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Abstract

Arrays of quantum dots (QDs) are a promising candidate system to realize scalable, coupled
qubit systems and serve as a fundamental building block for quantum computers. In such
semiconductor quantum systems, devices now have tens of individual electrostatic and dynamical
voltages that must be carefully set to localize the system into the single-electron regime and

to realize good qubit operational performance. The mapping of requisite QD locations and
charges to gate voltages presents a challenging classical control problem. With an increasing
number of QD qubits, the relevant parameter space grows sufficiently to make heuristic control
unfeasible. In recent years, there has been considerable effort to automate device control that
combines script-based algorithms with machine learning (ML) techniques. In this Colloquium,

a comprehensive overview of the recent progress in the automation of QD device control is
presented, with a particular emphasis on silicon- and GaAs-based QDs formed in two-dimensional
electron gases. Combining physics-based modeling with modern numerical optimization and ML
has proven effective in yielding efficient, scalable control. Further integration of theoretical,
computational, and experimental efforts with computer science and ML holds vast potential in
advancing semiconductor and other platforms for quantum computing.

. QUANTUM DOT DEVICES: HISTORY AND OVERVIEW

The electron is the simplest natural quantum bit. It has a spin of 12 and comes with an
electric charge, enabling trapping and moving of the particle, much like an ion. Furthermore,
Kramers’s theorem provides an assurance that this simple structure is maintained even in the
complex environment of a condensed matter system, specifically the spin-1/2 property. This
means that one can leverage the vast array of condensed matter and solid-state research and
the corresponding industry that has developed around the control of electrons, particularly
in the case of semiconductors. Quantum dots (QDs) are one such approach for isolating
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and controlling single electrons using semiconductor physics (Hanson et a/., 2007; Loss and
DiVincenzo, 1998; van der Wiel et al., 2002; Zwanenburg et al., 2013).

Interest in QDs goes well beyond quantum computing, from direct current (dc) standard

to low-power logic to thermometry at low temperatures (Likharev, 1999). Working at the
single-electron level with both orbital and spin coherence represents the edge of the possible
in semiconductors, and thus quantum computing with semiconductor QDs has proven to be
a fruitful domain to develop new techniques and uses of isolated electronic systems while
maintaining their promise as a pathway to quantum computing (Madzik et a/., 2022; Noiri
et al., 2022a; Philips et al., 2022; Takeda et al., 2022; Watson et al., 2018; Weinstein et al.,
2022; Xue et al., 2021; Zwerver et al., 2022).

The difficulty of working with such systems (where fabrication tolerances are tight,
impurities are troublesome, and material considerations are vast) has meant that only a

few groups around the world have succeeded in advancing the limit of QD performance, as
recently demonstrated through the use of high-fidelity (> 0.99) two-qubit gates (Mills et af.,
2022; Noiri et al., 2022b; Xue et al., 2022). Many of the fabrication and materials challenges
have been surmounted with engineering and by a practice of sharing results and even
materials and samples throughout the academic community. One of the critical remaining
challenges is reducing the difficulty of arranging the depletion and accumulation of electrons
in a nanoscale semiconductor system such that the right number of isolated islands (QDs)
with the right number of electrons (charge state) in the right connection network (topology)
is realized every time the system is cooled down and initiated.

This task is unexpectedly difficult. A typical gate-based semiconductor QD uses between
four and six local depletion and/or accumulation gates to form a single island; see Fig. 1. If
one seeks to build an array of such devices in close proximity (such that individual electrons
can coherently tunnel between islands, as is necessary for most quantum computing
implementations) the number of gates scales as some polynomial in at least the square

root of the number of QDs, and typically scales linearly (Veldhorst et al., 2017).

To reach a stable few-electron configuration, early experiments set the input voltages
heuristically, relying on experimental intuition and informed guesses. However, such an
approach does not scale well with growing array sizes and is susceptible to random errors.
Moreover, since the parameter space exploration strongly relies on intuition and experience,
this tuning may result in only an acceptable rather than an optimal configuration. Finally,
the size of the relevant space of parameters that need to be adjusted with an increasing
number of QD qubits makes heuristic control even more challenging. As a result, there has
been significant interest in exploring the potential of machine learning (ML) to solve the
autotuning problem.

We now consider the specific challenges of bringing a device into the desired operating
regime. An essential ingredient on any tuning procedure is determining the state of the
device (topology, number of charges, parameters such as tunneling rates, etc.). However,
measuring these devices is nontrivial. In general, the field has progressed by exploratory
measurement of electrical currents through nearby circuits(Elzerman ef a/., 2004b; Field
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et al., 1993). These techniques rely upon the variable conductance of the underlying
semiconductor, which in turn depends upon the local electric field produced by nearby
electrical gates or by electrons that are trapped in the QDs themselves. The probe systems
must be nearby, as screening of the electric field from nearby metallic regions reduces
long-range coupling and corresponding changes in conductance become hard to measure.

These current-flow approaches commonly use an auxiliary QD or quantum point contact to
act as a sensor of the local electric field and are sufficiently sensitive to measure the change
in the local potential landscape to the addition or subtraction of a single nearby charge
(Blumoff et al., 2022; Lai et al., 2011; Mills et al., 2022; Petit et al., 2020; Simmons et al.,
2007; Yang et al., 2020). Their ability to work independently of coupling of the QDs in the
main device provides substantial engineering simplicity in creating and tuning QD devices.

In addition to charge-based measurements, there are other measurement techniques. The first
was more common in the earlier era of the field: directly measuring the current flow through
the QD of interest (Hendrickx et al., 2020; Maurand et al., 2016). This relies upon finding
degeneracies between all the relevant charge configurations in the QDs such that electrons
can freely flow from a source to a drain. However, these are not as useful for tuning to

the single-electron regime, as the current flow through the devices typically gets small as
one approaches that regime, and tuning to these degeneracy points becomes increasingly
challenging as the number of devices in series increases. Nonetheless, some ML-based
autotuning techniques operate directly on current-flow data (van Esbroeck et af., 2020).

Furthermore, using charge sensors as previously described is necessary but not sufficient
for a complete tune-up, as fine-tuning of devices, and the eventual characterization of their
quantum gates, requires single-shot readout of individual charge configurations at the end
of a sequence of pulses. Thus, more complex sensing routines, including time-sequenced
high-frequency gate control and rf or microwave reflectometry, must also be integrated and
calibrated. Developing these capabilities and leveraging them earlier in the tuning process
is generally beneficial, as more rapid data acquisition leads to more rapid tuning: typically,
automation is limited by data from the experiment, not by classical computing costs.

Finally, there are some new directions in direct integration of circuit quantum
electrodynamic techniques for measurement. A typical example eschews the use of a
separate charge sensor, instead connecting one of the gates directly to a superconducting
resonator. The local response of the QD system to an applied microwave or radio frequency
field then causes the field in the cavity to have a phase shift; in essence, the QD system

acts as a variable capacitor in a resonant circuit (Burkard et a/., 2020; Crippa et al., 2019;
Liu et al., 2021; Mi et al., 2017a; Zheng et al., 2019). Thus, even though no current flows
through the QDs, one can directly measure the local properties about the response of energy
levels to the applied fields. This has shown promise outside the ML space for fine-tuning, as
it enables one to estimate other properties, such as valley degeneracy in silicon devices (Mi
et al., 2017b). However, this gate-based readout can lead to difficulties in seeing the global
charge state, and thus may cause overall features necessary to get to a particular topology to
be missed. On the other hand, the approach is likely to be effective for fine-tuning once the
topology and number of electrons is configured. We note that there are other techniques for
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extracting this information as well, such as fast pulses over anticrossings, the use of large
bias currents, or even elevation of the temperature of the device.

In this Colloguium, we endeavor to both set up the challenges of tuning QD systems

and describe progress toward their automation. We begin with an overview of QD qubits,
followed by a discussion of the Hubbard model representation of the QD system and a high-
level overview of the QD tuning subprocesses that take a system from room temperature

to quantum operation. Several key metaproblems related to scalability and tuning in the
presence of imperfections are also discussed. The concept and methods of tuning QD
devices are presented in Sec. Il. The overview and discussion of present-day advances in
tuning automation are presented in Sec. I11. Section IV concludes the Colloquium with

a summary and outlook, including some questions related to scaling up and “on-chip”
implementations of the autotuning systems. Closing remarks are presented in Sec. V.

