empirical standard deviation of the
amplitudes constitute the RTN parameters. Translating the extension of bursts into the CSD
domain during the simulation requires consideration of themeasurement time per voltage due
to the time-dependent stochastic nature of the RTN. The median of the CSD measurement
time is used as the default value.
For RTN of category 3, the extension and amplitude parameters are manually extracted di-
rectly in CSDs. The extension corresponds to the residence time and the amplitude corre-
sponds to the observed offset, as illustrated in Figure 4.5g.

4.2.3.4 White Noise

In the PSD of a CSD, white noise is predominant in the highest frequencies, while other noise
types and the signal itself prevail in lower frequencies. The PSD of white noise is given by

𝑃𝑆𝐷𝑤 = 𝑐𝑤 · 𝜎2
𝑤 . (4.8)

However, as the ratio between pink and white noise varies, a fixed corner frequency for the
noise separation cannot be determined. Thus, the sum

𝑃𝑆𝐷𝑤,𝑝 = 𝑐𝑤 · 𝜎2
𝑤 +

𝑐𝑝

𝑓
· 𝜎2

𝑝 (4.9)

of pink and white noise is fitted to the highest frequencies of the PSD computed by Welch’s
method [285] 8 from SciPy [286]. The fit is applied to the average PSD of all rows to provide
a better approximation.

The method was tested with simulated data to study its accuracy, and it was found to work
well for 𝜎𝑤 > 0.001 and tend to underestimate the intensity of white noise otherwise.

8𝑐𝑝 = 0.1 and 𝑐𝑤 = 2 for the Welch method
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4.3 Evaluation

For the purpose of assessment of the implemented simulation, a set of generated CSDs is first
subjected to a visual evaluation9 to ascertain the fidelity, diversity, and plausibility. Subse-
quently, the equivalency of the simulation to experimental data is ascertained. Finally, the
performance of the model is compared to simulations based on physical models.

4.3.1 Visual Assessment

As illustrated in Figure 4.6a a series of two-dimensional simulations were conducted. With
varying electron occupation, these simulations revealed notable alterations in the structures
of the honeycombs, which correspond to the observationsmade in experimental studies. Addi-
tionally, the distortions and sensor responses exhibited in the simulations showed significant
similarity to the measurements obtained in experimental trials, further validating the efficacy
of the simulation approach. One-dimensional simulations, illustrated in Figure 4.6b, were val-
idated against experimental data in the same manner, complementing the two-dimensional
results. These results confirm that the one-dimensional simulations also appropriately cap-
ture the essential features observed experimentally.

4.3.2 Metrics for Generative Models

The issue of comparing the statistical distributions of generated and measured data emerges
in the context of ML when evaluating generative models. However, many of the metrics em-
ployed in that field, such as the inception score [287] and the Fréchet inception distance [288],
are not applicable in this scenario. This is due to the fact that their classification method
must be trained specifically for the application in question or is pre-trained on natural im-
ages. Furthermore, a sample-based metric facilitates a more comprehensive analysis of the
deficiencies of the simulation model. Consequently, the 𝛼-precision and 𝛽-recall metrics are
employed to assess the fidelity and diversity of the generated datasets [289]. Specifically, the
𝛼-precision metric quantifies the probability that a generated sample falls within in the 𝛼-
support of the measured data, while the 𝛽-recall metric denotes the proportion of measured
samples that reside within the 𝛽-support of the generated data, in conjunction with a desig-
nated 𝑘-neighborhood10. The range of both metrics is from zero to one, with higher values
denoting more closely matched distributions of measured and generated data.
To compute the metrics, the CSDs 𝑥𝑖 are first embedded into a feature hypersphere. Therefore,

9The configuration default_configs["GaAs_v1"] provided in the SimCATS project [284] was utilized, in
conjunction with varying sensors from the study of Fleitmann [276].

10𝛼- or 𝛽-support is the minimum volume (sphere) subset of the whole set that supports a probability mass of
𝛼 or 𝛽 .
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Figure 4.6: Example of simulation results. (a) Simulation of an iterative CSD measurement se-
quence during tuning. Red boxes illustrate the individually measured CSDs, with
the dotted part indicating their overlap and the red arrows their chronological or-
der. (b) A diagonal one-dimensional scan in the voltage space of (a) with red lines
indicating the LDTs.
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an own adaptation of the MNIST_LeNet neural network 𝜙 implemented by Ruff [290] is used.
The training process is designed to minimize the loss [291]

𝐿 = 𝑅2 + 1
𝜈𝑛

𝑛∑
𝑖=1

max{0, ∥𝜙 (𝑥𝑖) − 𝑐 ∥2 − 𝑅2}, (4.10)

where 𝑅 is the radius of the hypersphere, 𝑐 represents the center, 𝜈 denotes a balancing factor,
and 𝑛 is the number of data points. A corresponding framework for training neural networks
[290] is available on GitHub.
For completeness, details on hyperparameter selection and metric computation are available
in the work of Fleitmann [276], however they are not pivotal to the present analysis.

4.3.2.1 Preprocessing and Training

Prior to the application of the neural network, a normalization process is initiated to ensure
the alignment of the disparate value ranges of the CSDs.
The network is trained with a random selection of 50% of the available 484 experimental data,
with the remaining 50% constituting the test set. To increase the quantity of the training
dataset by augmentation, rotations, flips, and random brightness and contrast changes are
applied to the CSDs using the Python package albumentations [292].

4.3.2.2 Results

In order to investigate the results, the simulation should exclusively incorporate CSDs rep-
resented in the experimental data. Thus, the parameters 𝛼 and 𝛽 are set to 1, as no further
outliers are expected. Then, it is tested whether the network can embed CSDs into a feature
hypersphere that sufficiently distinguishes CSDs from non-CSD data. Therefore, the training
set is benchmarked against the retained experimental test set. The comparision demonstrates
high precision and recall values, indicating a reasonable mapping. Following the recommen-
dation by Alaa et al. [289], the value of 𝑘 for the 𝑘-nearest-neighbor region is chosen as the
smallest value that achieves 100% recall, which in this case corresponds to nine. This choice
balances sensitivity to the distribution of the data with robustness against noise, providing a
reliable measure of the performance of the simulation. Furthermore, it is examined whether
the network embeds non-CSD data into the same hypersphere. Tests with MNIST data11 [293]
attain high precision but very low recall, indicating that they reside in a non coinciding sub-
space. Consequently, the network has been demonstrated to effectively map CSD data into a
designated feature hypersphere. The employed metrics are deemed adequate for the purpose
of evaluating the equivalency of experimental and simulated CSDs.
The metrics result in a high precision and a recall of 67.5%. Contrary to the simulated data,
it must be considered that the experimental data do not cover the entire voltage space ho-
mogeneously, but rather prefer particular regions due to the experimenter’s experience. A
11The MNIST dataset consists of images containing handwritten digits.
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Table 4.1: Evaluation results utilizing 1-precision and 1-recall. The listed datasets are com-
pared to the experimental data test set. The datasets MNIST and SimCATS contain
the same number of images as the experimental test set. Additionally, results for
expanded MNIST and SimCATS datasets, which are approximately 10 times the size
of the test set, are provided.

Dataset 1-precision [%] 1-recall (k=9) [%]
Experimental training set 98.8 100.0
MNIST 100.0 2.5
MNIST expanded 100.0 3.3
SimCATS 99.6 67.5
SimCATS expanded 99.8 79.0

comparison with approximately 10 times the amount of data increases the recall to 79.0%,
which supports the hypothesis. Conversely, utilizing 10 times more MNIST data than experi-
mental CSDs does not result in a substantial enhancement of the recall.
In summary, the simulated data align strongly with the experimental data and map their dis-
tribution to a significant extent. Nevertheless, the results indicate that the simulation does
not yet represent all experimental CSDs. As some of the available experimental datasets in-
clude anomalies from postprocessing steps not represented in the simulation, an even higher
coverage is expected for unprocessed data.

4.3.3 Performance Analysis

The geometric simulation approach is benchmarked against two typical physical simulations
regarding the execution time per simulation using an Intel Xeon w5-2455X - 3.19 GHz. For the
comparison, the parameters of the different approaches are configured so that the simulated
area covers similar structures. Then, simulations of different resolutions are performed and
the execution time is averaged over 50 runs each.
Figure 4.7 visualizes the results. It is evident from the figure that the execution time of the
physical models increases quadratically with the resolution per axis. Furthermore, the HM,
which incorporates quantum effects such as tunnel coupling, exhibits a significantly higher
execution time of up to 27.9 s (at a resolution of 500 × 500 pixels) compared to 16.1 s for the
CIM. In comparison, the execution time for the geometric model is consistently lower with
at most 0.4 s. More precisely, for resolutions in [50, 500], the execution time is in [19, 418]
ms with a memory requirement in [44.4, 90.0] MB. The moderate increase in execution time
is attributed to the fact that the the computation of TCTs is the primary determining factor
here, whereas the calculation of pixels is considerably faster.
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Figure 4.7: Average execution time of different simulation approaches in dependence on the
resolution (in pixels per axis). The time is measured as the computation per CSD
(without distortions) subsequent to initialization. The physical simulation models
implemented in QuDiPy [275] show a quadratic time performance, while SimCATS
exhibits minimal dependence on image resolution.

4.4 Outcome and Perspective

A methodology for simulating CSD data has been proposed, incorporating the most relevant
effects observed in measurements. Firstly, the model was defined, including the ideal data
generation, the sensor response, and the distortions. The TCT-based geometric representa-
tion of CSD structures enables the ideal data simulation for DQDs, independent of the sample
material and layout. The sensor model incorporates the representation of observed Coulomb
peaks as simplified Lorentzians and the dependence of the sensor potential on the lever arms
of the DQD gate voltages and occupation. A typical measurement signal path was considered,
and the distortions were assigned to three newly proposed categories, to account for the non-
linear dependencies observed in the measurements. Their source, simulation, and parameters
were subsequently defined. Then, the various model parameters included in the SimCATS
project [284] were extracted from the measured GaAs data. Finally, the simulation results
were presented and the ability of the simulation to mimic a diverse set of measured data was
analyzed.

The simulation framework is intended to be used for tuning algorithmdevelopment and bench-
marking. It generates realistic data, facilitates the rapid generation of large datasets with
known ground truth, and enables fair comparability of diverse approaches from different sites.
It also offers complete control over the strength of the distortions and the sensitivity of the
sensor, thereby enabling the determination of minimum measurement requirements for the
success of an algorithm. Furthermore, using the provided interfaces depicted in Figure 4.1,
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the open-source Python framework is designed for simple extension and adaptation to allow
the establishment of a standard framework that drives the development of automated tuning
solutions.

In the future, the simulation of CSDs could be expanded to include additional effects and their
impact on the data. For instance, computing wider CSD scans12 has the potential to encom-
pass the varying lengths of LDTs. The correlation between consecutively recorded CSDs or
multiple DQDs measured concurrently exerts a negligible influence; however, its inclusion is
permissible if deemed necessary. Another open question pertains to the relationship between
the geometric TCT parameters and the parameters of physical models. With this knowledge,
the fast simulation can directly adapt the geometric parameters to changes in the system,
thereby facilitating the development of more complex tuning routines.
Nevertheless, algorithms that have been trained solely on simulated data must be tested in ex-
periments, and parameter sets from experiments of other sites are necessary to develop and
benchmark robust technology-independent algorithms.

12For applications that analyze only small voltage ranges, this is not considered to be necessary.
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Chapter5
Automated Charge Transition Detection in
Quantum Dot Charge Stability Diagrams

Tuning the number of electrons in QDs is imperative for the creation of gate-defined semi-
conductor qubits. Two-dimensional CSDs reveal a change in the number of electrons,

hereafter denoted as CT, as an edge in the pixel information (usually in floating-point repre-
sentation). It is imperative that CTs are detected with a high degree of reliability to realize
the automation of the tuning process in its entirety. In the context of scalability, the neces-
sity to overcome bandwidth limitations demands the implementation of an integrated, low-
complexity solution that operates within the stringent spatial and heat dissipation constraints,
as outlined in Section 3.5.
To this end, a comprehensive analysis of detection approaches was conducted, encompassing
classical and ML methods. The present study focuses first on identifying the most effective
detection candidates, even if they involve higher algorithmic complexity, deferring the opti-
mization and minimization of the complexity to subsequent and future investigations. The ap-
proaches were evaluated through the utilization of the simulation framework SimCATS [294]
(see Chapter 4) to generate training and test data. Furthermore, the applicability of these ap-
proaches to experimental data was investigated, aiming to ascertain their effectiveness and
reliability.

5.1 Datasets

The generation of datasets for training and evaluating CT detection approaches is performed
by the simulation framework SimCATS1 [294]. Hand-labeled experimental data from the
Quantum Technology Group of RWTH Aachen are used to assess the generalization ability.

Some of the considered ML approaches require image resolutions divisible by a power of two,
e.g., because the resolution is halved in each encoder step and doubled in the decoder. For the
models under investigation, a resolution divisible by 32 was required, given that there are at
most five such steps. The initially available experimental data from the GaAs sample described
in Section 3.1 have a resolution of 100× 100 pixels (30mV × 30mV), and therefore the closest

1Using the Python package SimCATS-Datasets [295] for dataset handling.
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Table 5.1: Parameter ranges for the simulated datasets and their distributions (uniform𝑈 (𝑎, 𝑏),
normal N(𝜇, 𝜎2) or exponential exp(𝜆)). The entries without a specified distribu-
tion were used solely to verify the correspondence between the sampled parameters.
The parameter names in parentheses refer to the variables used in Chapter 4 and Fig-
ure 5.1. The TCT parameters are specified in the rotated voltage space (𝑉 ′

𝑃1
,𝑉 ′

𝑃2
). In

addition to the distortions mentioned here, dot jumps were also applied as occupa-
tion distortion, while RTN was employed as sensor potential and sensor response
distortion. The parameters for these distortions were obtained from the original
SimCATS configuration default_configs["GaAs_v1"] [284].