To date the techniques described here are largely a replacement of laboratory heuristics

with a combination of workflow-based automation and key ML subsystems. However, the
rapid advances in ML suggest that future work will more directly address the global on-line
optimization problem that tuning presents and also find new means of replacing larger parts
of today’s workflow with faster and more accurate methods. We await these future directions
with optimism.

. QUANTUM DOT DEVICES TODAY

QD systems can be used to form qubits, where the spin, valley, internal electronic state, or
the charge state of the electrons in one or several QDs is used to store quantum information.
This information is then manipulated by control of global and local magnetic and electric
fields, typically in a narrow range of the charge parameter space. Common examples of
QD-based qubits include using the electron spin in a single dot (up and down representing a
qubit, leveraging Kramers’s theorem to ensure that such states exist), using a pair of electron
spins in adjacent QDs in which the parity of the two spins stores the quantum information,
or using the exchange symmetries of three electron spins spread over three QDs in a
so-called exchange-only qubit. In spin qubits, the different individual spin configurations of
the same charge configuration define the logical states, with up and down defined relative
to an external magnetic field (Burkard et a/.,, 2021; DiVincenzo et a/., 2000; Loss and
DiVincenzo, 1998; Vandersypen et al., 2017). For composite qubits, the logical states of the
qubit are defined by symmetry operations on spin configurations resulting from having two,
three, or even four electrons distributed among two, three, or four QDs (Cao et al., 2016;
DiVincenzo et al., 2000; Petta et al., 2005; Russ and Burkard, 2017; Russ et al., 2018; Sala
and Danon, 2017; Shi et al., 2012; Wu et al., 2014). In principle, charge qubits, where the
logical states of the system are defined by different charge occupations of adjacent tunnel
coupled QDs (Gorman et al., 2005; Kim et al., 2015; Petersson et al., 2010), are also a path
toward qubits. In all cases, the critical task of getting a QD system into a regime in which
qubits can be realized has mostly common features, with only minor changes at the final
stage of tuning to distinguish between the different qubit types.
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In many respects, this Colloquium is focused on developing the tools to get one to a regime
in which the previously mentioned qubit types can be reliably realized. From a systems
engineering perspective, a useful intermediate representation of the system is the Hubbard
model, in which individual QDs labeled with index i are allowed to have zero, one, or

two electrons on them at a time (Burkard et a/., 1999; Das Sarma et a/., 2011; Loss and
DiVincenzo, 1998; Yang et al., 2011). It is convenient to define a site occupation number

n =Y el .c.., With the fermionic creation and annihilation operators ¢/, and ¢ ,, respectively,
and ¢ = + 1/2 being the spin, to represent the number of electrons on site i. Therefore, we
have

H= - Ztij(c::ucj.a-i_ Hc.)

ij
@
+ 2 %(n, —e)U,(n,—¢€)+ Hy
ij

where the first sum is over QDs that are tunnel coupled with tunneling energy ¢, to

each other. The second term of Eq. (1) incorporates ith site occupation »,, charge offsets

due to gate voltages « ¢,;, and the inverse capacitance matrix ~U,, that determines the
lowest energy charge configuration. We note that the energy relationship of capacitance
(1/2)QC™'Q = (1/2)VCV is exactly that captured by U, = ¢’C”', where e is the single-electron
charge. As this matrix is symmetric, the sum runs over all i and j, although it can be
redefined as a sum over i > j. Later we use this relationship to define virtual gates. The last
term in Eq. (1) H; is the magnetic field Hamiltonian for the spins only and typically includes
both a uniform component and a local (gradient) component. As mentioned, beyond the
charge state QDs have internal electronic, spin, and valley levels, that become particularly
important for qubit operation. Thus, in general, a multiband approach to the Hubbard model
should be used for real experiments. However, since these complications do not affect most
of the tune-up process except at the final (fine-tuning) stage, we do not include them here,
as they rarely impact the charge-tuning process. Automated procedures (described later)
can help directly extract the functional dependence of the tunneling (z,;) and capacitance
(U,;) terms on the device parameters, such as gate voltages, as well as further voltage
dependencies in ¢,

To get to Hubbard abstraction, we now consider a typical gate-defined QD device in Si/SiGe
that is shown in Fig. 2. The different metal gate electrodes are intended to serve different
functions in forming and controlling the QD qubits by depleting or accumulating electrons
in the semiconductor underneath the gates. The so-called finger gates, named for their
resemblance to the fingers on a hand, control the tunnel coupling with the reservoirs T
(barrier gates B, where i = 1,5, ...,9, in Fig. 2) and the interdot tunnel couplings z,; (barrier
gates B, where i = 2,3,4, in Fig. 2) and are used to set the electron number in each QD

by changing the local electrostatic potential (plunger gates P, where i =1, ..., 6, in Fig. 2).
However, in practice each gate influences the other parameters as well (due to the capacitive
crosstalk), as we later discuss. In a typical setting, one of the QD regions is separated

out from the others (top area of Fig. 2) and is used as a local probe of the electrostatic
environment, thus measuring changes in the number of nearby charges. This measurement
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system allows for assessment of the rest of the device and provides a helpful abstraction
from currents and conductances.

The tuning process is an essential, albeit repetitive, step for initialization of QD-based
qubits. The process of tuning an unknown QD device can be divided into a sequence of
distinct phases, bootstrapping, coarse tuning, charge state tuning, and fine tuning, as shown
in Fig. 3. Depending on the setup, an additional establishing controllability phase may be
carried out after the charge-state tuning phase to enable targeted gate control. We note that,
given the dependence of the transformation to control space on the actual charge states, the
controllability step may need to be executed more than once throughout the tuning process.
There have been numerous efforts around automating each of those phases, as we discuss in
Sec. 1. Here we present a high-level overview of what each of those phases encompasses
and the desired output for each.

Bootstrapping.

Bootstrapping (or initialization) is a pretuning process that involves cooling the device
down, making local sensing systems operational, and bringing the main device regime into
an appropriate parameter range for taking data (i.e., measurement setup). This might include
bringing charge sensors into operation and preparing a 1D channel where QDs are going

to be formed in the two-dimensional electron gas (2DEG). Bootstrapping can also build a
“sandbox” of acceptable parameter variations by checking the finger gates for response and
pinch-off voltages and determining the safety ranges for coarse tuning.

Coarse tuning.

Coarse tuning is a process of finding a range of gate voltages where the device is in

a particular global configuration corresponding to a set of charge islands (QDs) with an
understanding of their connectivity, i.e., which island is tunnel coupled to which. In simple
devices, this corresponds to an estimate such as that of a no-QD, single-QD, or double-QD
regime. As such, it can be thought of as defining the device topology in the state space. At
the end of this phase, the QD device should be in a stable global configuration of known
topology. This topology is the output of the coarse-tuning process.

Establishing controllability.

Ideally, changing voltages on a single gate affects only the parameter it is designed to
control (such as the electrochemical potential of a specific QD or the tunnel barrier between
two adjacent QDs). However, the capacitive crosstalk between the various gate electrodes
(i.e., a situation in which a signal on one gate causes a smaller version of the same signal

on an adjacent gate because of the capacitance between them) makes it difficult (if not
impossible) to vary only a single parameter without affecting the others. One way to
compensate for the capacitive crosstalk is to implement so-called virtual gates, that is linear
combinations of multiple QD gate voltages chosen to address only a single electrochemical
potential or tunnel barrier. Virtual gates are the output of the establishing controllability
phase.
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Charge state tuning.

Fine tuning.

While at the end of the coarse-tuning phase the device is in a definitive global state (i.e.,
single or double QD), the number of charges on the QDs is at this point unknown. Since
each QD qubit type requires a specific charge arrangement, the goal of charge-state tuning
is to bring the QD device to a specific charge configuration, i.e., the specified number of
charges (typically one to three) on the specified islands.

Once the system is in the desired topology and electron number, the system is ready for
preparing it for use as a quantum computing or quantum simulation device. This stage of
tuning (fine tuning, as we call it here) requires tremendous precision and expertise in order
to go from something that has roughly the right Hamiltonian and charge configuration to

a fully controlled multiqubit system. For example, interdot tunnel couplings and dot-lead
tunnel couplings have to be precisely tuned and calibrated the electron response to applied
voltages at the quantum mechanical level needs to be mapped out, the valley degeneracies
and magnetic gradients must be understood, translations of microwave signals to applied
pulses on the electrons have to be determined, etc. This fine-tuning work is well beyond the
scope of this Colloguium, although many of these elements bear a strong resemblance to
similar challenges currently being addressed in superconducting and ion-trapbased quantum
computing designs, such as those used by Klimov et a/. (2020) and Kelly et a/. (2018),

and we may be able to leverage advances in those fields with little additional QD-specific
modifications. Thus, in what follows we focus on the physics elements of these calibrations
only, leaving the quantum computing elements (including qubit initialization, manipulation,
and readout) to future work.

Beyond these elements, there are several key metaproblems that should be addressed in
future work. The most prominent is related to the ability to scale QD devices. Specifically,
to what extent can we take a tuning system for one of the previously mentioned tasks and
while holding a portion of the QD device tuned, tune up a different portion of the device?
For example, in a long array of QDs, one might first tune up a nearby charge sensor. One
might then tune a double QD. What if one seeks to add another QD to the chain? This
inductive tuning problem has been shown to work experimentally (Molk et al., 2019), but
theoretically there are substantial open questions about the ability to rapidly and reliably
tune a large 1D array. As an example of why this is challenging, it is often the case in
higher-dimensional arrays for there to be charge configurations that are lower in energy than
the current configuration but that the device does not reach due to metastability; that is,
there is no easy way for an electron at, say, the edge of an array of QDs to make its way

to the relevant QD near the center of the device to let the system relax to its true charge
ground state. Sometimes this problem is called latching, as the presence of an electron in a
metastable configuration can prevent other electrons from tunneling to get the entire system
into its ground state (Volk ef a/., 2019). This metastability in turn can lead to hysteresis
when tuning QD devices, as the history of tuning leads to being stuck in different metastable
configurations.
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A second key metaproblem is how such tuning systems behave in the presence of real-world
imperfections. From the efficiency standpoint, it would be beneficial to determine whether
the QD devices in a wafer are suitable for tuning prior to the wiring and cooldown. This is
particularly important for high-throughput production, where individual wafers may contain
hundreds or even thousands of devices.

Tuning up a multithousand-QD device can be accomplished only if the systems can

be solved semi-independently (using recursive or inductive solutions). It must be done
repeatably, in the presence of expected noise, and must respond appropriately to unexpected
events and quickly enough to maintain its final state before going “out of tune.” A large-
scale system achieving these tasks is the main target for future research in this direction.

As a concluding note, there are a variety of ways to trap individual electrons in a
semiconductor system. In this Colloquium, we focus on devices where the electric field
plays a key role in accumulating or depleting regions of a semiconductor, all the way down
to the single-electron level. This encompasses a large variety of different technologies and
materials. In many cases, these systems have qualitative similarities. However, there are both
large and subtle differences that can make “porting” a tuning method from one material
(such as GaAs) to another (such as silicon-based QD) more complex or even likely to fail.
For example, in fine-tuning silicon devices have valley degeneracy and a large effective
electron mass, leading to substantially different behavior in the 0.1 meV energy scales

of orbital and related physics. As another example, devices with electrons close to oxide
interfaces are known to have a large probability of so-called spurious QDs, in which an
impurity or defect causes the formation of a charge trap that can impact the controllability
and measurability of the QDs. Finally, differences in noise, dielectric properties, and gate
geometries mean that each application of a tuning method must generally be targeted toward
both a specific material and a specific approach to QD formation. In what follows, we focus
on silicon- and GaAs-based QDs formed in 2DEGs but note that many of these techniques
can be generalized, with the previous proviso.

. TOWARD FULL AUTOMATION OF DEVICE CONTROL

There have been several attempts at automation of the various steps of the tuning process
over the past decade. The initial script-based approaches rely on intuitive and relatively easy
to implement conventional algorithms. They typically involve a combination of techniques
from regression analysis, pattern matching, and quantum control theory. However, the
defects and variations in the local composition of the heterostructure, as well as fabrication
variances that disorder the background potential energy, make semiautomated control
challenging. The random disorder that must be compensated for by different gate voltages
when defining QDs further impedes the script-based tuning process. None of the proposed
approaches to date fully eliminate the need for human intervention, as the decision on how
to adjust gate voltages, based on the automatically obtained quantitative QD parameters and
qualitative output, remains heuristic. These approaches are typically calibrated to a particular
device architecture (or even a specific device), are susceptible to noise, and do not transfer
well to other devices (Baart et al., 2016).
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More recently researchers began to take advantage of the tools provided by the field

of artificial intelligence and, more specifically, supervised and unsupervised ML. ML

is a branch of computer science that focuses on the use of data and various specially
designed algorithms to imitate the way that humans learn. Throughout training, a ML
algorithm learns or, in some applications, discovers patterns in data without being explicitly
programmed about the characteristic features of those patterns. Thus, if one is provided
with proper training data, ML-enhanced methods have the flexibility of being applicable to
various devices without any adjustments or retraining. Since they learn from the data, ML
algorithms are more adjustable to new devices than script-based methods. However, ML
models typically require large labeled datasets for training and often lack information on the
reliability of the ML prediction (Darulova et al., 2021; Zwolak et al., 2018).

While the problem of estimating and tuning systems is generically challenging, QD-based
devices do benefit from having a variety of distinct problems and means of estimation
that are sufficiently mature to enable applications of specific ML techniques to various
subproblems without requiring a holistic solution. However, there may be some benefits
to considering a holistic approach, particularly in low information settings such as those
considered by Moon et al. (2020).

In Sec. lI1.A-111.E, we describe advances in QD auto-tuning while focusing on the five

main phases of the tuning process discussed in Sec. Il. In general, all techniques used for
automation follow one of the two main schools of thought: computer-supported, script-based
gate control or ML-driven methods.

A. Bootstrapping and sandboxing quantum dot device

The mobility of electrons (or holes) as well as many-body interactions between an isolated
spin trapped in a QD and the sea of nearby spins in the 2DEG are often strongly dependent
on a variety of parameters. Of particular relevance for observing quantum coherent behavior
is the overall temperature of the device, as charge-phonon coupling prevents coherent
behavior at moderate temperatures, and the necessary effects, such as resolution of excited
electronic states in an individual QD, become impossible for temperatures well above the
energy regime of interest. In general, the weaker the interaction, the colder the 2DEG has

to be in order to observe it. For example, the smallest energy splitting in silicon QDs, the
valley splitting, is typically 10 — 300 eV for Si/SiGe;— (Borselli ef al., 2011; Simmons et
al., 2010) and about 300 — 800 eV for silicon metal-oxide semiconductors (SiMOSs) (Yang
et al., 2013), which is small compared to room temperature (1 K is 87 y&V). Cooling down
the device is the first step of the bootstrapping phase. The usual technique for cooling 2DEG
samples to the temperature required for an experiment is to use a dilution refrigerator. Once
the sample is sufficiently cooled, pretuning and functionality testing can begin.

At a basic physical level, the underlying semiconductor chip will have a variety of
reasonable ranges of voltages that can be applied, which is often determined ahead of

time in a probe state or, in the case of an industrial lab, can be engineered. This allowed
range is designed to prevent undesired effects, including electrostatic breakdown, leakage of
current across the barriers, and other similar effects. Thus, a basic level of device protection
must be assured by providing limits that the control systems will respect. However, there is
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a much narrower range of desired operation than that restricted by pure physical damage.
Determining this range is one of the goals of bootstrapping. Depending on the device type,
there are two additional goals: (i) assuring that a 1D transport channel is formed in the
2DEG (not applicable to nanowire QDs) and (ii) properly calibrating the charge sensor (not
applicable to devices that do not use charge sensors, although this will typically have to be
replaced with other constraints for either electrodynamic or current-based readout).

As an example, we consider silicon QDs in devices with an overlapping gate architecture,
which require both goals (i) and (ii). In these devices, the active region for forming QDs

is provided by a 2DEG formed at the interface between layered semiconductor structures
(heterostructures), where the free electrons are confined to a planar region so thin that
they behave as if they are truly two dimensional. An example of a false-color SEM of a
sample device with the overlapping gates architecture is shown in Fig. 2. The functionality
testing of such devices begins with an establishment of the so-called global turn-on, that
is, determining the voltage level at which a 2DEG is uniformly accumulated underneath
the gates (McJunkin, 2021). This is achieved by synchronously increasing the voltage
applied to all gates (initially set to 0 V) while simultaneously measuring the current through
appropriate pairs of metal Ohmic contacts. The level at which sufficient conductance is
observed indicates the turn-on voltage.

The next step for this device is to assure that two 1D channels are formed within the 2DEG:
one where the qubit QDs will be formed and the other to host the charge sensing QDs.