Parameter Minimum Maximum Distribution
TCTs 𝑉 ′

𝑃1
-intercept of 𝑙𝑑𝑡𝑖, 𝑗 , ( 𝑗=1, 2) (𝑠𝑖, 𝑗 ) [V] 1.0·10−2 2.5·10−2 N(𝜇, 𝜎2)

Slope of 𝑙𝑑𝑡𝑖,1 (𝑚𝑖,1) −4.4·10−1 −8.0·10−2 N(𝜇, 𝜎2)
Slope of 𝑙𝑑𝑡𝑖,2 (𝑚𝑖,2) 2.1·10−1 5.5·10−1 N(𝜇, 𝜎2)
Angle between 𝑙𝑑𝑡𝑖,1 and 𝑙𝑑𝑡𝑖,2 (𝜃𝑙𝑑𝑖 ) [rad] 4.4·10−1 1.7
Angle between 𝑖𝑑𝑡𝑖 and 𝑙𝑑𝑡𝑖,2 (𝜃𝑖𝑑𝑖 ) [rad] 5.8·10−1 1.4 𝑈 (𝑎,𝑏)
Length of 𝑖𝑑𝑡𝑖 (𝑠𝑖𝑑𝑖 ) [V] 2.6·10−3 9.9·10−3 𝑈 (𝑎,𝑏)
Width of 𝑖𝑑𝑡𝑖 (𝑤𝑖𝑑𝑖 ) [V] 4.3·10−4 8.1·10−3 𝑈 (𝑎,𝑏)
Relation of 𝑠𝑖𝑑𝑖 to𝑤𝑖𝑑𝑖 8.7·10−1 9.1

Sensor Number of Coulomb peaks 3 6 𝑈 (𝑎,𝑏)
Lorentzian scaling factor (𝑎) 2.2·10−2 1.9·10−1 exp(𝜆)
Lorentzian width (𝛾 ) 9.6·10−4 3.0·10−3 𝑈 (𝑎,𝑏)
Lever arm dot 1 (𝛼1) −8.0·10−4 −9.6·10−5 𝑈 (𝑎,𝑏)
Lever arm dot 2 (𝛼2) −5.2·10−4 −6.3·10−5 𝑈 (𝑎,𝑏)
Lever arm gate 1 (𝛽1) 2.8·10−2 1.5·10−1 𝑈 (𝑎,𝑏)
Lever arm gate 2 (𝛽2) 1.4·10−2 3.0·10−1 𝑈 (𝑎,𝑏)
Relation of 𝛽1 to 𝛽2 5.0·10−1 2.0

Distortions Fermi-Dirac transition blurring sigma 7.5·10−5 6.0·10−4 N(𝜇, 𝜎2)
Pink noise sigma 1.0·10−10 5.0·10−4 exp(𝜆)
White noise sigma 1.0·10−10 5.0·10−4 exp(𝜆)

resolution of 96 × 96 pixels (28.8mV × 28.8mV) has been selected to test the networks later
on experimental data2.

The parameter ranges for the SimCATS simulations were obtained from the data of the GaAs
sample as described in Section 4.2. The objective was to generate a diverse dataset to enhance
the generalizability of the networks. To that end, the generation procedure randomly selected
all model parameters from the extracted ranges listed in Table 5.1. While samplingmost values
from a uniform distribution, some parameters that describe the structure of the TCTs were
sampled from a normal distribution because this matches the observations in the experimental
data. In addition to the parameters described in Section 4.1.1, the following parameters for
the LDTs and IDTs are supplied:

• the relation between the slopes of 𝑙𝑑𝑡𝑖,1 and 𝑙𝑑𝑡𝑖,2 (𝜃𝑙𝑑𝑖 ),
• the relation between the slopes of 𝑖𝑑𝑡𝑖 and 𝑙𝑑𝑡𝑖,2 (𝜃𝑖𝑑𝑖 ),
• the length of 𝑖𝑑𝑡𝑖 (𝑠𝑖𝑑𝑖 ),
2The experimental GaAs data were reduced by removing the first and last two rows and columns.
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Figure 5.1: Visualization of parameters used to define the TCTs for the geometric simulation
in SimCATS.

• the width of 𝑖𝑑𝑡𝑖 (𝑤𝑖𝑑𝑖 )3, and
• the relation between 𝑠𝑖𝑑𝑖 and𝑤𝑖𝑑𝑖 .

Figure 5.1 visualizes the various parameters of the used TCT model, with the TCTs displayed
in the 45◦-rotated voltage space (𝑉 ′

𝑃1
,𝑉 ′

𝑃2
) (see Section 4.1.1). In anticipation of future improve-

ments in sample quality, it was decided to include lower noise levels more often than the very
high levels that are sometimes observed in the measurements. Therefore, an exponential dis-
tribution is used for these values.
For normal distributions, the mean 𝜇 is set to the center and the standard deviation 𝜎 is set to
a sixth of the range to best represent the distribution in the interval. Furthermore, the scale
for the exponential rate is selected to reach the 99% quantile at 60% of the sampling range.
Generally, parameters outside the given ranges were resampled.
It is explicitly permitted that the relationship between various parameters is not necessarily
physically reasonable. Thus, it is intended to avoid overfitting to the specific qubit sample
and improve the generalizability of the models.

The simulated train/validation/test dataset featured 10,000/1,000/1,000 different TCT and sen-
sor configurations, eachwith 100 CSDs generatedwith randomly sampled distortion strengths.
The two experimental test datasets consisted of 439 (plunger, plunger)-GaAs-CSDs and 81
(plunger, barrier)-SiGe4-CSDs. While the GaAs dataset is used to assess the generalization ca-
pability of the approaches from simulated to experimental data, the SiGe dataset is employed
to evaluate the transferability to a sample of a different technology.
As illustrated in Figure 5.2 the GaAs sample data exhibit DQD features, while the SiGe data

3The width of 𝑖𝑑𝑡𝑖 defines the rounding at the triple points, which is controlled by the distance between the
Bézier anchors 𝑏𝑖, 𝑗 , ( 𝑗=1, 2) (see Section 4.1.1).

4The sample is similar to the one described by Struck et al. [296].
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Figure 5.2: Examples for CSDs of the final evaluation datasets and their corresponding ground
truth label masks.

feature single QD features. The resolution of the SiGe data is 96 × 96 pixels, corresponding
to 100mV × 100mV or 150mV × 150mV. The selection of the SiGe voltage ranges was done
to attain a comparable balance of microscopic and macroscopic features as observed in the
GaAs data. However, it should be noted that distinct properties are still discernible. Specifi-
cally, the CTs appear more blurred, and the spacing between them is reduced, resulting in a
higher number of CTs per image. Nearly all SiGe-CSDs exhibit visible CTs, as the Quantum
Technology Group of RWTH Aachen specifically recorded them for this evaluation.
While the ground truth CTmasks for the simulated datasets are available automatically, masks
for the experimental data were manually generated. Consequently, a group of five researchers
manually labeled all images, and subsequently combined the labels into a single binary mask
to enhance the representation of weak lines. It is noteworthy that the SiGe data were more
challenging to label, resulting in broader line segments for the combined manual labels (see
Figure 5.2).

5.2 Metrics and Evaluation Methods

The Dice similarity coefficient (DICE) metric was utilized to compare the results of the various
approaches and to gauge their quality:

𝐷𝐼𝐶𝐸 =
2|𝑋 ∩ 𝑌 |
|𝑋 | + |𝑌 | . (5.1)

This metric quantifies the similarity between the predicted segmentation mask 𝑋 and the
ground truth segmentation mask 𝑌 . A potential drawback of the DICE is its reliance on pixel-
precise segmentation, which can be overly stringent, even for minor misalignments. Given
the manual labeling of the experimental data, pixel-precise segmentation was not expected.
The normalized surface Dice (S-DICE) metric [297] addresses this challenge by introducing a
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class-specific threshold for a segmentation deviation. Therefore, the S-DICE was additionally
used.
For the deep learning approaches, the inference time of the models was measured using the
CUDA API, as analysis speed is a crucial factor for a scalable tuning solution. The inference
time specifies the calculation time required by the neural network for prediction and does
not include the time required to transfer data into GPU memory, which is identical for all
approaches. The Python package Calflops [298] was utilized to calculate the floating point op-
erations (FLOPs) and multiply-accumulate operations (MACs) of the networks. These values
offer a reasonable estimate of the feasibility of cryogenic implementation on dedicated hard-
ware, as they are independent of the hardware used. Furthermore, the number of trainable
parameters was compared, indicating the expected implementation size.

5.3 Charge Transition Detection Approaches

In the study conducted by Scherer [299], various traditional edge and line detection method-
ologies were assessed on a curated set of experimental data. The evaluation in the present
work incorporated a selection of the most effective classical edge detection approaches, in
addition to the deep learning methods that are introduced here. The supplementary Table 5.2
provides a comprehensive overview of the utilized approaches, their respective publication
years, and their underlying code basis.

5.3.1 Classical Approaches

Canny
A widely used classical edge detector is the algorithm proposed by Canny [160]. This algo-
rithm computes the gradient magnitude and orientation at each pixel and applies nonmaxi-
mum suppression and subsequent hysteresis thresholding to determine the edge pixels.

CannyPF
Lu et al. [321] proposed a parameter-free version of the Canny edge detector (CannyPF) that
was included in the CannyLines line detection method. This method adaptively selects thresh-
olds based on the distribution of gradient magnitude values of the image pixels.

Generalized Canny (GCanny)
As other local image features may be more robust at detecting CTs than the gradient, a gen-
eralized version of the Canny edge detector was developed. It uses a general feature map
to replace the gradient magnitude and an optional orientation map to replace the gradient
orientation as its input. After nonmaximum suppression, it performs an additional step to
connect small gaps in the resulting image. These connections are the result of checking for
specific patterns of edge pixels within a window measuring 4 × 4 pixels. Finally, the GCanny
creates a binary edge map using either binary thresholding or hysteresis thresholding. In this
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Table 5.2: Collected approaches, their category, publication year, and code basis.

Detector Category Detector Name Year Code Basis
Convolutional CASENet 2017 [300]

CHRNet 2023 [301]
DeepLabV3+ 2018 [302]
DFF 2019 [300]
FPN 2016 [302]
LDC 2022 [303]
LinkNet 2017 [302]
TEED 2023 [304]
U-Net 2015 [305]
UNet++ 2018 [302]

Transformer CrackFormer 2023 [306]
EDTER 2022 [307]
MA-Net 2020 [302]
MMViT-Seg 2023 [308]
SegFormer 2021 [309]
Segmenter 2021 [310]
Swin-Unet 2021 [311]
TransUNet 2021 [312]

SSM VM-UNet 2024 [313]
Diffusion DiffusionEdge 2024 [314]

MedSegDiff-V2 2023 [315]
Classical Canny 1986 [316]

CannyPF 2015 [317]
ED 2011 [318]
gPb+GCanny 2008 [319]
PhCon+GCanny 1999 [320]

work, the features phase congruency and globalized probability of boundary [322] were used
to determine the edge strength.
The idea of phase congruency (PhCon) rests upon the local energy model proposed by
Morrone and Owens [323], which posits that image features become discernible if the Fourier
components are maximally in phase. In this work, phase congruency is computed using an
enhanced algorithm proposed by Kovesi [324], which utilizes log-Gabor wavelets in lieu of
Fourier components.
The globalized probability of boundary (gPb) approach proposed by Maire et al. [322]
involves the integration of diverse local image features to generate a map of boundary proba-
bilities, with subsequent refinement through the consideration of global feature distribution.

Edge drawing (ED)
ED [325] is designed to identify edges by ascertaining the anchor points that are most likely
to correspond to edge pixels. This determination is made based on the gradient magnitude
of the pixels in question. Once the anchor points have been determined, the ED approach
establishes links between them.
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5.3.2 Machine Learning Approaches

5.3.2.1 Convolution-Based Approaches

A prevalent ML approach for image processing involves the utilization of CNNs. Networks
engineered for edge detection and segmentation tasks have been employed in this work to
detect CTs.

Cascaded and high-resolution network (CHRNet)
CHRNet [326] is a CNN that detects edges using multi-scale representations of the image
while preserving the high resolution of the output map. It achieves this by concatenating the
output of a convolutional block with the result of the previous block. Additionally, it uses
batch normalization layers with an active affine parameter as an erosion operation for the
homogeneous region in the image, and generates the output of the network by fusing the
outputs of each block.

Lightweight dense convolutional neural network (LDC)
A number of approaches have been developed that prioritize minimizing the size of neural net-
works, thereby facilitating faster prediction and reducing hardware requirements. One such
approach is the LDC [327], which integrates aspects of the advanced architectures DexiNed
[328] and CATS [329], yet is notably smaller due to some modifications. With approximately
0.7 million parameters, it requires less than 4% of the parameters of DexiNed. Despite its re-
duced size, LDC achieves competitive quality compared to more complex systems. As with
DexiNed, the architecture of the LDC consists of layers structured in blocks. An ablation study
[327] comparing the LDC network with three or four blocks demonstrated that the LDC with
three blocks has approximately 75% fewer parameters but delivers valuable results. For the
task of detecting the presence of CTs, the versions of LDC were trained with either three
blocks (LDC-B3) or four blocks (LDC-B4).

Tiny and efficient edge detector (TEED)
TEED [330] is another lightweight CNN, which was developed with the objective of simplicity,
efficiency, and generalization. The authors of TEED assert that, with a parameter size (58k)
of less than 0.2% of contemporary models, it is a remarkably compact network.

Deep category-aware semantic edge detection (CASENet)
The architecture of CASENet [331] is based on ResNet and a skip-layer architecture in which
category-wise edge activations at the top convolutional layer merge with the corresponding
bottom layer features. It uses fixed fusion weights and bases the decision result primarily on
high-level features.

Dynamic feature fusion (DFF)
The DFF [332] model is based on the CASENet architecture, but it employs a feature extractor
that normalizes the magnitude scales of multi-level features and adaptive fusion weights for
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different locations of multi-level feature maps. This results in finer edges.

U-Net
A task closely related to category-aware edge detection is semantic segmentation, which in-
volves the classification of objects in an image into different categories. The fully convolu-
tional network (FCN) architecture U-Net [178] is a prominent example in this field. It com-
prises a contracting and an expansive path.
In addition to the standard U-Net, smaller versions of U-Net architectures with fewer layers
and channels for convolution were investigated in this work. Small U-Nets are particularly
promising candidates for hardware implementation due to their relatively simple architecture.
The tiny versionUNet-38k has three encoder and decoder layers (four in the standard U-Net),
begins with six output channels for the first convolutional layer (64 in the standard U-Net),
and uses bilinear upsampling.

UNet++
UNet++ [333] is a more advanced version of U-Net, that uses deep supervision to segment
medical images. The main difference to U-Net is the use of nested and dense skip connections
to reduce the semantic gap between the feature maps of the encoder and decoder.

Feature pyramid network (FPN)
FPN [334] constructs feature pyramids to detect objects at different scales at marginal extra
cost. Therefore, it employs a top-down architecture with lateral connections to build high-
level semantic feature maps at all scales.

DeepLabV3+
Another semantic segmentation approach is DeepLabV3+ [335], which combines spatial pyra-
mid pooling with an encoder-decoder structure, resulting in refined segmentation results
along object boundaries compared to the predecessor DeepLabV3 [336]. DeepLab approaches
[337] typically implement dilated filters for "atrous convolutions" and atrous spatial pyramid
pooling to robustly segment objects at multiple scales.

LinkNet
LinkNet [338] aims for efficient semantic segmentation by using ResNet18 as a light encoder
and bypassing the input of each encoder layer to the output of the corresponding decoder.
Thus, the decoder requires fewer parameters because it shares the knowledge learned by the
encoder in each layer.