This is achieved by properly adjusting the screening (S;, where /=1, ..., 4, in Fig. 2)

and reservoir (R}, where /=1, ..., 5) gates. The 2DEG first has to be divided into two
separate planes (current paths) by depleting electrons under the central screening gate [S,
in Fig. 2; see also the pinch-off curves in Fig. 3(a)(i)]. To ensure sufficient accumulation
and uniformity of the 2DEG, it might be desirable to readjust the turn-on for each side
separately. Since the current through QDs has to be controlled at the single-electron level,
it is important to verify that reservoir gates are not overaccumulated (or underaccumulated).
This is done by testing the pinch-off of each reservoir, that is, finding the voltage level that
cuts off the current through the device.

The remaining screening gates then need to be calibrated to form two narrow conduction
channels on each side of the device. By pinching off an appropriate set of screening gates
[such as S; and S, for the qubit channel in Fig. 2; see also Fig. 3(a)(ii)] and then setting

the voltages on them significantly below the pinch-off, it is guaranteed that the 2DEG under
those gates is depleted. Thus, if a current flow is observed when voltage is simultaneously
increased at all relevant finger gates (i.e., gates B;for /=1, ..., 5and F;for j=1, ..., 4 for
the qubit channel), it can be safely assumed (for the overlapping gate design) that the 2DEG
is accumulated only in the narrow passage between the screening gates.

Once the 1D channel is formed, quality assessment and characterization of the finger gates
can begin. This process serves two purposes: (i) if a given gate does not pinch off the
current, it might be an indication that the gate is defective or broken and thus the devices
should not be further calibrated, and (ii) the pinch-off values for each individual gate can
be used as a guide when setting up the voltages needed to form QDs. Two pinch-off curves
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showing Coulomb blockade oscillations in properly working finger gates are depicted in Fig.
3(a)(iii). As mentioned, voltages applied to the finger gates generally have to compensate
for the disordered potential landscape resulting from various fabrication defects. Since the
disorder is largely random and varies between devices, the optimal voltage for each gate

not only has to be determined for each new device but also might be necessary between
cooldowns of the same device. During the functionality testing step, all gates are checked
and the optimal voltages are determined.

Typically, all of the bootstrapping steps are performed through a sequential analysis of

1D measurements of transport through the device as a function of gate voltages. As such,
this process is well suited for automation. One way to achieve this goal in the context of
gate-defined QD devices is to combine physics-informed fitting and thresholds to inform

the selection or relative voltage ranges as well as consecutive adjustments (Baart et af.,
2016; McJunkin, 2021). An approach to characterizing gates involving fitting and binary
classification has also been proposed (Darulova et al., 2020). In this approach, a set of
parameters defining a hyperbolic-tangent-based fit to the 1D measurements was extracted
and used to define, among other things, the pinch-off, transition, and saturation regions

for each gate. A subset of these parameters was then used as a proxy for measurement
quality (classified as good or bad) as well as to define the voltage range for subsequent
coarse tuning. However, this approach is applicable mainly where not much variability in
the pinch-off curves between the gates is expected. This is commonly seen in GaAs devices,
while it is observed much less often in silicon devices. An automated analysis of the pinch-
off curves for a device with an overlapping gate architecture becomes significantly more
challenging as Coulomb blockade oscillations become present in the transport measurement.
Specifically, depending on the finger gates’ location (such as the proximity to the reservoir)
and fabrication discrepancies, the pinch-off curves for gates on a single device can exhibit
significantly different behavior, as depicted in Fig. 3(a)(iii), with the left panel showing only
some Coulomb blockade oscillation while the oscillations in the right panel are much more
rapid (likely due to a large level arm between the gate and the dot). A simple threshold
based on a tanh-like fit [as implemented by Darulové et a/. (2020)] might be sufficient to
extract the pinch-off, transition, and saturation regions from the left curve; however, it would
be insufficient for the right curve. For the latter, a more advanced detection of Coulomb
blockade oscillations would be beneficial. Thus, while these measurements can still be used
to determine the pinch-off, a more nuanced analysis of the oscillations might be desirable to
determine the transition width of the pinch-off curve.

The final step of bootstrapping is calibration of the charge sensor, that is, finding a set

of voltages applied to the sensing QD gates that maximizes sensitivity of the conductance
through the QD to changes in the local electrostatic potential. This is typically done through
an analysis of a 2D plot in the space of the two barriers defining the sensor starting

with both barrier gates set slightly below their respective pinch-off values and sweeping
until saturation (as determined by the pinch-off width) (Baart et a/., 2016; Botzem et

al., 2018; McJunkin, 2021). The resulting plot[the so-called wall-wall plot, see Fig. 3(a)
(iv)] should reveal Coulomb blockade oscillations indicating the voltage range where the
tunneling through the QD is finite, as indicated by the characteristic diagonal lines. There
are numerous edge detection techniques that can be deployed to identify the position and
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extract the locations of those lines. Alternatively, a series of 1D sweeps of one of the barrier
gates (from below the pinch-off to saturation) while keeping the other barrier fixed slightly
above its pinch-off level should also reveal the oscillation pattern. Either method should
produce voltages for setting the barriers for the charge sensor plunger sweep. The final

1D measurement from the plunger pinch-off until saturation should reveal strong Coulomb
blockade oscillations, thus indicating that this tuning is sufficient for operation as a charge
sensor. The best charge sensitivity is achieved by choosing a voltage combination where the
slope of the Coulomb peak is steepest.

B. Coarse tuning: Setting device topology

Once the two 1D channels are formed and the charge sensor is ready, the next step in

the tuning process is setting the QD device up in a stable global configuration of known
topology in the state space with a known number of charge islands. The coarse-tuning phase
is a process of finding a range of gate voltages for all the finger gates on the qubit side of
the QD device that set the device in a particular global configuration. For simple devices,
this corresponds to bringing the device into a single- or double-QD state, preferably in the
few-electron regime.

1. Topology of single-QD devices—The process of tuning to a single-QD state is
similar to that of tuning a charge sensor: finding pinch-off levels for all gates defining the
QD, followed by calibration of barriers, and then sweeping the plunger gate. The Coulomb
peak oscillations present in the resulting plot correspond to discrete charge transitions
through the QD, indicating that a single QD has been formed. Depending on the QD device
type and architecture, tuning to a double-QD state may involve adjusting the plunger gate
until the single QD separates into two charge islands or tuning the adjacent set of gates to
a single QD followed by fine-tuning of the crosstalk between the two neighboring QDs.

At each step, the state of the device is determined based on visual inspection of the data.
The various possible states manifest themselves as different shapes formed by electron
transition lines, sets of parallel lines and honeycombs for the single- and double-QD states,
respectively. Moreover, the orientations of those lines with respect to the measurement
direction in the gate voltage space allows determination of the actual location of the charge
island as a left, central, or right single QD.

Both script-based (Lapointe-Major ef a/., 2020) and ML-enhanced (Czischek et al., 2022)
automated tuning protocols that combine signal processing and adaptive measurement
sequences derived from heuristics have been investigated for SIMOS single-QD devices.
The sequences of measurements implemented in these algorithms are designed to mimic

a typical manual tuning process, that is, adjusting voltages on gates defining the QD until
transition lines become visible. The proposed algorithms involve an analysis of a series of
images, each capturing a small subregion in the voltage space, for a presence of lines. If no
transitions are detected, both gate voltages are being simultaneously decreased by a fixed
amount, creating a diagonal series of measurements until either a transition line is detected
or a consecutive adjustment of voltages would surpass a safety restriction. Once a transition
line is detected, the charge-tuning stage is initiated, as discussed in Sec. I11.D.
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2. Topology of double-QD devices—A first computer-automated approach to tuning
double-QD devices was proposed by Baart ef al. (2016), where a GaAs quadruple-

QD device was used to demonstrate an algorithm combining various image processing
techniques to bring the device to a double-QD state in a single-electron regime. The
expected voltage ranges necessary to observe the Coulomb oscillations were determined

by first fitting a tetragon to the area corresponding to large current in 2D barrier-barrier
scans and then applying a Gabor filter to identify the center of the specific location where
Coulomb peaks were formed. The resulting gate voltages serve as a starting point to form
two independent single QDs. To form a double QD, a heuristic-based formula accounting
for the capacitive coupling of the gates to the QDs was used to determine the correct scan
range. Finally, a pattern matching with a reference template containing expected geometry
of the transition lines crossing was used to confirm that a double-QD regime was reached.
However, while in principle only prior knowledge of the gate design and the pinch-off value
of the single gate shared by all QD is necessary to initiate this algorithm, in practice the
consecutive steps rely on substantial knowledge about the device (such as a voltage required
for the plunger gate to create a singe QD, a suitable scan range for 2D scans, or the expected
relative orientation of the transition lines in the crossing template). This makes the proposed
tuning method not easily adaptable to new and unknown QD devices.

ML as a path toward scalable automation of tuning QD devices was suggested for the first
time in the context of coarse tuning by Kalantre et a/. (2019). In the proposed autotuning
framework, the laborious tasks of a visual inspection and analysis of 2D measurements by
a trained expert is replaced by a ML system [specifically a convolutional neural network
(CNN)] trained to quantify the captured state of the device. The prediction vector returned
by the CNN classifier (the “state vector”) represents the probability of each possible state
being present within a given measurement. For the case of a double-QD system this would
be

p(V&e) = [pNDs DPspys Dspes DPspgs pDD]’ (2

where v, denotes the measured scan, ND indicates that no QDs formed, SD,, SD, and
SD, denote the left, central, and right single-QD states, respectively, and DD denotes the
double-QD state.

Once properly trained, the ML classifier is integrated with a classical optimization algorithm
to control the QD device and navigate the voltage space by minimizing some distance
function §(p.... P(V2)) between the predicted p(V) and target p..... State vectors, as shown
in Fig. 4. This autotuning framework was originally validated off-line using premeasured
experimental scans capturing a large range of gate voltages (Kalantre ef a/., 2019) and then
deployed on-line (i.e., /n situ) to tune a double QD in real time (Zwolak et al., 2020b).
However, while the tests showed a lot of promise, with a success rate of 85.7 % over 14
different on-line tuning runs of the same device, the experimental implementation required
device-specific data processing to ensure compatibility with the CNN model trained on
simplistic noiseless synthetic data. Still, when data were unusually noisy due to instability
of the charge sensor, the data processing was insufficient, resulting in the CNN returning an
incorrect state vector and, ultimately, tuning failure.
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To prevent failures due to low data quality, Ziegler et al. (2022b) recently proposed replacing
the data processing step from the original autotuning framework with a ML-driven data
quality control (DQC) module. In the revised framework shown in Fig. 4, the DQC acts as
a “gatekeeper” system to ensure that only reliable data are processed by the state classifier
[the device state estimation (DSE) module]. The DQC module consists of a CNN classifier
trained on increasingly noisy simulated data to flag data that might be of insufficient
quality for reliable state estimation. Data assessed to be of lower quality trigger one of

two alternative actions: additional data analysis followed by targeted device recalibration
(for data classified as of moderate quality) or tuning termination (for low quality data).
Preliminary work in this space has suggested that experimental noise and imperfections

do not prevent the two-module ML system from operating as intended. While the updated
system is yet to be tested experimentally, replacing the device-dependent processing with
quality assessments seems to be a step in the right direction. Still, there are questions that
remain open in ensuring both repeatability and reliability for ML-driven automation.

An alternative approach to tuning device topology for double QDs in GaAs that also relies
on ML was proposed by Darulova et a/. (2020). They set in place a sequential script-based
protocol to adjust individual gates (or sets of gates) depending on the outcome of the ML
module applied to a large 2D scan. The limits of the 2D scan are determined based on the
voltage ranges (i.e., the pinch-off levels and the “widths” of pinch-off curves) established
during bootstrapping, as described in Sec. I11.A. Once measured, the large 2D scan is
segmented into small adjacent regions and each is analyzed independently by three binary
classifiers trained to determine the QD regime (single or double QD) as well as its quality
(good or bad); see Fig. 5. Depending on the outcome and the tuning goal, a scripted series
of gate adjustments is then executed. The algorithm stops when at least one segment of the
charge diagram is classified as the desired QD regime. An overall 80 % success rate for
tuning to a double-QD state is reported for an /n situtest using a set of five double-QD
devices (from a single fabrication run) over two thermal runs.

3. Setting topology with rays—As mentioned, different configurations of the
transition lines visible in a scan represent different states of the QD devices. Thus, while
the qualitative information about the state of the device is fully encoded in the shape and
orientation of those lines, the majority of the data points in any 2D scan contain background
noise, which is irrelevant when setting device topology. In fact, it has been shown that the
CNN model trained to estimate the QD device’s state (the DSE module in Fig. 4) learns

to “ignore” all of the points measured between transition lines (Ziegler et al., 2022b). One
way to reduce the number of unnecessary data points collected during measurement is

to employ the ray-based classification (RBC) framework developed for classifying simple
high-dimensional geometrical structures (Zwolak et al., 2020a).

Rather than using a full 2D scan capturing a small region of the voltage space, the RBC
framework relies on a collection of evenly distributed 1D sweeps (called rays) measured
from a single point x,= (A, ..., Pp) in multiple directions in the A~dimensional voltage
space to assess the relative position of transition lines surrounding x,. Figure 6(a) shows a
series of 1D charge sensor sweeps for six evenly distributed rays originating from a sample
point in the double-QD state depicted in Fig. 6(b). The resulting vector of distances to the
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nearest transition lines encodes qualitative information about the voltage space around x,,
effectively “fingerprinting” the neighborhood of x, in the voltage space. The state of the
device near point x, is determined using the point fingerprint and a simple deep neural
network (DNN) trained using simulated fingerprints data; see Fig. 6(c).

The RBC framework has been tested using simulated data for the case of two and three
QDs (Zwolak et al., 2020a). It has also been implemented experimentally (both off-line
and /n situ) (Zwolak et al., 2021) and has shown performance on par with the more-data-
demanding CNN-based classification (Zwolak ef al., 2020b) while requiring up to 70 %
fewer measurement points. The off-line tuning success rate of 78.7 % is also comparable
to that reported for tuning using 2D scans [74.6 %; see Table I given by Zwolak et al.
(2020b))], even though tuning employing RBC was initiated significantly further from the
targeted area than tuning based on a 2D scan, with initial points sampled uniformly over
a region encompassing approximately 18 compared to 9 electron transitions, respectively.
The RBC framework naturally extends to classifying convex polytopes in higher dimensions
(Weber et al., 2022) which makes it an appealing measurement-cost-effective solution for
differentiating between states of multi-QD devices.

The RBC not only reduces the amount of data that need to be collected but also can be
implemented in an online or active learning setting, where data are acquired sequentially.

In fact, an extension of the RBC framework to estimate the faces of the convex polytopes
defined by state transitions was recently been proposed by Krause et a/l. (2022). They used
a set of critical features measured in random directions from a fixed point x, in the voltage
space combined with an algorithm for learning convex polytopes from data with a margin
(Gottlieb et al., 2021) to approximate a candidate polytope whose faces intersect these
points. Using an active learning strategy, the polytope estimate is iteratively refined based on
a consecutive set of ray-based measurements targeting the vertices of the predicted polytope
until either all faces are correctly located or the computation time runs out. The results for
the double-QD system show that the algorithm can reliably find the facets of the polytope,
including small facets with sizes on the order of the measurement precision; see Fig. 7(b).

While the extension of the RBC framework to approximate the enclosing polytope is
interesting, there are a number of questions about its practical implication that remain open.
For example, it is not clear what the advantage is of finding all of the facets over simply
estimating the general class a given polytope belongs to (as originally proposed) for the
purpose of tuning to a specific charge state. Moreover, assignments of the specific transitions
to a given face, such as (2, 0) or (2, 1) in Fig. 7(b), rely on the assumption that the exact
current state of the devices is already known, which in practice is usually not the case when
one tunes QD devices. Rather, the exact charge state of the QD device is typically calibrated
once the QD topology is set, as discussed in Sec. 111.D.

C. Establishing controllability

Once the device topology is defined, the natural next step would be to finely calibrate

the device to a specific charge configuration. As mentioned, voltages applied to the finger
gates shape the overall potential affecting electrons in the 2DEG. Ideally, changing voltages
on a single gate would affect only a single parameter that the given gate is designed to
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control (such as the electrochemical potential of a specific QD or the tunnel barrier between
two adjacent QDs). However, owing to the capacitive crosstalk between the various gate
electrodes changing the gate voltages defining one QD affects, at least to some degree, the
potential of all nearby QDs. Thus, with the growing size of QD arrays, the task of setting the
charge configuration becomes increasingly challenging.