5.3.2.2 Transformer-Based Approaches

Another type of a neural network is the transformer [339], which possesses an underlying
attention mechanism. While the original design of the transformer was for processing se-
quential data, such as text, a variant for image processing named vision transformer (ViT)
was developed [340]. However, some models do not directly incorporate a ViT but rather use
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special attention blocks, like the MA-Net model.

Multi-scale attention network (MA-Net)
The MA-Net model [341] employs a self-attention mechanism to integrate local features with
global dependencies in an adaptive manner. Consequently, position-wise and multi-scale fu-
sion attention blocks capture the spatial dependencies between pixels in an overall view and
the channel dependencies between feature maps.

Segmenter
The Segmenter [181] utilizes a ViT as the encoder and implements two decoder variants for
semantic segmentation. The decoder is selected as either an ordinary linear layer or a novel
mask transformer, which is a transformer encoder comprising multiple layers. The results
that are presented subsequently in this work employ the latter option due to its superior per-
formance on the validation dataset.

SegFormer
SegFormer [182] employs a modified ViT as an encoder, characterized by a hierarchical struc-
ture that eschews positional embedding. The decoder constitutes a lightweight multilayer
perceptron (MLP), which aggregates information from diverse spatial resolution features stem-
ming from the hierarchical structure, thereby integrating local and global attention.

Edge detection transformer (EDTER)
The transformer-based encoder and convolution-based decoder in EDTER [183] extract pre-
cise and sharp object boundaries and meaningful edges. EDTER concurrently exploits the
complete contextual information of the image and detailed local cues by operating in two
stages. The initial stage (EDTER-Global) utilizes the encoder component of a ViT with coarse
image patches, while the subsequent stage employs a modified local ViT encoder with finer
image patches. Both stages apply a bi-directional multi-level aggregation decoder, and a fea-
ture fusion module combines their results prior to being fed into a final decision head.

Mini-mobile vision transformer for segmentation (MMViT-Seg)
The lightweight MMViT-Seg [184] model features a two-path encoder subnetwork design that
effectively captures the global dependence of image features and low-layer spatial details. It
employs convolutional and MobileViT blocks, along with a multi-query attention module, to
fuse multi-scale features from different levels in the decoder sub-network.

CrackFormer
CrackFormer [185] combines a SegNet-like [342] encoder-decoder with self-attention. It re-
places all convolutional layers (except the first and last) with self-attention blocks and imple-
ments a feature fusion module that combines the features from each encoder-decoder stage
using self-attention. Each self-attention block consists of two convolutional layers, followed
by a batch normalization layer and a rectified linear unit (ReLU) activation function, with a
self-attention layer positioned in between these layers.
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TransUNet
TransUNet [180] combines the general concepts of the U-Net architecture with a transformer.
Although U-Net is effective in local feature detection, its ability to model long-range depen-
dencies is weak. In contrast, transformers have an innate global self-attention mechanism
but only limited localization capabilities due to insufficient low-level details. The TransUNet
model integrates these two architectures using a hybrid CNN-transformer for the encoder and
convolutional layers in the decoder, leveraging the strengths of both to overcome the weak-
nesses of the other.

Swin-Unet
Swin-Unet [186] also combines the U-shaped architecture and skip-connections of the tra-
ditional U-Net with a pure transformer encoder architecture. The proposed method utilizes
swin transformers [343], a variant of ViTs [340], for the encoder and a swin transformer-based
decoder with patch-expanding layers to up-sample features during the expansive path.

5.3.2.3 State-Space-Model-Based Approaches

SSMs present an alternative to transformers for processing long sequences [344].

Vision mamba UNet (VM-UNet)
An SSM is employed in VM-UNet [188], which shares architectural similarities with Swin-
Unet, incorporating the advantages of U-Net and nonconvolutional layers. However, it does
not build upon ViTs (more specifically on swin transformers) but rather upon VMambas, a
recent architecture that integrates a global receptive field with linear complexity.

5.3.2.4 Diffusion-Based Approaches

Diffusion models are hallmarked by learning both forward and reverse diffusion, and they are
frequently employed in the domains of image denoising, image inpainting, and image gener-
ation. Typically, forward diffusion involves the application of Gaussian noise to the original
image, while reverse diffusion inverts the diffusion process, thereby resulting in the recon-
struction of the the original image.

Diffusion probabilistic model for crisp edge detection (DiffusionEdge)
DiffusionEdge [205] is a diffusion probabilistic model (DPM) designed for edge detection. The
authors of DiffusionEdge contended that it circumvents the need for extensive computational
resources while maintaining optimal performance by leveraging a DPM operating on the la-
tent space. This approach facilitates the application of the standard cross-entropy loss, en-
abling optimization of parameters within the latent space. Additionally, they adapted a de-
coupled architecture to expedite the denoising process and proposed an adaptive Fourier filter
to adjust the latent features of specific frequencies. This combination should result in very
accurate and crisp edge maps.
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Medical image segmentation with diffusion probabilistic model (MedSegDiff)
MedSegDiff [345] is a DPM for medical image segmentation. It employs a modified U-Net
with conditional encoding and a feature frequency parser in the reverse diffusion stage. The
dynamic conditional strategy enables stepwise attention, and the feature frequency parser
eliminates the high-frequency noise introduced by the former.
MedSegDiff-V2 [346] enhances MedSegDiff by integrating vision transformer mechanisms
into the DPM. It employs convolutional U-Nets as feature extractors but utilizes a transformer
to combine features.

5.4 Training and Optimization

Where applicable, the networks were trained using the optimizers, schedulers, loss functions,
and hyperparameters of the original publications. Furthermore, the networks were trained
using a combination of the AdamW optimizer and the OneCycleLR scheduler (implemented
in torch.optim [347]), which is the de facto state-of-the-art superconvergence method pro-
posed by Smith and Topin [348]. In this case, the loss function consists of a combination
of BCEWithLogitsLoss (implemented in torch.nn [347]) and DICE loss. Subsequently, the
training results of the networks were evaluated on the validation dataset described in Sec-
tion 5.1 and the best training checkpoint was selected for final comparison. Table 5.3 provides
an overview of the hyperparameters employed to train the final checkpoint for comparison.
Classical approaches, with the exception of gPb+GCanny, were optimized using differential
evolution implemented in SciPy [286]. For gPb+GCanny, a simple grid search was used be-
cause only one parameter was optimized.

5.5 Evaluation

The collected approaches from Section 5.3 were evaluated on the test sets described in Sec-
tion 5.1 using the metrics from Section 5.2.

Table 5.4 specifies the number of parameters, the inference times, the FLOPs, and the MACs
of all ML models. A thorough examination reveals that merely four candidates possess pa-
rameters counts less than one million. Notably, UNet-38k and TEED stand out as particularly
diminutive models, with parameter counts of 38,041 and 58,622, respectively. Both of these
models are primarily based on convolutions and have a relatively simple network structure,
which is considered beneficial for hardware implementation.
The inference times for single images (batch size 1) differed significantly between the approach
categories. The fastest approaches were from the convolution-based category and the slowest
were from the diffusion-based category. In particular, DiffusionEdge and MedSegDiff-V2 are
highly time-consuming and, therefore, are less applicable to scalable tuning solutions. It is
noteworthy that tiny networks do not fully utilize the GPU, and enabling more predictions
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Table 5.3: Training hyperparameters of the collected ML approaches, which are sorted by de-
tector name. The optimizers and schedulers refer to the implementations in the
torch.optim package [347]. For DiffusionEdge, parameters were not supplied be-
cause the original parameters were used.

Detector Training Optimizer Scheduler
Epochs Batch Size Name Learning Rate Weight Decay

CASENet 5 16 Adam 1.0·10−5 1.0·10−5 OneCycleLR
CHRNet 5 16 Adam 1.0·10−5 1.0·10−5 OneCycleLR
CrackFormer 5 64 AdamW 1.0·10−1 1.0·10−3 OneCycleLR
DeepLabV3+ 5 16 Adam 1.0·10−5 1.0·10−5 OneCycleLR
DFF 5 16 Adam 1.0·10−5 1.0·10−5 OneCycleLR
DiffusionEdge - - - - - -
EDTER 1 16 AdamW 5.0·10−4 3.0·10−3 OneCycleLR
EDTER-Global 1 16 AdamW 5.0·10−4 3.0·10−1 OneCycleLR
FPN 4 64 AdamW 1.0·10−1 1.0·10−3 OneCycleLR
LDC-B3 5 64 AdamW 1.0·10−2 1.0·10−3 OneCycleLR
LDC-B4 5 64 AdamW 1.0·10−2 1.0·10−3 OneCycleLR
LinkNet 10 16 Adam 1.0·10−5 1.0·10−5 OneCycleLR
MA-Net 5 16 Adam 1.0·10−5 1.0·10−5 OneCycleLR
MedSegDiff-V2 1 32 AdamW 1.0·10−4 0 LinearLR
MMViT-Seg 5 16 Adam 1.0·10−5 1.0·10−5 OneCycleLR
SegFormer 1 256 AdamW 3.0·10−3 3.0·10−1 OneCycleLR
Segmenter 5 32 AdamW 3.0·10−3 3.0·10−3 OneCycleLR
Swin-Unet 10 256 AdamW 1.0·10−3 1.0·10−2 OneCycleLR
TEED 5 8 AdamW 1.0·10−2 2.0·10−3 OneCycleLR
TransUNet 4 64 AdamW 1.0·10−1 1.0·10−3 OneCycleLR
U-Net 5 64 AdamW 2.0·10−1 1.0·10−4 OneCycleLR
UNet-38k 5 64 AdamW 2.0·10−1 1.0·10−4 OneCycleLR
UNet++ 5 64 AdamW 1.0·10−1 1.0·10−3 OneCycleLR
VM-UNet 5 32 AdamW 1.0·10−3 1.0·10−2 OneCycleLR

when multiple such models run in parallel is possible. In a scalable, fully automated tuning
setup, a CT detector could analyze the CSDs of multiple different qubits at the same time.
Therefore, inference times were recorded for a batch of 64 images.
The numbers of FLOPs and MACs is contingent on the number of parameters and the archi-
tecture. As depicted in Table 5.4, compact CNNs require fewer FLOPs and MACs compared
to other architectures or convolutional networks with more parameters.

Table 5.5 summarizes the achieved metrics, sorted by the DICE (simulated data) or the S-DICE
(experimental data), with a corresponding visualization provided in Figure 5.3. The ML ap-
proaches have a clear advantage over classical methods for all test datasets. With regard to the
simulated data, numerous approaches achieved substantial success, with U-Net-based archi-
tectures demonstrating the highest performance (top 5). Notably, the small UNet-38k architec-
ture attained a DICE score above 0.9. Among the classical methods, only the PhCon+GCanny
approach showed any practical application, achieving an S-DICE score of 0.62. It is notewor-
thy that the global component of EDTER demonstrated superior performance (DICE score of
0.76) in comparison to the entire algorithm (DICE score of 0.75). This is attributable to the
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Table 5.4: Size of the neural networks and their inference time, FLOPs, and MACs. The infer-
ence times were measured on an NVIDIA RTX A5000. FLOPs and MACs could not
be calculated for all networks. Networks are ordered by number of parameters.

Detector Parameters Inference [ms] GFLOPs GMACs
Name Model ·106 Batch Size 1 Batch Size 64 /image /image
UNet-38k Convolutional 0.038 0.956 3.295 0.077 0.038
TEED Convolutional 0.059 1.118 4.070 0.270 0.134
LDC-B3 Convolutional 0.156 1.269 5.155 0.559 0.276
LDC-B4 Convolutional 0.674 2.247 6.813 0.954 0.472
MMViT-Seg Transformer 1.013 23.810 66.641 0.721 0.354
CHRNet Convolutional 1.450 2.545 19.167 4.085 2.037
SegFormer Transformer 4.446 5.157 15.429 5.897 2.946
CrackFormer Transformer 4.961 21.825 123.081 6.323 3.080
Segmenter Transformer 6.455 4.971 3775.265 14.517 7.235
LinkNet Convolutional 11.658 2.190 6.360 1.420 0.706
U-Net Convolutional 17.262 1.747 36.417 11.237 5.612
CASENet Convolutional 21.793 2.409 23.293 16.220 8.100
DFF Convolutional 21.799 2.683 24.545 16.226 8.103
FPN Convolutional 23.149 3.514 20.702 3.805 1.899
UNet++ Convolutional 26.072 4.637 25.619 10.298 5.141
Swin-Unet Transformer 27.154 5.994 32.387 2.160 1.074
VM-UNet State-space 27.424 7.432 99.503 - -
MA-Net Transformer 31.777 4.337 14.145 4.628 2.309
DeepLabV3+ Convolutional 45.663 6.779 22.873 7.834 3.906
MedSegDiff-V2 Diffusion 95.723 1726.027 41106.613 - -
TransUNet Transformer 105.153 13.828 74.393 21.016 10.489
DiffusionEdge Diffusion 297.583 357.617 1246.634 - -
EDTER-Global Transformer 322.386 16.215 12851.895 254.208 127.008
EDTER Transformer 416.964 37.759 25147.160 373.765 186.685

adaptation of the global patch size (from 16 to 8) to the low resolution (96 × 96 pixels) of the
measurements. Consequently, the cues of the local stage (patch size of 4) became too akin to
the ones of the global stage, resulting in a loss of global information.
The findings derived from the GaAs dataset provide a good gauge for assessing the general-
ization ability of the different approaches. The simulated data originate from GaAs parameter
ranges; thus, similar scores are expected for the experimental GaAs data for the promising
methods. Due to the uncertainty of manual labels, the S-DICE score was used for comparison.
Once again, U-Net-based architectures scored the best (four out of the top five). Remarkably,
DeepLabV3+ demonstrated an inability to perform pixel-perfect segmentations, as evidenced
by its significantly higher S-DICE score of 0.93 compared to its DICE score of 0.77 on the sim-
ulated data. The proposed UNet-38k model anew attained commendable outcomes with an
S-DICE score exceeding 0.89. Among the classical approaches, only PhCon+GCanny yielded
moderate results with a S-DICE score of 0.68.
The edge detection capabilities for an entirely different qubit sample architecture andmaterial
were analyzed with the SiGe dataset. This evaluation serves to probe the ability of the ap-
proaches to generalize across heterogeneous device platforms. As expected, the mean S-DICE
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Table 5.5: Metrics calculated for all detectors across the three test datasets. The simulated data
results were sorted by the DICE score and the experimental data results (GaAs &
SiGe) were sorted by the S-DICE score, with a threshold of two. This procedure
was adopted due to the inaccuracies in the manual labels, which limit the statistical
significance of the DICE score.

Simulated Data GaAs Data SiGe Data
Detector DICE S-DICE Detector DICE S-DICE Detector DICE S-DICE
VM-UNet 0.949 0.985 Swin-Unet 0.683 0.935 Segmenter 0.560 0.860
U-Net 0.948 0.984 VM-UNet 0.680 0.935 Swin-Unet 0.530 0.852
UNet++ 0.947 0.982 U-Net 0.684 0.931 LDC-B3 0.542 0.846
Swin-Unet 0.946 0.984 DeepLabV3+ 0.688 0.930 LDC-B4 0.522 0.827
TransUNet 0.945 0.982 TransUNet 0.679 0.928 TransUNet 0.485 0.803
CrackFormer 0.942 0.981 Segmenter 0.687 0.925 VM-UNet 0.495 0.793
MA-Net 0.938 0.979 CrackFormer 0.674 0.922 UNet++ 0.494 0.790
LinkNet 0.936 0.981 FPN 0.680 0.914 EDTER-Global 0.533 0.785
CASENet 0.926 0.977 CHRNet 0.670 0.913 CASENet 0.452 0.761
DFF 0.923 0.976 UNet++ 0.669 0.913 TEED 0.466 0.738
MMViT-Seg 0.913 0.972 LDC-B4 0.660 0.902 EDTER 0.482 0.735
LDC-B4 0.912 0.962 MMViT-Seg 0.654 0.893 UNet-38k 0.427 0.717
LDC-B3 0.912 0.962 UNet-38k 0.640 0.890 DFF 0.435 0.693
UNet-38k 0.908 0.964 LDC-B3 0.644 0.888 CrackFormer 0.404 0.661
CHRNet 0.889 0.972 MA-Net 0.655 0.887 MA-Net 0.398 0.661
MedSegDiff-V2 0.866 0.944 LinkNet 0.623 0.870 LinkNet 0.398 0.659
TEED 0.851 0.924 SegFormer 0.571 0.862 MMViT-Seg 0.402 0.645
FPN 0.775 0.978 MedSegDiff-V2 0.608 0.855 SegFormer 0.371 0.638
Segmenter 0.773 0.976 DFF 0.586 0.834 MedSegDiff-V2 0.381 0.634
DeepLabV3+ 0.769 0.980 TEED 0.606 0.829 CHRNet 0.359 0.599
EDTER-Global 0.755 0.876 CASENet 0.566 0.815 DiffusionEdge 0.367 0.595
EDTER 0.748 0.874 EDTER 0.545 0.792 U-Net 0.335 0.594
DiffusionEdge 0.727 0.865 EDTER-Global 0.560 0.778 DeepLabV3+ 0.326 0.576
SegFormer 0.501 0.880 DiffusionEdge 0.411 0.753 FPN 0.306 0.535
PhCon+GCanny 0.317 0.619 PhCon+GCanny 0.420 0.678 PhCon+GCanny 0.224 0.485
CannyPF 0.224 0.428 CannyPF 0.179 0.391 gPb+GCanny 0.012 0.102
Canny 0.146 0.371 Canny 0.156 0.386 ED 0.022 0.094
ED 0.142 0.391 ED 0.132 0.368 Canny 0.017 0.081
gPb+GCanny 0.120 0.209 gPb+GCanny 0.171 0.250 CannyPF 0.013 0.068

score of the dataset is lower, because of the fairly different feature properties described in
Section 5.1. Surprisingly, U-Net-based architectures no longer perform best; in particular, the
original U-Net architecture is deteriorating with an S-DICE score of 0.59. This finding sug-
gests that the model is overfitted to double-dot features that are not present in the SiGe data.
Concurrently, Segmenter and LDC demonstrated higher robustness compared to their com-
petitors, with S-DICE scores of 0.86 and 0.85. Once more, competitive results for the UNet-38k
(S-DICE score above 0.71) were observed, indicating that overfitting was not present, presum-
ably due to its reduced capacity to learn more complex structures. It is noteworthy that all
classical approaches attained unsatisfactory results with S-DICE scores below 0.49 on the SiGe
data due to the presence of blurrier transitions.
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Figure 5.3: Bar plot visualizing the results fromTable 5.5. For each detector, the solid portion of
the bar represents the DICE score, while the semi-transparent extension indicates
the corresponding S-DICE score. The detectors are arranged in accordance with
their DICE score on simulated data.

In summary, numerous approaches have been demonstrated to possess favorable overall anal-
ysis capabilities. Among the classical approaches, PhCon+GCanny is the only one that yielded
moderate results. The most effective convolution-based approach appears to be U-Net, which
exhibited substandard performance on the SiGe data attributed to overfitting. The scaled-
down UNet-38k approach, notable for its surprising robustness and efficiency, did not en-
counter issues with the SiGe data. Swin-Unet emerged as the leading approach among the
analyzed transformer models. The SSM approach VM-Unet also detected CTs robustly. How-
ever, diffusion networks are not well-suited for the application due to their complexity, which
hinders an energy-efficient hardware implementation, and their suboptimal performance met-
rics in the analysis.
Figure 5.4 illustrates exemplary predictions of the best representatives of the respective ap-
proach categories. Although PhCon+GCanny yields beneficial predictions for certain images,
it is highly vulnerable to distortions and the characteristics of the CT features. The ML ap-
proaches exhibit minimal variation in their simulated and GaAs data predictions, with dis-
cernible differences only emerging when generalizing to the SiGe data. For instance, U-Net
exhibits notable deficiencies in its prediction of contiguous edge structures, while UNet-38k
demonstrates better performance and Swin-Unet exhibits best results.
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Figure 5.4: Exemplary predictions on the test datasets.

5.6 Outcome and Perspective

In this study, a range of classical and ML methods for detecting CTs in CSDs were evaluated
using both simulated data from the SimCATS framework and experimentally measured CSDs.
The primary objective was to identify suitable approach categories for robust detection with
the potential for future qubit-near hardware implementation.
The ML-based approaches were subdivided into convolution-based, transformer-based, SSM-
based, and diffusion-based approaches to analyze the abilities of different architectures. The
analysis of the detection metrics5 has shown that ML-based approaches are far superior to
their classical competitors. All investigated ML architecture categories featured valuable can-
didates except for the diffusion-based approaches. The results demonstrate that approaches
trained on the simulated dataset can generalize to experimental data.

5The simulated test dataset used in this study is available for benchmarking purposes [349].
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Convolution-based architectures are recommended for hardware implementation due to their
low complexity and convincing detection results. Furthermore, the possibility of creating
smaller versions of networks that still have sufficient detection ability, as demonstrated with
UNet-38k, is emphasized.
It is recommended that subsequent research endeavors investigate the viability of convolution-
based networks that exhibit reduced complexity. However, experimentation with smaller vari-
ants of U-Net indicated that a further reduction in size can rapidly result in substantial quality
losses. Consequently, the potential for reduction in network size is closely associated with
the intricacy abatement of the analysis task. Therefore, further investigations are necessary
to ascertain the extent to which improvements in SD tuning and sensor compensation lead to
further minimization potential.
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Chapter6
Sensitivity and Efficiency Refinement with

Improved Sensor Tuning

The quality of QD measurements is contingent upon the sensitivity of proximate charge
sensors, which are implemented in the present work using SDs. Sufficient sensor sensi-

tivity facilitates precise feature extraction, thereby enabling accurate qubit state readout and
efficient QD tuning. Chapter 5 discussed the feasibility of the CT analysis with the assump-
tion that the SD is not necessarily optimally tuned. Although many approaches have achieved
excellent detection quality, the complexity reduction remains a major challenge. Therefore, it
must be investigated howmuch the complexity of the CT analysis can be reduced by different
sensor tuning optimizations.
First, Section 6.1 discusses the automated selection of the Coulomb oscillation area. Next, Sec-
tion 6.2 provides a comprehensive overview of the noise-sensitive selection of a working point.
Then, Section 6.3 explores the reduction in complexity of the CT detection algorithms under
the assumption of a compensated SD. Section 6.4 provides a complementary evaluation of
the energy efficiency of scaled-down ML networks. Finally, Section 6.5 presents a developed
simulation of realistic SD data to guide future advancements.

6.1 Automated Selection of the Coulomb Peak Oscillation
Area

The identification of the Coulomb oscillation regime constitutes a preparatory step in the
process of SD tuning. This procedure entails the sweeping of the gate voltages of the SD,
concomitant with the monitoring of its conductance, to enable the detection of periodic oscil-
lations. The presence of a well-defined oscillation pattern signifies that the sensor has been
successfully positioned within the appropriate regime for charge sensing, thereby conferring
the requisite sensitivity to resolve QD CTs with a high degree of fidelity.
For the devices under consideration in this work, these steps include the division of the sam-
ple into a sensing and computation region and the manipulation of SD gates to a state where
Coulomb oscillations can be discerned in barrier-barrier scans. While the latter tuning step
is merely preparatory for the noise-sensitive sensor tuning and is not directly critical for the
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6 Sensitivity and Efficiency Refinement with Improved Sensor Tuning

final sensitivity, it should also be automated to enable a scalable system. Consequently, sev-
eral promising approaches comprising traditional and ML methods have been proposed [78,
95, 350, 351]. However, these approaches still require improvement, particularly the train-
ing of deep learning methods, which necessitates substantial datasets and, contingent on the
learning method, additional ground truth labels. Subsequent to the tuning of the Coulomb
oscillation regime, the SD fine-tuning selects the exact operation point to optimize the sensor
response by balancing sensitivity and stability for robust readout.

6.2 Noise Sensitive Coulomb Peak Selection

In sensor scans (see Section 3.4), the measured signal is proportional to the conductance, de-
noted by 𝐺𝑚 (𝑆𝐿, 𝑆𝑅), and comprises the undisturbed SD signal overlaid with some noise. As
part of the autotuning development, a primary focus is to identify regions with sufficient
signal-gradient-to-noise ratio (SGNR), to ensure optimal sensitivity. The SGNR quantifies the
freedom from interference of the sensor sensitivity with respect to the SD potential, which
is proportional to a gate voltage. For instance, given the barrier voltage 𝑆𝐿 its calculation is
possible by

𝑆𝐺𝑁𝑅 =
|𝑑𝐺𝑚
𝑑𝑆𝐿 |
𝜎𝑛

, (6.1)

where 𝜎𝑛 is the standard deviation of the noise and 𝑥 denotes the mean value of 𝑥 . It reflects
how effectively small changes in the input can be distinguished in the presence of noise, mak-
ing it a critical metric for sensors relying on differential measurements.
To facilitate understanding, the subsequent subsections distill the essential facts of the works
by Hader et al. [79, 352].

6.2.1 Noise Analysis Results

To evaluate noise estimators for the given application, the nature of the existing noise must be
analyzed, to construct generated data. In the context of this analysis, random fluctuations and
telegraph noise [353] were not considered, as they must be addressed by dedicated algorithms
for the rejection of Coulomb peak flanks. A fully automatic approach was employed for the
noise analysis (see Figure 6.1).

The investigations resulted in a simplified generic model for the random variable of the mea-
sured signal𝐺𝑚 that consists of an idealistic noise-free signal𝐺𝑠𝑑 at the SD and additive noise
𝑛. The noise 𝑛 is composed of gradient-dependent noise 𝑛𝑔𝑟𝑎𝑑 , which impacts the signal before
the dot, and signal-independent noise 𝑛𝑐𝑜𝑛𝑠𝑡 , which affects the signal after the dot:

𝐺𝑚 (𝑆𝐿, 𝑆𝑅) = 𝐺𝑠𝑑 (𝑆𝐿, 𝑆𝑅) + 𝑛
= 𝐺𝑠𝑑 (𝑆𝐿, 𝑆𝑅) + 𝑛𝑔𝑟𝑎𝑑 + 𝑛𝑐𝑜𝑛𝑠𝑡 .

(6.2)
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Figure 6.1: Example of the fully automatic approach for the noise analysis. (a) Initially, a one-
dimensional Gaussian smoothing was performed, followed by a spline interpola-
tion. (b) The absolute difference between the approximated and original signal
suggests that the noise is dependent on the signal regime. A local noise analysis
using the methods of Chen et al. [121] and Donoho [133] revealed the dependence
of the noise on the sensor signal, as depicted in (c) for low-gradient regions and in
(d) for high-gradient regions. The regression lines exhibited an increase in noise of
18.33% and 115.52%, respectively, indicating a substantial local noise in the flanks.
Among others, this originates from distortions directly affecting the gate voltages
or occurring in the sample, amplified parametrically by the sensor.
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Figure 6.2: Example of candidate regions for a sensitive SD operating point. Candidate regions
are colored red in the sensor signal.

In the present experiment, 𝑛𝑔𝑟𝑎𝑑 substantially consists of charge noise and 𝑛𝑐𝑜𝑛𝑠𝑡 primarily
emerges from thermal noise. The standard deviation of the total noise in the measurement
data, 𝜎𝑛 , is composed of 𝜎𝑐𝑜𝑛𝑠𝑡 and 𝜎̂𝑔𝑟𝑎𝑑 :

𝜎𝑛 =
√
𝜎̂2
𝑔𝑟𝑎𝑑

+ 𝜎2
𝑐𝑜𝑛𝑠𝑡

𝜎̂𝑔𝑟𝑎𝑑 = 𝜎𝑔𝑟𝑎𝑑 ·
𝜕

𝜕𝑆𝐿
𝐺𝑠𝑑 (𝑆𝐿, 𝑆𝑅) .

(6.3)

6.2.2 Flank Candidate Selection and MSG Criterion

The regions that are deemed suitable for a sensitive SD are delineated by the flanks of the
Coulomb peaks. The example depicted in Figure 6.2 provides a visual representation of the
candidate regions in the signal.

The establishment of qualified regions for an optimal operating point is contingent upon the
tuning step under consideration. These regions are determined by a composition of the fol-
lowing requirements:

• a steep slope to achieve the strongest possible response and sensitivity [77, 234],
• an adequate linearity of the slope to ensure a proportional sensor signal within the region
and ease signal interpretation,

• an extensive voltage range to ensure maximum flexibility when the working point under-
goes shifts, and

• a sufficient SGNR.

The selection of the operation point is sensitive to the last requirement, thus necessitating pre-
cise noise estimation. Consequently, the proposed minimal signal gradient (MSG) criterion
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𝑆𝐺𝑁𝑅 ≥ 𝜖 · Δ𝑉

𝑉𝑚𝑖𝑛

𝑀𝑆𝐺 = 𝜖 · 𝜎𝑛 ·
Δ𝑉

𝑉𝑚𝑖𝑛
≤ |𝑑𝐺𝑚

𝑑𝑆𝐿
|

(6.4)

with

• 𝜖 denoting the desired SGNR factor,
• 𝜎𝑛 denoting the estimated standard deviation of the noise,
• Δ𝑉 denoting the voltage sample distance, and
• 𝑉𝑚𝑖𝑛 denoting the minimal required voltage resolution of the SD,

ensures a sufficient SGNR in a qualified region. In Figure 6.3 a visualization of the MSG’s
composition is provided. For a Gaussian distribution, 99.73% of the noise falls within the
range of 3𝜎 . A value of 10 is selected for 𝜖 , resulting in an additional security distance of
4𝜎𝑛 between two measurement points. Consequently, if the gradient in a qualified region is
consistently greater than the MSG, the signal change for each 𝑉𝑚𝑖𝑛 is at least 𝜖 times as large
as 𝜎𝑛 .
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Figure 6.4: Boxplots of the errors on the evaluation dataset with the noise model described in
Section 6.2.1. It is important to note that the plot is confined to the boundaries of
the boxes. The nomenclature for the estimators aligns with that of the study by
Hader et al. [79].