The plunger and barrier gates collectively affect the overall potential profile x4, dot-specific
single-particle energy detuning (i.e., the energy difference between the two QDs) of
individual QDs &, the tunnel couplings between QDs ,, and tunnel rates between the
outermost QDs and reservoirs T',. One way to compensate for the capacitive crosstalk
between gates is to enable orthogonal control of the QDs potential by implementing
so-called virtual gates. Specifically, linear combinations of gate voltage changes can be
mapped onto on-site energy differences (Oosterkamp et a/., 1998). Virtual gates (the desired
output of the establishing controllability phase) are linear combinations of multiple-QD gate
voltages chosen in such a way that only a single electrochemical potential or tunnel barrier is
addressed (Hensgens, 2018; Hensgens et al., 2017; Perron et al., 2015).

The effect of shifting any given physical gate on the electrochemical potentials of all

other gates is typically expressed via a matrix of cross-capacitance couplings C. The cross-
capacitance matrix can be established by finding the slopes of transition lines in 2D images
measured by fixing one of the gates as a reference and then sweeping all of the remaining
gates (one at a time) against the reference gate. Alternatively, one can use the relative
magnitude of a shift of steps in 1D traces of the sensing QD conductance due to changing
nearby QD occupation. At present automation of these routines (finding the numerical
derivative of a feature response to a variety of gates) does not require advanced ML
techniques, as it corresponds to relatively straightforward line fitting and/or peak estimation
measurements. However, Ziegler et al. (2023) recently demonstrated that these data can be
extracted directly using image recognition combined with traditional fitting.

A visualization of the cross-capacitance matrix for a three-QD device with a one-QD

sensor is shown in Fig. 8(a). The entries of each row in this matrix show how the

physical gate voltages affect each virtual gate, with a visible falloff in gating strength with
distance. Virtual gates G"™" obtained by inverting the matrix C orthogonalize the voltage gate
parameter space G and enable control of each gate independently without any concern about
unwanted influence on the remaining QD energies (Hensgens, 2018):

G=C'G", ®3)

where G = [D,, P,, ..., Py, B,, ..., By|" is a vector of physical gates defining qubit and sensor
QDs and G™ is a vector of corresponding virtual gates. Note that some in the literature

use the opposite convention, but we prefer the simple understanding that the charge space
configuration is given by the capacitance matrix times the voltage, or Q= CV. Figure 8(b)
shows a sample double-QD charge stability diagram measured in the virtual gate space. For
comparison, the same state measured in the physical gates space without correcting the cross
capacitance is shown in Fig. 8(c).

Rev Mod Phys. Author manuscript; available in PMC 2023 April 11.



1duosnue Joyiny 1SIN 1duosnue Joyiny 1SIN

1duosnuey Joyiny 1SIN

Zwolak and Taylor

Page 17

By enabling targeted control of specific QDs, virtual gates can be used to fill a QD array
with electrons into a desired charge configuration. However, in the original proposal the
virtual gates did not account for the crosstalk on the tunnel barriers, which is necessary for
fine-tuning QDs to work as qubits. In other words, applying voltage on gate B, would affect
not only 7, but also nearby tunnel couplings. To correct this limitation, two proposals for

a redefinition of virtual gates that compensate for the crosstalk on tunnel couplings have
recently been put forward (Hsiao et al., 2020; Qiao et al., 2020). Both proposed corrections
rely on the assumption that ¢, can be approximated as an exponential function of a linear
combination of the physical gates

t, = texp(A,) + 7, @

where 7, and y,; are the fit parameters and A, is a linear combination of the originally
proposed virtual gates P, and B,;, with

A= YlalPot Y fiB, -
k Kl
where o and g are derived from experimental data (Hsiao et a/., 2020), or
A, = zk: ;3 ©

where 4, are established based on a combination of simulations and experimental data
analysis (Qiao et al., 2020). As mentioned, the parameters used in the fitting likely depend
substantially upon the topology and humber of electrons in a given QD and QD array, and
thus are reliable only as part of the fine-tuning process. Hsiao ef a/. (2020) redefined virtual
gates using ratios of the o and g coefficients from Eq. (5). Similarly, Qiao et al. (2020)
found the required virtual barrier-gate voltages necessary to achieve the targeted exchange
coupling values by inverting Eq. (4). The resulting virtual barrier gates enable orthogonal
control of the tunnel couplings over a wide range of tunnel coupling values, as shown for
quadruple QDs by both Hsiao ef a/. (2020) and Qiao et a/. (2020).

An alternative approach to correcting for the nonlinear and nonlocal dependence of
exchange couplings on the barrier-gate voltages was also proposed and demonstrated by
Qiao et al. (2020). The model developed to define the virtual gates relies on the Heitler-
London (HL) expression for exchange coupling between two spins (de Sousa et af., 2001).
However, solving nonlinear equations defining the HL-based model numerically can result
in errors errors. Moreover, this model requires a priori knowledge of the QD confinement
potential, which makes it less desirable for practical applications.

The utility of virtual gates has been demonstrated in a number of multi-QD experiments,
from showing controlled filling of an array of eight QDs using the “n+1 method” (Molk et
al., 2019) and tunable coupling between single electrons in a SIMOS (Eenink et al., 2019) to
demonstrating shuttling of a single charge through a nine-QDs charge stability space (Mills
et al., 2019b) and transferring single-spin eigenstates and entangled states via coherent
SWAP gates between neighboring pairs of spins in a four-qubit array (Kandel et a/., 2019).
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Adding the orthogonal control over tunnel couplings enabled a Heinseberg spin chain to be
generated and two-, three-, and four-spin exchange oscillation to be demonstrated (Qiao et
al., 2020).

More recently, Ziegler et al. (2023) proposed an algorithm that leveraged a ML-based pixel
classifier (Lin et al., 2016) and simple linear regression to determine virtual plunger gates
from a small 2D measurement. The pixel classifier implemented in the algorithm was trained
on simulated data to flag every pixel in an image as a no, left, central, or right transition

(NT, LT, CT, or RT, respectively) or a polarization line (PL). The resulting clusters of pixels
are then fit to a linear model independently for each cluster, as shown in Fig. 9. If multiple
transitions are present within a single class, the slopes are combined by an average weighted
using the standard deviations of the fits. The LT and RT classes yield the off-diagonal terms
of the capacitive coupling matrix. The virtualization algorithm has been implemented in the
loading module of the physics-informed tuning algorithm for charge tuning (Ziegler et al.,
2022a). Its utility has been validated using both simulated and large experimentally acquired
2D scans. This method has the added benefit that the fits also give confidence intervals,
which in turn allows for automated detection of undesired behaviors such as the formation of
spurious QDs. However, at present it does not allow virtualization of the barrier gates.

D. Charge tuning

The coarse-tuning algorithms discussed in Sec. I11.B terminate once a targeted state (such as
single- or double-QD state) is reached. However, the particular charge configuration of the
system remains unknown at that point. At the same time, various QD qubit realizations
[hybrid qubits (Shi et al., 2012), resonant exchange qubits (Medford et a/., 2013), or
quadrupolar exchange-only qubits (Russ ef a/., 2018)] require a specific number of electrons.

Depending on the QD qubit type, the required number of electrons is typically one to

three per site. The goal of the charge-tuning phase is to set the devices into a specific

charge configuration. The charge sensor measurement does not provide the exact number

of charges sensed, but rather the overall direction of change. The process of determining

the charge configuration of a QD device (at least for the single- and double-QD cases)
typically involves counting of the transition lines while the QDs are emptied of all electrons,
one at a time. To date all proposals for automating the charge tuning have the same
underlying strategy, which comprises two phases: (i) emptying the QDs of all electrons

and (ii) reloading the desired number of electrons on each QD.

The two algorithms proposed for single-QD devices discussed in Sec. 111.B implement

this exact strategy. Starting at the transition detected either via image processing (Lapointe-
Major et al., 2020) or using ML-driven methods (Czischek et al., 2022), gate voltages are
adjusted to move toward neighboring lines until no more transitions can be found. At that
point (the so-called reference point), the QD is considered emptied and a reloading phase
begins. The latter involves adjusting gate voltages in the opposite direction until the first
transition line is detected, at which point the device is declared to be in a single-electron
regime, as depicted in Fig. 10(a). The ML-driven algorithm has a high success rate of
about 98 % for emptying the single-QD device. However, the reported 53 % success rate
for reloading a single electron back on the QD is rather low, which was attributed to
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interruptions in transition lines caused by the experimental measuring procedure. To mitigate
the risk of the shifting algorithm hitting a gap in the transition lines, Czischek et al. (2022)
proposed using arrays of Kby Kadjacent patches, as shown in Fig. 10(a), and showed that
the success rate, which seemed to strongly depend on the array size, peaks for K=4 at 75
%.