6.2.3 Suggested Noise Estimator and Application to Measured Data

The estimation quality of several noise estimators was evaluated in the flank candidate re-
gions of fitted measurement data with added noise, based on the aforementioned noise model.
As shown in Figure 6.4, in most cases the estimation error of the noise estimators is negative,
indicating a tendency to underestimate the noise. Subsequent analysis revealed that this un-
derestimation of the noise is systematic, and consequently, it can be approximately corrected
with a compensation term.

Due to the absence of ground truth, a quantitative analysis of the estimation errors in the
measured data is not feasible. However, the impact of the estimators on the detection of
qualified regions can be evaluated. This evaluation was performed with the Chen (with and
without underestimation compensation) and Pyatykh estimators to examine their scatter and
underestimation influence. The Chen approach exhibited the lowest dispersion, yet it also
demonstrated an underestimation tendency, while the Pyatykh estimator demonstrated the
highest dispersion but no underestimation.
The flanks form diagonal wavefronts across multiple rows (see Figure 6.5). Regions that were
rejected (red) were identified in areas where these wavefronts diminished due to lower gradi-
ents falling short of the MSG criterion. It was evident that this phenomenon exhibited less reg-
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Figure 6.5: Results of the investigation regarding the sensitivity of the quality of results to
broader dispersion of the estimation: (a) Chen approach, (b) Pyatykh approach,
and (c) Chen approach with approximated compensation. Qualified regions are
marked green, and rejected regions are marked red. (d) Regression line in Chen’s
scatter plot for the results on the evaluation dataset.
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ularity for an estimator with broader dispersion, such as the Pyatykh estimator (Figure 6.5b),
than for one with smaller dispersion, like the Chen estimator (Figure 6.5a).
A diminished signal-to-noise ratio, attributable to a persistent noise floor, amplified this phe-
nomenon in regions of low wavefront amplitude.

To assess the influence of the underestimation, theChen estimator was corrected by an approx-
imated linear compensation derived from the regression line in the examinations on generated
data (refer to Figure 6.5d). The results of this analysis, illustrated in Figure 6.5c, revealed no
random behavior; only a negligible amount is observed in the weak parts of the wavefronts.
Consequently, it has been demonstrated that the estimation dispersion is of greater pertinence
for the region identification than the extent of underestimation. In light of this, when approxi-
mately compensating for the underestimation, it is proposed to employ the Chen estimator.

The presented work has enabled the automated selection of Coulomb peaks with a high de-
gree of sensitivity. However, the incorporation of these components into a comprehensive
automation framework remains an experiment-specific task and is therefore left open. In the
pursuit of the integration, future research endeavors must take into account several aspects.
Depending on the specific application scenario, such as tuning or readout, a flank selector
must optimize the balance between the width and steepness of the flanks. Moreover, the se-
lector is tasked with mapping flanks to wavefronts, identifying wavefront irregularities, and
evaluating the neighborhood to select the most stable operation area.

Additionally, compensating for the SD drift can enhance the quality of the readout data,
thereby facilitating the automation of subsequent tuning steps.

6.3 Charge Transition Detection Complexity Reduction
Using Compensated Sensor

The objective of this study is to determine the extent to which the compensation of the SD
leads to further minimization potential, thereby validating the additional effort required for
compensation using virtual gates as described in Section 3.2. A fundamental objective is to
assess the efficacy of such compensation in facilitating the effective application of ray-based
(RB)1 analysis. Therefore, the investigation encompasses both two-dimensional and RB U-
Net variants and compares them with simple classical alternatives. To enable the comparison
with the two-dimensional approaches, the RB candidates are applied line-wise to the two-
dimensional CSDs.
The results from Section 5.5 suggest that an approach must achieve an S-DICE score of 0.95
on simulated data to ensure sufficient detection quality on experimental data.
Under the hypothesis that future qubit samples will achieve superior overall data quality and
consistency, a separate investigation on the expected improvement of the analysis procedure
is conducted.
1RB analysis means, that single rays of one-dimensional data are analyzed instead of two-dimensional CSDs.
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6.3.1 Compensated Dataset Generation and Optimization of
Approaches

A preliminary study is conducted using the SimCATS simulation in which the SD does not
yet require explicit compensation. Rather, an almost perfectly compensated SD is assumed2.
Furthermore, the SD is reset for each CSD, ensuring that the measurement initiates at the
steepest point of the rising sensor slope. Apart from this modification, the training, valida-
tion, and test datasets are generated with the same parameters as in Section 5.1. Figure 6.6
delineates the effects of the sensor compensation on the data. This data enables an initial
estimation of the potential for reduction that can be expected through the implementation
of a SD compensation. In the compensated measurements, the sensor signal exhibits a step
characteristic with CTs manifesting as discrete jumps.
An additional dataset was generated for the investigation of the impact of the superior data
quality, wherein the parameter ranges for the noise and the coupling of the SD to the DQD
are constrained to the superior quality-affecting 10% of the original range. It is noteworthy
that, apart from sensor compensation, this data quality has already been demonstrated with
contemporary samples, as the ranges are extracted from experimental data.

Initially, U-Net and UNet-38k are trained on the new compensated dataset to assess whether
the prediction quality increases with compensated data. Subsequently, the U-Net is succes-
sively reduced further while observing the prediction quality on the validation dataset. In
addition to reducing the size, the training hyperparameters of the different variants are opti-
mized for the new dataset.
Two smaller versions, one and two orders of magnitude smaller than UNet-38k, are selected
for the final evaluation on the test dataset. UNet-4k comprises two encoder and decoder lay-
ers, initiates with four output channels for the initial convolutional layer, and employs bilinear
upsampling. In contrast, UNet-447 features a single encoder and decoder layer, commences
with two output channels for the initial convolutional layer, and does not utilize bilinear up-
sampling. Furthermore, the analysis encompasses the consideration of the RB versions of the
two smallest variants, which feature only 1481 and 179 parameters, respectively.
In addition to the U-Net models, the parameters of the most effective classical approach
PhCon+GCanny (see Section 5.5) are optimized for the new dataset. Furthermore, a first-order
derivative (FOD) filter is used as a reference for a simple one-dimensional filtering approach.
The FOD filter is combined with a normalization of the data before applying the filter and a
subsequent thresholding of the filter output.
Finally, a straightforward hardware integrated averaging and thresholding (HIAT) methodol-
ogy is considered, which is based on the schematic in Figure 6.7. The proposed circuit [354]
utilizes a transimpedance amplifier, comprising an operational amplifier (OPA) and a feed-
back resistance. While sweeping the voltages of the DQD plunger gates, the output voltage
𝑉𝑜𝑢𝑡 is sampled. The sampling capacitors, in conjunction with the output resistance of the
transimpedance amplifier and the on-resistance of the switches, function as a low-pass filter,
thereby implementing an averaging process. The correlated double sampling (CDS) process

2𝛽1, 𝛽2 ∈ [0.0001, 0.0005]
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Figure 6.6: Visualization of the effects of sensor compensation on the CSD data using
SimCATS. (a) Simulated CSD without and (b) the same CSD with sensor compen-
sation. One-dimensional simulations along the red arrows in (a) and (b) are shown
in (c) and (d), respectively. Evidently, the compensated data is more conducive
to low-complexity analysis techniques, as the transitions between disparate levels,
highlighted by red stars, are more readily discernible in the global space. It is note-
worthy, that in the provided example, the sensor abides in a distinct Coulomb peak,
a phenomenon that is not guaranteed for larger sweep ranges.

is executed in an alternating nonoverlapping manner, followed by a comparator. The timing
diagram in Figure 6.8 provides a visual representation of the aforementioned. This approach
might facilitate the detection of the CTs while traversing the DQD plunger gate voltages, ob-
viating the need for digitizing the intermediate measurement data. Consequently, the circuit
is regarded as a contender for facilitating scalable detection with an integration adjacent to
the qubits.

The final training parameters for the U-Netmodels, whichwere used for both the compensated
and the compensated superior quality dataset, are delineated in Table 6.1. It is noteworthy
that the learning rate and weight decay parameters of U-Net and UNet-38k remain identical
to those employed for the dataset with the uncompensated sensor. Nevertheless, it was neces-
sary to reduce the learning rates for the smaller versions. This finding suggests a correlation
between the model size and the learning rates. Furthermore, an increased batch size proved
advantageous for smaller models, with the exception of the RB variants. The weight decay
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Figure 6.7: Schematic of the HIAT.
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Figure 6.8: Timing diagram of the HIAT.

parameter was fixed due to its stable performance across network sizes, with the exception of
UNet-1k-RB, which necessitated an alternative setting. Moreover, the number of epochs was
modified.

6.3.2 Results with Sensor Compensation

The selected approaches were evaluated on the compensated data test set using the same
methods as described in Section 5.2.

As demonstrated in Table 6.2, themetrics for both the two-dimensional and the RB approaches
are arranged in descending order according to the S-DICE score. It is important to note that,
even with a further reduction in size, the methods based on ML demonstrate a substantial
advantage over the best-performing classical approach. It can be observed that the DICE and
S-DICE scores of U-Net and UNet-38k exhibited an increase in comparison to the results ob-
tained without sensor compensation that were detailed in Table 5.5. Consequently, the sensor
compensation demonstrates to improve the detection quality of the networks. The smaller
versions achieved remarkable strong results, particularly UNet-4k, which nearly equaled the
results of the two larger variants. The smallest two-dimensional version (UNet-447) still
achieved an adequate detection quality, especially in terms of the S-DICE score, which is
considered to be the more important metric, as a pixel-perfect detection is not necessarily
required. The application of the compensated sensor dataset demonstrates to enhance the
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Table 6.1: Training hyperparameters of the U-Net networks. The optimizers and schedulers
of the ML approaches refer to the implementations in the torch.optim package
[347].

Model Training Optimizer Scheduler
Epochs Batch Size Name Learning Rate Weight Decay

U-Net 5 64 AdamW 2.0·10−1 1.0·10−4 OneCycleLR
UNet-38k 5 64 AdamW 2.0·10−1 1.0·10−4 OneCycleLR
UNet-4k 3 128 AdamW 1.0·10−1 1.0·10−4 OneCycleLR
UNet-447 4 128 AdamW 1.0·10−1 1.0·10−4 OneCycleLR
UNet-1k-RB 2 64 AdamW 1.0·10−1 1.0·10−3 OneCycleLR
UNet-179-RB 5 64 AdamW 1.0·10−2 1.0·10−4 OneCycleLR

detection capabilities of both UNet-4k and UNet-447, which did not exhibit promising capa-
bilities on uncompensated data. The detection abilities of PhCon+GCanny are also enhanced,
yet they remain inferior to the ML models, particularly with regard to the DICE score.
The accuracy of the RB approaches is generally inferior to that of the two-dimensional ap-
proaches. A notable exception is UNet-1k-RB which attained an S-DICE score of 0.8903.
This result indicates that UNet-1k-RB performs better than the most effective classical two-
dimensional approach. Even the most rudimentary network UNet-179-RB generated superior
outcomes in comparison to the classical RB approaches. It is noteworthy, that the DICE score
of UNet-179-RB remained superior to that of the most effective classical two-dimensional
approach (PhCon+GCanny). This observation suggests that ML methods generally possess a
stronger capacity for highly accurate CT detection. The FOD filter and HIAT achieved S-DICE
scores below 0.8 and DICE scores below 0.4. Consequently, they are not considered to be suf-
ficient for a robust automated tuning, as they demonstrate a substantial shortfall relative to
the target threshold of an S-DICE score of 0.95.

Figure 6.9 illustrates the predictions of the aforementioned approaches on exemplary simu-
lated test data with compensation. U-Net and UNet-38k have been excluded from the compar-
ison, because their prediction is not distinguishable from UNet-4k, which produces visually
excellent predictions. It is noteworthy that UNet-447 maintains its excellent performance,
with the exception of the most severely noise-contaminated scenario that still retains some
CTs, where its performance declines. The inability of PhCon+GCanny to detect CTs in cer-
tain CSDs, is likely attributable to its comparatively limited flexibility in comparison to a ML
network. This limitation impedes the capacity to respond in a manner that is adaptable to
varying circumstances.
Among the various RB approaches, UNet-1k-RB yielded the best results. However, its defi-
ciencies relative to the two-dimensional approaches become particularly evident at elevated
noise levels. The smallest ML network UNet-179-RB achieved similar results as UNet-1k-RB,
but exhibited random false detections. The results obtained from the utilization of HIAT were
visually different to those yielded by the other detectors. This phenomenon is attributed to the
implementation of nonoverlapping windows, which results in a coarser discretization. The
effect described herein leads to a reduction of the DICE score; however, it has no effect on the
S-DICE score due to a sufficiently large distance threshold. As evidenced by the visual results
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Table 6.2: Metrics calculated for all approaches on the compensated sensor test set. The results
are separated into two-dimensional and RB approaches, each sorted according to the
S-DICE score.

Category Detector Name DICE S-DICE
2D U-Net 0.9780 0.9977

UNet-38k 0.9644 0.9944
UNet-4k 0.9483 0.9884
UNet-447 0.8917 0.9474
PhCon+GCanny 0.4991 0.8673

RB UNet-1k-RB 0.7182 0.8903
UNet-179-RB 0.6322 0.8229
FOD filter 0.3289 0.7472
HIAT 0.2155 0.7400

of HIAT, the detection probability is found to exhibit a notable dependence on the relative
direction of the measurement direction in relation to the CT direction. This phenomenon can
be attributed to the fact, that the averaging time and the corresponding amplitude threshold
are not robust across all conditions. Furthermore, the performance of HIAT was found to
be contingent upon the noise level, a factor that gives rise to a considerable number of false
detections. This incidence was also observed in the context of pure noise, in the absence of un-
derlying CTs. The results of the FOD filter manifested a visual resemblance to the outcomes of
HIAT, exhibiting analogous deficiencies. However, its performance at higher noise levels ap-
peared to be marginally superior, though it exhibited a comparable rate of false detections.