For double-QD devices, the process of counting lines is more complicated, as it is necessary
to keep track of not only the total number of electrons but also which QD a given electron
belongs to. The first automation proposal for tuning double-QD devices to a single-electron
regime was put forward by Baart et a/. (2016). Starting at the most bottom-left crossing
detected via the pattern matching algorithm described in Sec. 111.B, the single-electron
regime is found by verifying that no other prominent charge transition lines are observed
when gate voltages are made more negative, as shown in Fig. 10(b). At that point, the
algorithm sets both plunger voltages slightly above where the most bottom-left crossing was
matched to enter the single-electron regime.

An alternative, ML-driven approach to charge-state tuning, demonstrated using a GaAs
triple-QD device operated in the double-DQ mode, was proposed by Durrer et al. (2020).
Their starting point for the charge-tuning algorithm was a well-defined double-QD state with
an unknown charge state (n;, m;), where n;and m;denote the unknown initial numbers of
charges on each QD, which is precisely the end point of the coarse-tuning phase discussed

in Sec. I11.B. Then, a two-stage algorithm for tuning the double-QD device to a preselected
charge configuration (n, m) following the unloading—reloading strategy is initiated. Both
stages involve a series of measurements in the space of the plunger gates, with each
followed by a CNN analysis of the measured scan and appropriate voltage adjustments
rooted in heuristics. The measurement analysis is carried out by two specialized CNNs, each
pretrained using about 10° images sampled from large, experimentally measured stability
diagrams that are manually labeled with the position and orientation of the charge transition
lines, with additional charge stability diagrams obtained by applying multiple augmentations
to the experimental scans.

For the first (unloading) phase, a small (20 x 20 pixel), low-resolution scan (ranging from

6 to 9 mV per pixel, depending upon the scan, but fixed in pixel resolution) is analyzed

by a binary CNN classifier for the presence of transition lines. The size of the scans is
chosen to ensure that even within the voltage range with the largest line spacing between
consecutive transitions two transition lines can be captured. The algorithm follows a fixed
path, decreasing both plunger gate voltages whenever at least one line is detected. Once a
“no lines” class is identified, the depleting step terminates and a (0, 0) reference point charge
state is assumed. At this point the second (reloading) phase, aimed at loading electrons back
to achieve the desired charge state, is automatically initiated.

The second algorithm also follows a predefined, although admittedly more nuanced, path. In
particular, as long as both QDs need more electrons, both plunger gate voltages are increased
by a fixed amount. Once at least one of the QDs reaches the desired number of electrons,

the direction of consecutive steps depends on which of the QDs needs to be loaded (resulting
in an increase of the voltage only on the relevant plunger gate) and whether any undesirable
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transition lines are encountered for a QD that was previously tuned (resulting in a decrease
of the voltage on the appropriate plunger gate). Two paths for the reloading phase are shown
in Fig. 10(c), where the device is tuned to a (2, 1) charge state. A separate CNN trained to
recognize the presence and orientation of the detected transition lines from small (28 x 28
pixel) high-resolution scans (1 mV per pixel) is used in this phase; this higher resolution is
used to get a slope, as we no longer need to see multiple charge transitions. This time the
size of scans is chosen to assure that at most one transition line can be captured.

This charge-tuning algorithm has been validated experimentally using two double-QD
systems within the same triple-QD device in GaAs. With the targeted state chosen randomly
from a set of four possible configurations, an overall tuning success rate of 56.9 % has been
reported for on-line tuning, with individual success rates for the unloading and reloading
phases being 90 % and 63 %, respectively. The majority of errors for the second phase
stemmed from the low signal-to-noise ratio resulting in the CNN missing transition lines
present in the data and ending up with the addition of too many electrons. The unloading-
reloading strategy has also been implemented by Ziegler et al. (2022a). However, rather than
using 2D scans, the charge-tuning algorithm [called physics-informed tuning (PIT)] takes
advantage of the ray-based measurements (Zwolak et al., 2020a) combined with virtual gates
(Hensgens, 2018; Hensgens et al., 2017) to navigate the voltage space. The success rate for
charge setting with PIT when testing with simulated data is 95.5(5.4) % and 89.7(17.4) %
(median 97.5 %) for offline experimental tests. This high performance is demonstrated on
data from samples fabricated in both an academic clean room as well as on an industrial 300
mm process line, further underlining the device agnosticism of PIT. This work presents an
important step toward autonomous QD calibration by enabling the automated transition to
fine-tuning discussed in Sec. I1I.E.

E. Fine-tuning

Once the QD system is in the desired configuration (in terms of both topology and charge),
there remains a significant additional step before the system can be used as a collection of
quantum bits. These efforts entail fine-tuning of the parameters to enable the system to be
treated in an abstract manner. There are two main aspects to fine-tuning. One is ensuring
that the system is behaving close to the qubit regime. The other is ensuring that qubit
performance and controllability can be achieved. As discussed, we do not cover anything
in the latter category, as it remains nascent in the quantum dot community, but note that
other works in superconducting qubits are largely applicable to many of these tasks (Kelly
et al., 2018; Klimov et al., 2020). For this work fine-tuning begins the process of mapping
experimental analog parameters to those of qubits, and thus represents a transition in which
information is revealed or gained by experiments.

One critical challenge for ensuring qubit behavior is making certain that charge transitions
occur only when desired. For example, during the manipulation of electron spins as quantum
bits, tunneling of an electron into a nearby Fermi sea would destroy coherence and would

be considered a “leakage” error, in which case the qubit itself has been lost (Elzerman et

al., 2004b). More generally, controlled electron tunneling to a nearby Fermi sea forms a
critical piece of the quantum control approach for resetting, and in some cases measuring,
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the qubits built from the electrons. In single-spin readout, a common approach put forward
by Elzerman et al. (2004b) relies upon a good understanding of the spin-dependent tunneling
of electrons into the Fermi sea. Alternatively, in singlet-triplet qubits, ejection of electrons
followed by a refill is used to prepare initial electron singlet states. Thus, reservoir coupling
is important to calibrate and tune, but its importance also depends upon the approach to
qubit realization. This becomes nontrivial when the additional requirement of being able to
also reset or refill the QD from such reservoirs is imposed, as occurs in a variety of qubit
preparation and readout schemes.

Several groups have investigated the means of automated estimation of tunneling to leads,
including via the estimation of gate-dependent cotunneling rates and by observation of
charge loss and reset dynamics (Botzem et al., 2018). These approaches take advantage of
charge-based measurements, such as that provided by a nearby QD or quantum point contact
in use as a charge sensor. However, rather than working (effectively) in a low frequency or
dc domain, they use time dynamics. Analogous to estimating the time constant of an RC
filter or the ringdown of a mechanical resonator, observation and fitting of such curves add
additional depth to the challenge. This depth could be addressed in an automated manner via
ML techniques for processing time-domain signals but so far remains untreated.

Another challenge arises when the topology and charge number is correct but the tunneling
rates to leads cannot get to the regime of interest, which may arise from pinch-off of a
barrier. In that setting, returning to the coarse-tuning mode with a new starting point may
enable one to find a different regime of parameter space that does not have such problems.
However, no generic restart method has yet been proposed or implemented in experiments.

Finally, additional errors can occur in certain materials, such as silicon and SiGe QDs. In
those devices, in addition to the spin and orbital physics of the QDs, there is also a valley
degeneracy that plays the role of a pseudospin. This degeneracy is typically lifted due to
various interface effects or disorder in a QD device. In practice, many groups work to
ensure that QDs have valley splitting well in excess of the temperature and of the Larmor
precession period of the spin degrees of freedom, such that it effectively can be neglected.
However, for automated tuning, valley splitting must be estimated, perhaps using tunneling
spectroscopy (Dodson et al., 2022; Elzerman et al., 2004a; Shi et al., 2012; Zajac et al.,
2016). While this in itself is easy to automate, the techniques necessary to move into a
regime of the desired valley splitting while maintaining topology, electron number, and
controllability has yet to be automated and may face unexpected challenges, not the least of
which is that the device may not have access to the desired valley splitting at all.

The previously mentioned techniques are designed to ensure that the QD system has an
appropriate means of resetting spins and does not “leak out” of the desired physical
subspace, typically that of spin-1/2 electrons or combinations of spin-1/2 electrons.
However, operation on the spins or qubits (for composite spin systems) still requires
substantial calibration. One key parameter is the tunneling energy between two adjacent
QDs, which determines the exchange interaction and forms the core of two-qubit gates and,
for multielectron qubits, single-qubit gates as well. This parameter can be estimated via
more traditional gate voltage sweeps and by more complex time-domain investigations. It
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does lead to a challenge for automated tuning, as the rate is often exponentially sensitive
to applied voltages. Moreover, owing to the finite screening of nearby gate voltages, the
tunneling energy has substantial interdependencies with other gates.