6.3.3 Results with Sensor Compensation and Superior DataQuality

The results obtained under the hypothesis of superior data quality for the approaches under
consideration are shown in Table 6.3. Notably, all two-dimensional U-Net variants attained
an optimal S-DICE score, indicating their effectiveness. It is evident that PhCon+GCanny
achieved an S-DICE score of 0.916, which, while falling short of the targeted value of 0.95, ex-
hibits a substantial enhancement over the outcome observed on the initial dataset. However,
its DICE score showed a slight decrease, suggesting that there has been no advancement in
the realm of pixel-perfect detection.
In the group of the RB approaches, UNet-1k-RB attained a substantial enhancement in per-
formance, achieving an S-DICE score of 0.9926 and a DICE score of 0.8662. Consequently, it
is the sole RB approach that fulfills the objective of an S-DICE score of 0.95. Although the
target was not met, UNet-179-RB, HIAT, and the FOD filter demonstrated a substantial en-
hancement in their performance. It is noteworthy that for the superior quality dataset, these
three approaches achieved a similar S-DICE score. Nevertheless, UNet-179-RB continued to
demonstrate a superior DICE score, thereby underscoring its strength in detecting with high
precision. The declining S-DICE score of UNet-447 and UNet-179-RB compared to the larger
variants implies that a further size reduction of the U-Net architecture is not advisable.
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Figure 6.9: Exemplary predictions on the compensated sensor test dataset. The examples are
sorted by the observed noise level.
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Table 6.3: Metrics calculated for all approaches on the compensated sensor test set with the
parameter ranges for the noise and the coupling of the SD to the DQD restricted to
the top 10% of the original range. The results are separated into two-dimensional
and RB approaches, each sorted according to the S-DICE score.

Category Detector Name DICE S-DICE
2D U-Net 0.9935 0.9999

UNet-38k 0.9906 0.9998
UNet-4k 0.9805 0.9979
UNet-447 0.9558 0.9884
PhCon+GCanny 0.4886 0.9160

RB UNet-1k-RB 0.8662 0.9926
UNet-179-RB 0.7571 0.8971
FOD filter 0.4429 0.8914
HIAT 0.3256 0.8861

Examples for the predictions on the dataset with superior measurement quality are illustrated
in Figure 6.10. Notably, the two-dimensional U-Net variants show excellent results. Only
UNet-447 exhibits a failure to detect negligible components of a CT in the upper right corner
of the first CSD. Even with superior measurement quality, PhCon+GCanny consistently ex-
hibits deficiencies in detecting CTs within specific CSDs.
A comparative analysis of the RB approaches reveals that UNet-1k-RB and UNet-179-RB both
demonstrate excellent results that are qualitatively equivalent to those of the two-dimensional
variants. Nevertheless, random false detections still occur in UNet-179-RB, albeit with mar-
kedly reduced incidence. Both networks visually showed superior results than those of the
two-dimensional PhCon+GCanny. It is evident that HIAT continues to demonstrate the de-
pendence of the detection probability on the relative direction of the measurement direction
in relation to the CT direction. Furthermore, even at lower noise levels, false detections still
occured, although not as frequently as in the initial investigation. The results of the FOD filter
again were consistent with those of HIAT, yet the FOD filter demonstrated a higher rate of CT
misses. However, it is noteworthy that the examples hardly showed random false detections
for the FOD filter.

6.3.4 Suggested Detection Methods

The investigation has demonstrated, that the SD compensation has the potential to markedly
diminish the complexity of the analysis. Moreover, the efficacy of the two-dimensional anal-
ysis has been shown to be significantly superior. In the first investigation, employing iden-
tical noise levels and SD sensitivity as those utilized in Chapter 5, solely two-dimensional
approaches yielded sufficiently robust results that satisfied the stipulated requirement of an
S-DICE score of 0.95. In the course of the second investigation, with the additional assump-
tion of a superior data quality, the RBU-Net variant UNet-1k-RB also fulfilled this requirement.
However, it is noteworthy that a two-dimensional variant of even smaller scale has achieved
this objective, necessitating less computational effort to attain a comparable outcome.
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Figure 6.10: Exemplary predictions on the compensated sensor test dataset with the parameter
ranges for the noise and the coupling of the SD to the DQD being restricted to
the top 10% of the original range. The examples are sorted by the amplitude of
the observed CTs.
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Furthermore, the classical two-dimensional PhCon+GCanny, the one-dimensional FOD filter,
and the proposed candidate for a hardware integrated averaging and thresholding (HIAT) did
not attain the stipulated S-DICE score. This finding serves to underscore the effectiveness of
ML-based techniques for the task at hand. Nonetheless, a robust application of HIAT could be
achieved, if the data quality is further optimized and two different averaging times are used
in conjunction. The latter would allow for flexibility with regard to the relation between the
direction of the measurement and the CT.

In summary, the combination of SD compensation and the consistent achievement of the
highest data quality of contemporary measurements enables RB ML approaches like UNet-
1k-RB to successfully detect CTs. If the superior data quality cannot be consistently attained,
the implementation of the two-dimensional UNet-447 is recommended. Should future qubit
measurements attain optimal data quality excelling the superior quality considered here, the
prospect of achieving a completely hardware-integrated robust detection becomes a distinct
possibility.

6.4 Energy Efficiency of Scaled Machine Learning Models

In the domain of QC, where control and readout electronics are required to functionwithin the
extreme constraints of cryogenic environments when scaling up to universal quantum compu-
tation, the electrical power consumption of ML models constitutes a pivotal consideration. In
dilution refrigerators, where quantum processors function at millikelvin temperatures, power
dissipation leads to heating that might critically degrade qubit coherence and fidelity. This
underscores the necessity of efficient co-processing, particularly for tasks such as qubit state
discrimination, error correction, and calibration.
The energy efficiency of a model is closely tied to its size, and the model size can be reduced
based on the assumptions about the quality of the measurement data made in the previous
sections. Table 6.4 depicts the resulting FLOPs for the different network sizes. The number
of FLOPs is directly proportional to the size and the number of CSDs that are analyzed con-
currently. Consequently, the energy efficiencies that are calculated in the following can be
extrapolated to higher numbers of qubits. Furthermore, it is hypothesized that the resolu-
tion of the CSDs can be further reduced, as the size was initially chosen to closely match the
experimental data.

Specialized hardware accelerators [355], including ML application-specific integrated circuits
(ASICs), have exhibited energy efficiencies reaching up to 50.62 tera operations per second
(TOPS) per watt for U-Net architectures employing TSMC’s 40 nm CMOS technology [356].
As asserted by Teo et al. [356], the implementation of pipelining within each processing ele-
ment effectively reduces the required chip area while enhancing the computational efficiency.
Earlier approaches made use of techniques such as dynamic-voltage-accuracy-frequency scal-
ing implemented in a 28 nm fully depleted silicon on insulator (FD-SOI) technology to improve
the efficiency to 10 TOPS per watt [357].
In order to maximize computational efficiency, contemporary hardware accelerators frequent-
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Table 6.4: FLOPs, MACs, and an estimation for the required power to sustain a throughput
of one CSD (96 × 96 pixels) inference per second for all previously discussed U-Net
models. The estimation is calculated using Eq. (6.7).

Category Model Parameters FLOPs MACs Power [W]
2D U-Net 17,261,825 1.124·1010 5.612·109 2.220·10−4

UNet-38k 38,041 7.701·107 3.788·107 1.521·10−6
UNet-4k 4,193 2.404·107 1.165·107 4.749·10−7
UNet-447 447 4.471·106 2.083·106 8.832·10−8

RB UNet-1k-RB 1,481 1.374·107 6.341·106 2.715·10−7
UNet-179-RB 179 2.207·106 9.216·105 4.360·10−8

ly leverage quantized neural networks. In these networks both parameters and activations
are encoded using reduced-precision integer representations, often comprising only a few
bits. The quantization is achieved through the implementation of either post-training quan-
tization (PTQ) or quantization-aware training (QAT). In the case of PTQ, the initial training
phase involves a floating-point network. This is followed by the quantization of weights and
activations. Conversely, in the QAT approach, the model undergoes training in a manner that
is specifically designed to be quantization-aware. The latter option necessitates a greater in-
vestment of engineering resources, as it involves adapting the training pipeline. Nevertheless,
this approach has the potential to yield superior outcomes. In most cases, the accuracy of a
network quantized to 8-bit integers using PTQ does not decline by more than 1% compared
to the floating-point variant [358]. The utilization of a properly configured QAT pipeline
has been demonstrated to mitigate accuracy loss to a considerable extent, while maintaining
performance even under aggressive 4-bit quantization [358]. In certain instances, quantized
networks have been shown to outperform their floating-point counterparts [358–360].
Initial experimentation with the proposed U-Net models revealed no substantial decline in
accuracy with QAT, when employing quantization to 8-bit integer representations. The hy-
pothesis posits that the precision of integer representation can be further reduced.

The subsequent calculations are based on the U-Net accelerator efficiency

𝐸𝑢𝑛𝑒𝑡 =
𝑁𝑜𝑝𝑠

𝑃 · 𝑡 = 50.62
[
𝑇𝑂𝑃𝑆

𝑊

]
(6.5)

reported by Teo et al. [356], where 𝑁𝑜𝑝𝑠 is the number of operations, 𝑃 is the power, 𝑡 is the
time, and TOPS are the tera operations per second. For the power consumption analysis of
the CT detection, the number of operations is given by

𝑁𝑜𝑝𝑠 = 𝑁𝑜𝑝𝑠/𝑐𝑠𝑑 · 𝑛𝑐𝑠𝑑 , (6.6)

with 𝑁𝑜𝑝𝑠/𝑐𝑠𝑑 being the number of operations per CSD and 𝑛𝑐𝑠𝑑 the number of CSDs. Con-
sequently, the required power for a tuning procedure with a time requirement 𝑡𝑡𝑢𝑛𝑒 can be
calculated as

𝑃𝑡𝑢𝑛𝑒 =
𝑁𝑜𝑝𝑠/𝑐𝑠𝑑 · 𝑛𝑐𝑠𝑑
𝐸𝑢𝑛𝑒𝑡 · 𝑡𝑡𝑢𝑛𝑒

. (6.7)
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Table 6.5: Required power for the local CT detection in the cryostat to achieve a sufficient
throughput to enable the automated tuning of one million qubits in six hours calcu-
lated using Eq. (6.7). The RB approaches are expected to require six rays instead of
a two-dimensional CSD.

Category Model Power [W]
2D U-Net 1.028·10−1

UNet-38k 7.043·10−4
UNet-4k 2.199·10−4
UNet-447 4.089·10−5

RB UNet-1k-RB 7.855·10−6
UNet-179-RB 1.262·10−6

Table 6.4 provides the resulting power associated with the throughput of one CSD inference
per second. It is noteworthy that Unet-447 necessitates approximately 88.3 nW, while UNet-
1k-RB requires 271.5 nW in the case of 96× 96 pixel CSDs or 2.8 nW in the case of 96 pixel RB
measurements.
A conservative assessment indicates that the charge state tuning procedure requires a maxi-
mum of 10 CSD measurements per qubit. In addition, the results in the study of Zwolak et
al. [89] indicated that six rays are sufficient to replace a full two-dimensional CSD. Thus,
for a million qubits, at most 10 million CSD- or 60 million RB-measurements are required. As
charge state tuning is confined to the initial setup phase, its time constraints are less stringent
than those of subsequent tuning procedures which must be repeated periodically. Therefore,
a duration of six hours is considered to be an acceptable time for a system of one million
qubits, particularly given that drifts of a full charge carrier in a QD take longer than a day and
only require slight re-tuning. By reducing the data to CT information, the volume becomes
sufficiently compact to enable rapid transmission to room-temperature control hardware. On
this hardware, specialized algorithms can autonomously compute the requisite voltage ad-
justments for each qubit. Leveraging a pipelined architecture, this optimization step can be
executed in a concurrent manner to the acquisition of data from subsequent qubits in the
cryostat. Therefore, this approach serves to eliminate latency and ensure the continuity of
high-throughput system calibration.
The resulting power requirements calculated under the aforementioned assumptions are delin-
eated in Table 6.5. With just 7.86 μW, UNet-1k-RB is a promising candidate for an integration
in the 100mK stage, as contemporary high-end cryostats like the Bluefors XLDsl offer a cool-
ing power of approximately 1mW [361]. This assertion is equally applicable to UNet-447,
which necessitates 40.89 μW. In the event that other control electronics require augmented
cooling power, it is possible to relocate the CT detection to the 4 K stage, which offers more
cooling power.

The previously mentioned benchmarks indicate that tiny ML models have the potential to
operate effectively in cryogenic environments, thereby establishing a foundation for the de-
velopment of scalable quantum-classical hybrid systems.
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6.5 Unified Sensor and CSD Simulation Framework

The extensive development and testing of algorithms for the aforementioned SD tuning steps
and the investigation of an effectual compensation require a substantial amount of labeled
data. Therefore, a replicative model for simulating barrier-barrier sensor scans (see Section 3.4
for an introduction to these scans) has been developed. This model was developed to extend
the SD simulation in SimCATS and propel future research endeavors. The realization of the
model by Papajewski [362] mimics the features of sensor scans phenomenologically. Utilizing
a replicative model offers the advantage, that it does not necessitate the development of a
comprehensive physical model, which can be more intricate to calculate and might not be
feasible for all the phenomena evident in sensor scans.

In the simplified simulation, the SD is modeled using three resistors in series. The SD param-
eter of interest is the conductivity across the series of resistors. If the SD is measured using
RF reflectometry, the measured value is proportional to the conductance.

The simulation consists of four steps:

1. calculation of the potential of the SD 𝜇𝑆𝐷 and the SD-barriers 𝜇𝐵𝑖 , 𝑖 = 1, 2,

2. distortion of the potentials,

3. application of the sensor and barrier functions and calculation of the total sensor re-
sponse, and

4. distortion of the sensor response.

Figure 6.11 provides a visual representation of the lever arms of the two barrier voltages 𝑉𝐵1
and 𝑉𝐵2 on the potentials of the SD system. These lever arms are instrumental in calculating
the potentials (

𝜇𝐵1 𝜇𝑆𝐷 𝜇𝐵2
)
=
(
𝑉𝐵1 𝑉𝐵2

)
·
(
𝛼𝑉𝐵1 ,𝜇𝐵1 𝛼𝑉𝐵1 ,𝜇𝑆𝐷 𝛼𝑉𝐵1 ,𝜇𝐵2
𝛼𝑉𝐵2 ,𝜇𝐵1 𝛼𝑉𝐵2 ,𝜇𝑆𝐷 𝛼𝑉𝐵2 ,𝜇𝐵2

)
. (6.8)

The next step in the process involves the application of the sensor and barrier functions to the
potentials, which have previously undergone distortion by RTN and pink noise. The sensor
function delineates the Coulomb peak behavior of the SD, while the barrier functions model
the pinch-off curves of the corresponding barrier gate. Simplified Lorentzians [243] in super-
position represent the Coulomb oscillations in the sensor function. A final sigmoid term is
overlaid to model the transition to direct current flow as tunnel barriers vanish. The barrier
functions are modeled by generalized logistic functions (GLFs)3 [363]:

𝑔𝑙 𝑓 (𝜇𝐵𝑖 ) = 𝑎𝑙 +
𝑎𝑟 − 𝑎𝑙

(𝑐 + 𝜖 · 𝑒−𝛾 ·(𝜇𝐵𝑖−𝜇𝑜 𝑓 𝑓 )) 1
𝑟

. (6.9)

3GLFs extend sigmoid functions and offer the capability to approximate possible asymmetry in the barrier
functions.
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𝜇𝐵1 𝜇𝑆𝐷 𝜇𝐵2

𝑉𝐵1 𝑉𝐵2

𝛼𝑉𝐵1 ,𝜇𝐵2

𝛼𝑉𝐵1 ,𝜇𝐵1 𝛼𝑉𝐵2 ,𝜇𝐵2𝛼𝑉𝐵1 ,𝜇𝑆𝐷

𝛼𝑉𝐵2 ,𝜇𝐵1

𝛼𝑉𝐵2 ,𝜇𝑆𝐷

Figure 6.11: Lever arms of the voltages 𝑉𝐵1 and 𝑉𝐵2 applied to the two SD barrier gates 𝐵1
and 𝐵2 (𝑆𝐿𝑖 and 𝑆𝑅𝑖 in Figure 3.1) on the potential of the SD 𝜇𝑆𝐷 and its barriers
𝜇𝐵𝑖 , 𝑖 = 1, 2.

Herein,

• 𝑎𝑙 is the left horizontal asymptote that indicates the lower limit,
• 𝑎𝑟 is the right horizontal asymptote that indicates the maximum of the function (if 𝑐 = 1),
• 𝜖 is linked to the initial value of the function at 𝜇𝐵𝑖 = 𝜇𝑜 𝑓 𝑓 and influences the early growth4,
• 𝛾 defines the general growth rate,
• 𝑟 influences the range in which maximum growth occurs, and
• 𝑐 is set to 1, which simplifies the function and reduces the number of parameters in the
present case.

Figure 6.12 illustrates GLFs fitted to a pinch-off measurement.

Subsequently, the results of the sensor function and the barrier functions are combined to
calculate the total sensor response, which is proportional to the conductivity𝐺𝑡𝑜𝑡𝑎𝑙 across the
series of resistors

𝐺𝑡𝑜𝑡𝑎𝑙 =
𝐺𝐵1 ·𝐺𝑆𝐷 ·𝐺𝐵2

(𝐺𝐵2 ·𝐺𝑆𝐷) + (𝐺𝐵1 ·𝐺𝐵2) + (𝐺𝐵1 ·𝐺𝑆𝐷)
. (6.10)

Afterward, the sensor response is distorted with white noise, which originates from amplifi-
cations of the sensor signal. Figure 6.13 illustrates the process of constructing ideal SD data.
The interplay of the barriers with the SD itself leads to the characteristic fading out of the
Coulomb peaks with closing barriers (see Figure 6.13j).

Using this model it is possible to develop and especially test further sensor tuning approaches.
Additionally it enhances the CSD simulation, as the model is an implementation of the sensor
interface in the SimCATS framework. Therefore, it is possible to iterate between simulating
CSDs and sensor scans, e.g. to continuously improve the sensor while moving through the
4Higher values lead to a faster growth in the beginning.
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Figure 6.12: Experimental pinch-off measurement with corresponding GLF fits. (a) Single GLF
fit. The initial rate of growth exhibited a greater magnitude than the subsequent
rate of growth, thereby substantiating the efficacy of the GLF in modeling the
asymmetry associated with the barrier pinch-off. (b) Multi GLF fit, consisting of
two GLFs. The model demonstrates an enhanced capacity to simulate the pinch-
off process with greater precision by employing a combination of multiple GLFs.

CSD space.
The extraction of suitable simulation parameters and the evaluation of the generated data is
depicted in the work of Papajewski [362].

6.6 Outcome and Perspective

The investigations regarding the sensitivity and efficiency refinement with improved SD tun-
ing have demonstrated that the most crucial factor for the CT analysis is an appropriate SD
compensation and reliably achieving superior data quality. In such conditions, a scalable CT
detection can be integrated into the cryostat adjacent to the qubits, potentially at the 100mK
stage. This close integration reduces wiring to minimize thermal conductance between tem-
perature stages, shortens the signal path to mitigate noise, and enables faster feedback loops
due to fewer parasitic elements. Table 6.6 provides a final assessment of the suitability of the
various CT approaches for different data quality. The evaluation encompasses the S-DICE
score, the visually assessed detection quality, and the requisite power for a scalable million
qubit system.
In instances where a reliable SD compensation is not applied, UNet-38k emerges as the sole
contender that allows an integrated solution, albeit not at the 100mK stage. In the context of
a compensated SD, UNet-447 emerges as the preferred solution, which can be integrated at
the 100mK stage.
Despite the potential for utilization with SD compensation at contemporary data quality, RB

98



6.6 Outcome and Perspective

�1 / V →

�
2

/V
→

` �
1

/a
.u

.→
(a)

`�1 / a.u.→

�
�

1
/a

.u
.→

(b)
�1 / V→

�
2

/V
→

�
�

1
/a

.u
.→

(c)

�1 / V→

�
2

/V
→

` (
�

/a
.u

.→

(d)
`(� / a.u.→

�
(
�

/a
.u

.→

(e)
�1 / V→

�
2

/V
→

�
(
�

/a
.u

.→

(f)

�1 / V→

�
2

/V
→

` �
2

/a
.u

.→

(g)
`�2 / a.u.→

�
�

2
/a

.u
.→

(h)
�1 / V→

�
2

/V
→

�
�

2
/a

.u
.→

(i)

�1 / V→

�
2

/V
→

�
C>
C0
;

/a
.u

.→

(j)

Figure 6.13: Visualization of the calculation of𝐺𝑡𝑜𝑡𝑎𝑙 . (a) The potential 𝜇𝐵1 , to which the barrier
function shown in (b) is applied, resulting in (c) the conductivity 𝐺𝐵1 . (d) The
potential 𝜇𝑆𝐷 , to which the sensor function shown in (e) is applied, resulting in (f)
the conductivity 𝐺𝑆𝐷 . (g) The potential 𝜇𝐵2 , to which the barrier function shown
in (h) is applied, resulting in (i) the conductivity 𝐺𝐵2 . (j) 𝐺𝑡𝑜𝑡𝑎𝑙 , calculated via
Eq. (6.10).
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6 Sensitivity and Efficiency Refinement with Improved Sensor Tuning

Table 6.6: Overview of approaches and suitability for different scenarios. The validation is
based on the S-DICE scores, the visual assessment, and the power calculations. The
colors visualize the suitability, with yellow meaning possible but restricted, e.g. not
on the 100mK but only on the 4 K stage.

Category Model Power Data Quality
uncompensated, compensated SD compensated SD,
contemporary superior data quality

2D U-Net
UNet-38k
UNet-4k
UNet-447
PhCon+GCanny

RB UNet-1k-RB
UNet-179-RB
FOD filter
HIAT

approaches are only rendered reliable when data quality is consistently superior5. This once
again corroborates the hypothesis that two-dimensional analysis is undoubtedly easier, as
even larger RB ML networks did not achieve a competitive result compared to their smaller
two-dimensional competitors. However, when considering the case of SD compensation in
combination with superior data quality, the UNet-1k-RB approach emerges as the preferred
option.
When extending the HIAT approach to utilize two different averaging times in conjunction
and further optimizing the data quality (see Section 6.3.4), this candidate could also potentially
perform reliably and offer optimal energy efficiency. However, it should be noted that this ap-
proach offers extremely limited flexibility to respond dynamically to different conditions.

Furthermore, the extension of SimCATS described in Section 6.5 enables the comprehensive
investigation, development, and benchmarking of automated SD tuning algorithms. Addi-
tionally, this allows the simulation of the sequential switching between SD and DQD tuning
steps. For instance, this can be employed to reassure highest SD sensitivity after several CSD
measurements. Thus, a more comprehensive algorithm development becomes feasible.

5Consistently achieving the quality of the best measurements from contemporary qubit experiments.
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Chapter7
Conclusion and Outlook

Conclusion

This thesis initially provided a comprehensive survey of the fundamentals of QC, with a
particular emphasis on the implementation of spin qubits in semiconductor QDs. Subse-

quently as its main subject, the present work addressed the challenge of tuning QD systems to
achieve high-fidelity qubit operation. The primary focus was on the complexity of developing
a scalable and automated charge state tuning. At the core of this discourse lies the pivotal role
of data analysis, particularly in the context of noise characterization and pattern recognition,
as a foundational element of any viable tuning strategy. A thorough investigation was con-
ducted into both conventional algorithms and modern deep learning approaches.
Crucially, the work underscored that scalable tuning architectures demand tight integration
with the quantum hardware itself. This integration is imperative due to the projected impossi-
bility of transferring complete measurement datasets to room temperature for processing on
a large scale.
A discussion and modeling of the general tuning procedure was conducted, which resulted in
the identification of the most crucial challenges to achieving a scalable system. The primary
challenges pertain to the establishment and retention of optimal SD sensitivity, as well as the
tuning of the QD charge state. In this study, the central focus was on the charge state tuning
based on CSD measurements, which is considered the more demanding task.

The development and evaluation of robust tuning algorithms is critically contingent upon
access to an substantial amount of labeled datasets. However, the process of manually anno-
tating experimental data is inherently laborious. Moreover, experimental conditions, such as
noise levels, cannot be systematically controlled to probe algorithmic limits. In order to sur-
mount the aforementioned constraints, the present work introduces a simulation-based ap-
proach that facilitates comprehensive benchmarking of CT detection strategies. Specifically,
the open-source framework SimCATS was developed to generate realistic CSD data under
a wide range of conditions. SimCATS integrates a novel modular and extensible distortion
model, applying distortions at three distinct, experimentally motivated stages: (1) the physi-
cal charge occupation of the DQD, (2) the electrostatic potential of the SD, and (3) the final
measurement response of the sensor. The model demonstrates a high degree of similarity
with the actual measurement pipeline. Coupled with a flexible, high-performance geometric
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7 Conclusion and Outlook

model for the charge occupation, SimCATS enables the efficient generation of realistic CSD
datasets. The empirical realism of the simulated data was quantitatively validated using met-
rics commonly applied to generative ML models. Experimental measurements served as the
reference point for this validation.

A comprehensive evaluation of CT detection strategies was conducted using a large simulated
dataset. This dataset was generated through randomized parameter variations within exper-
imentally derived ranges from a GaAs-based system. The study encompassed five classical
algorithms and 24 ML-based approaches, including convolutional, transformer, state-space,
and diffusion models.
Following the adaptation to the task and the parameter optimization, all candidates were first
benchmarked on simulated test sets and subsequently evaluated on two manually labeled ex-
perimental datasets. One of these datasets was acquired from a GaAs DQD and the other was
acquired from a SiGe single QD. The employment of classical methods has demonstrated an
inability to achieve reliable detection in the presence of conventional distortion levels and sen-
sor sensitivities. In contrast, several ML models exhibited robust performance on simulated
data, with numerous models maintaining high detection accuracy when applied to experimen-
tal GaAs data, from which the simulation parameters were derived. A decline in performance
was evident when applying the models to the SiGe dataset, which is devoid of the honeycomb
structure that is a hallmark of DQD systems. However, the detection quality maintained a
comparatively high level, indicating the high capacity to adapt to disparate feature distribu-
tions with a moderate refinement of the model weights utilizing target-specific experimental
data. Diffusion-based networks were excluded from consideration for scalable deployment
among the tested architectures due to their excessive computational overhead and lack of a
clear performance advantage.
Furthermore, an exploratory analysis of network compression was conducted using the U-Net
architecture, a fully convolutional model that is particularly well-suited for image segmenta-
tion tasks. The selection of this architecture was made on the basis of the inherent suitabil-
ity of convolutional networks for efficient hardware implementation, particularly in contexts
characterized by resource constrains or the requirement for embedded environments. The re-
sulting UNet-38k variant demonstrated a high level of accuracy while concurrently exhibiting
a substantial reduction in parameter count, reaching a mere 0.22% of the original value. This
underscores the potential of U-Net for future applications in domains requiring low power
dissipation or compact on-chip integration.

Subsequently, an investigation was conducted to determine whether further reduction in com-
plexity of the CT detection could be achieved. The rationale for this investigation stems from
the observation that, while UNet-38k demonstrates commendable performance, its size still
presents a challenge to its scalability for implementation alongside the qubit sample.
Earlier attempts at more aggressive model compression resulted in a rapid deterioration of de-
tection accuracy, underscoring the necessity to enhance signal quality. In this context, achiev-
ing high-quality sensor performance – particularly in terms of high sensitivity and effective
compensation – emerged as a central factor. In order to enhance sensitivity, it is necessary to
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automate the tuning of the SD in a robust manner. This process must be given particular em-
phasis in the noise-sensitive selection of a stable Coulomb peak flank. Concurrently, sensor
compensation has been shown to induce a fundamental alteration in the signal characteristics
that is hypothesized to substantially simplify CT detection.
A comprehensive evaluation was conducted to determine the impact of sensor compensa-
tion on CT detection performance and the feasibility of further model compression. In addi-
tion to ML-based approaches, the most effective classical method from prior studies was re-
evaluated. The study also incorporated the analysis of RB variants, employing U-Net models,
a one-dimensional FOD filter, and a hardware integrated averaging and thresholding (HIAT)
approach. The objective of this extension was to determine whether the compensation en-
ables a reliable RB analysis. Using simulated compensated data generated with the SimCATS
framework, U-Net architectures were systematically reduced in size until the performance on
the validation datasets was insufficient. Two compressed variants – one and two orders of
magnitude smaller than UNet-38k – were selected for final evaluation, including their corre-
sponding RB variants.
The final comparison confirmed that sensor compensation significantly reduces the analytical
complexity of the detection task. This was demonstrated by the fact that even the smallest
two-dimensional U-Net variant achieved the target accuracy determined from the previous
investigations. Conversely, both the classical approach and the RB approaches fell short of
the desired level of accuracy. This finding once again underscores the notion that RB analysis
is undoubtedly more challenging.
In order to further explore the role of data quality, an additional investigation restricted the
simulation parameters to the superior 10% of the original distortion and sensitivity range.
The objective of this investigation is to ascertain whether the RB analysis, particularly the
proposed HIAT, attains reliability if, in addition to SD compensation, the measurements con-
sistently attain the highest quality observed in contemporary measurements. Under these
conditions, a small RB U-Net variant attains the necessary level of accuracy, while the FOD
filter and HIAT continue to exhibit deficiencies. Nevertheless, possible improvements to HIAT
were proposed, which might enable its reliable utilization, contingent upon the concomitant
enhancement toward optimal data quality.

Subsequent to these investigations, the required power of the various U-Net variants in the
context of a scalable tuning for a one million qubit system was estimated. These estimations
were based on the efficiency metrics of dedicated U-Net hardware accelerators, as reported in
recent studies. The results of the study indicated that a scalable implementation at the 100mK
stage is indeed feasible, provided that adequate compensation is applied to the SD.
In order to further propel the future development of SD tuning algorithms, a more sophisti-
cated sensor simulation was proposed, which extends the existing SimCATS framework.

103



7 Conclusion and Outlook

Outlook

Future research endeavors should concentrate on determining the acceptable data trans-
mission rates from cryogenic environments to room temperature. This encompasses the

physical realization of the data links and the associated thermal budget, particularly the im-
pact of heat dissipation on system stability. The transmission rates will be a decisive factor
regarding the proportion of analysis and data compression tasks which should be performed
in the cryostat to reduce the required bandwidth. Ultimately this enables a quantitative com-
parison of the trade-offs between local processing accuracy and power requirements versus
the demands and implications of high-bandwidth data transmission.

Furthermore, the deployment of a hardware demonstrator for the most promising ML-based
recognition models would facilitate the acquisition of critical insights into real-world perfor-
mance and thermal behavior under cryogenic conditions.
In this regard, neuromorphic computing (NC) architectures present a compelling alternative,
offering the potential for ultra-low-power implementations. NC is a computational paradigm
that emulates the architecture and temporal dynamics of biological neural systems to enable
energy-efficient, event-driven information processing. Especially promising are hardware-
level implementations such as memristor-based crossbar arrays, which offer high integration
density and energy-efficient operation [364].

It is imperative that research on additional required recognition tasks prioritizes the identifi-
cation of versatile approaches with the potential for wide-ranging applicability to a multitude
of tasks. To illustrate, one set of tiny U-Net model weights could be trained for SD tuning,
while an alternative set could be trained for QD charge state tuning. Consequently, in scenar-
ios where targeted tasks are performed sequentially, the specialized hardware that efficiently
implements the network can be reused. With this approach only the weights of the network
would have to be updated between the operations. Depending on the implementation, the
storage of different versions of the weights in the hardware implementation could facilitate
rapid switching and reduce the power budget required for loading parameters into the mem-
ory. Therefore, the research endeavors could employ techniques such as NAS [365, 366] and
HPO [367] to find the optimal versatile network for a wide variety of tasks.

Another focal point for future research endeavors should be the establishment of a robust SD
compensation and the maintenance of a high degree of sensitivity through the implementa-
tion of optimal automated SD tuning. This is considered to play a pivotal role in enabling
low-complexity analysis for all measurements subsequent to tuning up the SD.
Advancement in this domain necessitates the establishment of high-fidelity electromagnetic
field simulations of qubit samples to precisely ascertain the lever arms of the various gate elec-
trodes on the potential landscape of the QD system. Complementary algorithmic frameworks
should be developed to validate and refine these simulated parameters through the analysis
of experimental data. The statistics obtained from these algorithms will also facilitate the
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enhancement of the simulations, thereby potentially obviating the necessity for subsequent
corrections.
Finally, dedicated hardware could be used to translate virtual gate operations into optimized
combinations of physical gate voltages in real time.

Another significant topic for future research is the comprehensive advancement of high-level
tuning algorithms, which will likely remain confined to room-temperature infrastructure.
Given the previously delineated data and measurement reduction techniques that facilitate
a transfer to room temperature but entail information loss, the decision-making process for
tuning progressively intricate QD architectures will necessitate enhanced algorithmic effort.
In order to address this issue, it is necessary to employ high-level calibration strategies that
will likely require the integration of advanced ML models. These models have already demon-
strated their capacity to manage complex, high-dimensional tasks with exceptional perfor-
mance.
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AppendixA
Basic Condensed Training Routine for Machine

Learning Networks

The following presents a basic, condensed training routine forMLnetworks. The reproduction
of the training requires (1) a functional Python installation, (2) the reference U-Net implemen-
tation of Milesi [305], and (3) the auxiliary libraries PyTorch [347] (tested with version 2.7.0),
and SimCATS-Datasets [295] (tested with version 2.5.0).
Listing A.1 adapts Milesi’s original training loop to train a U-Net model on SimCATS CSDs.
Prior to execution, amend line 7 so that it points to the local clone of the Pytorch-UNet repos-
itory [305]. Furthermore, a training dataset must be generated in advance. This can be done
using the notebook dataset_gen[random_variations].ipynb, which is included with the
SimCATS-Datasets package [295]. The path to the dataset must be provided in line 22.

1 from pathlib import Path
2 from simcats_datasets.loading.pytorch import SimcatsDataset
3 import torch
4 from torch.utils.data import DataLoader
5 from tqdm import tqdm
6 import sys
7 sys.path.append("./Pytorch-UNet")
8 from utils.dice_score import dice_loss
9 from unet.unet_model import UNet
10

11 model = UNet(n_channels=1, n_classes=1, bilinear=True)
12 # define training hyperparameters
13 learning_rate = 0.2
14 weight_decay = 0.0001
15 batch_size = 64
16 epochs = 5
17 device = torch.device("cuda" if torch.cuda.is_available() else "cpu")
18 # create directory to store network checkpoints
19 dir_checkpoints = Path("./checkpoints")
20 dir_checkpoints.mkdir(parents=True, exist_ok=True)
21 # setup the dataset and dataloader
22 dataset = SimcatsDataset(h5_path="dataset.h5",
23 load_ground_truth="load_tct_masks",
24 data_preprocessors=["standardization", "add_newaxis"],
25 ground_truth_preprocessors=["only_two_classes"],
26 preload=True)
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27 dataloader = DataLoader(dataset, shuffle=True, batch_size=batch_size, pin_memory=True)
28 # set the model to the efficient channel_last memory format
29 model = model.to(memory_format=torch.channels_last)
30 # create and configure the optimizer and the scheduler
31 optimizer = torch.optim.AdamW(lr=learning_rate, weight_decay=weight_decay, foreach=True,

params=model.parameters())
32 scheduler = torch.optim.lr_scheduler.OneCycleLR(optimizer=optimizer, max_lr=learning_rate,

epochs=epochs, steps_per_epoch=len(dataloader))
33 # define the loss function
34 criterion = torch.nn.BCEWithLogitsLoss()
35 def loss_function(masks_pred: torch.Tensor, true_masks: torch.Tensor) -> torch.Tensor:
36 """Calculates the loss using a combination of BCEWithLogitsLoss and Dice
37 Args:
38 masks_pred (torch.Tensor): Predicted masks
39 true_masks (torch.Tensor): Ground truth masks
40 Returns:
41 torch.Tensor: Loss tensor
42 """
43 loss = criterion(masks_pred.squeeze(1), true_masks.float())
44 loss += dice_loss(torch.nn.functional.sigmoid(masks_pred.squeeze(1)), true_masks.float(),

multiclass=False)
45 return loss
46 # send the model to the device used for the training
47 model.to(device=device)
48 model.train()
49

50 # actual training loop
51 for epoch in range(1, epochs + 1):
52 epoch_loss = 0
53 with tqdm(total=len(dataset), desc=f"Epoch {epoch}/{epochs}", unit="CSD") as pbar:
54 for batch in dataloader:
55 csds, true_masks = batch["csd"], batch["ground_truth"]
56 # send CSDs and ground truth masks to the device used for the training
57 csds = csds.to(device=device, memory_format=torch.channels_last)
58 true_masks = true_masks.to(device=device)
59 # perform predictions (forward pass) and calculate loss
60 masks_pred = model(csds)
61 loss = loss_function(masks_pred, true_masks)
62 # backward pass and parameter update
63 optimizer.zero_grad(set_to_none=True)
64 loss.backward()
65 torch.nn.utils.clip_grad_norm_(model.parameters(), 1.0)
66 optimizer.step()
67 scheduler.step()
68 # update the progress bar
69 pbar.update(csds.shape[0])
70 epoch_loss += loss.item()
71 pbar.set_postfix(**{"loss (batch)": loss.item()})
72 # save the model weights as checkpoint after each training epoch
73 state_dict = model.state_dict()
74 torch.save(state_dict, Path.joinpath(dir_checkpoints, f"checkpoint_epoch{epoch}.pth"))

Listing A.1: Basic condensed training routine for the U-Net model using SimCATS data.
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AppendixB
Visual Analysis of Feature Maps and Kernels

Visualizing the learned kernels and the corresponding feature maps produced during infer-
ence allows for a more thorough analysis of the network’s internal operations. For particu-
larly simple or compact architectures, this analysis can reveal insights into how the network
extracts and processes information. This information can inform the design of more robust
classical algorithms. Listing B.1 shows the code used to visualize both the convolutional ker-
nels and the resulting feature maps of the UNet-447 model1 used in this study. The execution
requires the same packages and setup as outlined in Appendix A and an adjustment of the
paths in lines 9 and 47.

Figure B.1 depicts the convolutional kernels of UNet-447 and exemplary illustrates the feature
maps produced when inferring a CSD with sensor compensation. Each blue block represents
a network block, and the white blocks indicate the internal layers (using the names from
torch.nn [347]). Note that, in the implemented version, each ReLU activation is preceded by
a batch normalization layer (BatchNorm2d), which is not shown in the figure for visual clarity.
While this is a common modification in modern U-Net variants, it is not part of the original
architecture proposed by Ronneberger et al. [178]. The arrows denote the direction of data
flow. The input CSD first passes through the input block, where two successive convolutions
extract low-level features. In the subsequent down block, the image resolution is halved using
a max pooling operation, followed by another double convolution to capture features at a
coarser scale. The up block processes the output of the down block and the output of the input
block. The latter is being forwarded through a skip connection (grey arrow). To align their
resolutions, the output of the down block is upsampled via a transposed convolution operator.
Then, it is concatenated with the output of the input block (see grey block in Figure B.1)
before undergoing an additional pair of convolutions. Finally, the output block applies a 1× 1
convolution that yields the network’s prediction. This prediction is later thresholded to obtain
the binary mask.
Inspection of the convolutional kernels and the resulting feature maps reveals that individual
kernels specialize in detecting distinct structures. For instance, some respond preferentially to
edges of a particular orientation. However, the precise semantic content of each kernel is not
always evident and may only become interpretable when evaluated on CSDs with particular
features, such as varying noise levels or specific structures.

1The implementation of the model is not included here but can be derived by adapting the reference implemen-
tation by Milesi [305].
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1 import torch
2 import math
3 from torchvision import utils
4 import matplotlib.pyplot as plt
5 from simcats_datasets.loading.pytorch import SimcatsDataset
6 from hunet.unet_models import UNet_flexible
7

8 # define path to previously trained checkpoint
9 checkpoint = r"./checkpoints_UNet-447/checkpoint_epoch4.pth",
10 device = torch.device("cuda" if torch.cuda.is_available() else "cpu")
11 # create U-Net model and load trained weights
12 model = UNet_flexible(n_channels=1, n_classes=1, bilinear=False, n_layers=1,

out_channels_inconv=2)
13 model.to(device=device)
14 state_dict = torch.load(checkpoint, map_location=device)
15 model.load_state_dict(state_dict)
16 model.eval()
17

18 # define a helper function to visualize tensors in a grid
19 def visualize_tensor(tensor: torch.Tensor, ch: int = 0, allkernels: bool = False, title: str =

None) -> None:
20 """Function to visualize a PyTorch tensor. Usually used for visualizing the filters of a

convolutional layer.
21 Args:
22 tensor (torch.Tensor): PyTorch tensor to be visualized
23 ch (int, optional): Index of the channel that will be visualized. Defaults to 0.
24 allkernels (bool, optional): If True visualize all channels. Defaults to False.
25 title (str, optional): Title of the plot. Defaults to None.
26 """
27 n, c, h, w = tensor.shape
28 if allkernels:
29 tensor = tensor.view(n * c, -1, w, h)
30 elif c != 3:
31 tensor = tensor[:, ch, :, :].unsqueeze(dim=1)
32 grid = utils.make_grid(tensor, nrow=4, normalize=True, padding=1, pad_value=1)
33 plt.figure(figsize=(4, math.ceil(tensor.shape[0] // 4) + 1))
34 plt.imshow(grid.cpu().numpy().transpose((1, 2, 0)))
35 if title is not None:
36 plt.title(title)
37 plt.axis("off")
38 plt.ioff()
39 plt.tight_layout()
40 plt.show()
41 # plot kernel filters of each layer
42 for name, param in model.named_parameters():
43 if name[-6:] == "weight" and param.dim() > 1:
44 visualize_tensor(tensor=param, ch=0, allkernels=True, title=name)
45

46 # load a CSD
47 dataset = SimcatsDataset(h5_path="dataset.h5",
48 load_ground_truth="load_tct_masks",
49 data_preprocessors=["standardization", "add_newaxis", "add_newaxis"],
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50 ground_truth_preprocessors=["only_two_classes"],
51 preload=False)
52 csd_id = 0
53 csd, true_mask = dataset[csd_id]["csd"], dataset[csd_id]["ground_truth"]
54 # perform the prediction (manual workflow of the "forward" function)
55 csd = csd.to(device=device)
56 output_inc = model.inc(csd)
57 output_down1 = model.down1(output_inc)
58 output_up1 = model.up1(output_down1, output_inc)
59 output_outc = model.outc(output_up1)
60 mask_pred = torch.sigmoid(output_outc) > 0.5
61 # plot feature maps of each block
62 fig, ax = plt.subplots(6, 4, figsize=(12, 18))
63 ax[0, 0].imshow(csd.detach().cpu()[0,0], origin="lower", interpolation="none", aspect="auto")
64 ax[0, 0].set_title(f"Input CSD data {csd_id=}")
65 for i in range(output_inc.shape[1]):
66 ax[1, i].imshow(output_inc.detach().cpu()[0, i, :, :], origin="lower", interpolation="none

", aspect="auto")
67 ax[1, i].set_title(f"inc feature map {i+1}")
68 for i in range(output_down1.shape[1]):
69 ax[2, i].imshow(output_down1.detach().cpu()[0, i, :, :], origin="lower", interpolation="

none", aspect="auto")
70 ax[2, i].set_title(f"down1 feature map {i+1}")
71 for i in range(output_up1.shape[1]):
72 ax[3, i].imshow(output_up1.detach().cpu()[0, i, :, :], origin="lower", interpolation="none

", aspect="auto")
73 ax[3, i].set_title(f"up1 feature map {i+1}")
74 for i in range(output_outc.shape[1]):
75 ax[4, i].imshow(output_outc.detach().cpu()[0, i, :, :], origin="lower", interpolation="

none", aspect="auto")
76 ax[4, i].set_title(f"outc feature map {i+1}")
77 ax[5, 0].imshow(mask_pred.detach().cpu()[0,0], origin="lower", interpolation="none", aspect="

auto")
78 ax[5, 0].set_title("Output (thresholded)")
79 plt.tight_layout()
80 plt.show()

Listing B.1: Python code for the visualization of convolutional kernels and feature maps.
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B Visual Analysis of Feature Maps and Kernels
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Figure B.1: Visualization of the convolutional kernels of UNet-447 and feature maps produced
when inferring a CSD with sensor compensation.
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