In one of the first works addressing automated control and adjustment of tunneling rates,
a script-based method was developed that leveraged the virtual gate concept (van Diepen
et al., 2018). In that effort, two different means of extracting the tunnel coupling were
considered, both with low-frequency measurements (width of the charge transition) and
with high-frequency measurements (photon-assisted tunneling). The benefit of the latter
technique is the ability to measure beyond the thermal limit of linewidth, a necessity for
estimating small parameters even in a dilution refrigerator setting.

The use of virtual gates described in Sec. 111.B can help with isolating control of the
tunneling rate (Hsiao et a/., 2020; Qiao et al., 2020). The schematic in Fig. 11(b) depicts

the effect of changes in the virtual gates (linear combinations of voltages applied to physical
gates) on the potential landscape of the quadruple QD shown in Fig. 11(a). Changing voltage
on virtual gate B, affects the targeted interdot tunnel coupling, as indicated by the red
dashed line.

A different approach for handling parameter estimation is to use template matching. In this
approach, particular shapes and characteristics of data traces are assumed, and optimization
occurs via fitting real data to a set of templates and extracting effective model parameters
through this mechanism (Mills ef al., 2019a). A related set of techniques has also been
leveraged to estimate, and tune, parameters in tunneling that lead to so-called bias triangles,
using autoencoders to reduce the effective information coming from the experimental system
to a significantly smaller feature space (van Esbroeck et al., 2020). A key open question

in fine-tuning remains in determining how much actual experimental information should be
extracted at each step. Experimental images are expensive (in time) to take, and thus reduced
data acquisition is desired where possible. The success of autoencoders suggests that there

is a latent data space that would require substantially fewer experimental data points to
populate.

As the tunneling rate becomes set, additional spin parameters must then be extracted, and in
some cases tuned. These include both the Zeeman splitting (Larmor precession frequency)
and, where appropriate, estimates of the magnetic field gradient seen in each QD. In some
sense, the goal of the physics-domain fine-tuning is often to populate parameters in an
effective model of the QD system. We note that the capacitive model used for virtual gates
already provides a good starting point for this model.

Other, more phenomenological models such as the charge transition width (a proxy for
tunnel coupling) and lead tunnel rates can be fit using data. If these estimates and their
derivatives can be tracked, it becomes relatively straightforward to search parameter space
efficiently. However, tracking derivatives using finite differences becomes expensive in
terms of data acquisition. Teske et a/. (2019) removed this complexity by use of a Kalman
filter to enable effective characterization of the gradients, thereby enabling tuning in an
efficient (in time and memory) control system.
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Thus far measurement methods have generally yielded relatively direct information
regarding issues such as changes in charge as a gate voltage is moved. However,

future work must address the transition from a physics model description, such as the
Hubbard model, and quantum gate performance. This effort need not rely directly upon
experimental systems, as modeling of the system from a physics perspective is relatively
straightforward given the observed connection between actual gate voltages and model
parameters. For example, ML subsystems trained on simulation data were able to work
with little degradation of performance, including typical sources of experimental noise
(Ziegler et al., 2022b). However, hysteresis (for instance due to charge locking) remains a
potentially challenging example of real experimental imperfections that require one to move
to an online learning format. A general solution of finding good quantum gates given this
connection remains to be investigated.

IV. OUTLOOK: SOLVING THE METAPROBLEMS AND PATHS FORWARD

Thus far we have considered the scenario in which the number of QDs and the number of
gates to be manipulated, as well as the number of readout systems, are kept relatively small.
The path to scaling up spin qubit systems through these automated approaches remains
open but is also opaque. Thus, we now consider several metaproblems that will require
substantial effort before scale-up can be achieved. For simplicity, we focus on the four most
pressing today: benchmarks and standards for assessing tuning success and performance,
improving qubit yield and homogeneity, adding additional QDs to a tuned system in an
efficient manner (scale-up), and moving key aspects of the ML systems closer to the QDs
themselves (reducing fan-out).

A. Benchmarks and standards

A simple but crucial component of success for the field will be to solidify key metrics of
performance and key datasets that can be used to assess those metrics. This standardization
work will take time and community engagement based upon experience from other ML
disciplines. However, once standardization is in place, more algorithmic exploration and
improvement can be achieved. In this Colloquium a few simple metrics have been suggested.
One is state identification accuracy (the probability of a classifier identifying the right
topology); another is tuning success (the probability of an optimizer getting to the right
region of parameter space). There are many more such metrics, and associated datasets, that
will be necessary to leverage ML algorithms most effectively.

To date a reasonable fraction of training and assessment has been done using simulated
device data [see National Institute of Standards and Technology (2021)], which has the
benefit of being prelabeled and being inexpensive to generate. However, these simulation
tools are not equipped to cover all aspects of tune-up and do not capture many realistic
experimental imperfections. A more ideal approach would be to combine synthetic and
experimental datasets for each key task outlined in the tune-up process with associated
performance metrics and human performance assessments to enable the field to make
substantive progress.

Rev Mod Phys. Author manuscript; available in PMC 2023 April 11.



1duosnue Joyiny 1SIN 1duosnue Joyiny 1SIN

1duosnuey Joyiny 1SIN

Zwolak and Taylor

Page 24

B. Improving qubit homogeneity

To achieve scaling of QD systems we anticipate that improvements will be necessary in both
automated tuning and the yield and homogeneity of QD systems themselves. As an initial
target, we consider the effective combined yield (tuning and fabrication) to realize a surface
code patch of 5 x 5, corresponding to 49 qubits. This suggests that 98 % vyield is a likely
starting point for scaling, and is consistent with today’s superconducting array processors,
which at 50-100 qubits typically have one to two that are not fully operational. Achieving
this starting point remains a substantial challenge in the field, although recent work at Delft
University of Technology reached 16 QDs with appreciable yield (Borsoi et al., 2022).

A path toward automated lithographic quality assessments of QD devices has also recently
been put forward. The proposed control systems rely on automated probing at room
temperature (Zwerver et al., 2022) or use CNNSs applied to scanning electron microscope
(SEM) micrographs collected in-line to assess the device usability based on detection of
certain fabrication defects (such as particle contamination and proper exposure) (Mei et al.,
2021). However, while these are important steps toward streamlining QD device fabrication
quality control, there are a number of imperfections that still need to be accounted for.
These include variations in a single-QD device over time, between cooldowns, and between
changes in the control systems and other aspects of the integrated experimental system. This
naturally fits into an online learning model, in which the running experiment is continually
changing. At the same time, the practical capabilities that subsystems that are pretrained
provide may need adaptation or replacement once these concerns are integrated.

As standardization and qubit fabrication improve, we anticipate that reliably tuning up a
large number of devices to the desired topology and electron number may become fully
automated. However, this does not yield qubits by itself. Specifically, additional work is
necessary to bring the gap between qubit tuning techniques used in quantum computing
(randomized benchmarking, gate set tomography, etc.) and the physical implementation of
key quantum operations that rely upon the results of fine-tuning. These include initialization
of the qubit state, readout of the qubit state, understanding and characterizing leakage from
logical states to other states of the system, and understanding and calibrating logical gate
operations. This is an area ripe for future exploration.

C. Scaling: Inductive and in situ

On the scale-up problem, we have already seen that moving from physical gates to virtual
gates is a significant benefit for controllability and fine-tuning. Consider now a 1D array of
gates on a nominal nanowire that could be used to form A/QDs in series, with a nearby set of
charge sensors. What approach can we use to “add” an additional QD to the array if we have
already tuned up the first A QDs and developed their virtual gate representation? Put simply,
we can attempt to add the next QD holding the &QD system solved and “resolving” the Ath
QD in conjunction with the next QD in the line, thus mapping the system to a double-QD
tuning problem, but now starting with virtual gates for the Ath QD such that crosstalk to the
k-1 QDs is close to zero. A preliminary example of this inductive approach, albeit without
automation, was given by Volk et al. (2019).
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A different approach would instead be to tune each pair of QDs (1 and 2, 2 and 3, etc.) while
leveraging virtual gates from all the prior solutions. One can then hope that the full solution
is close to the tuned system. Many QD experiments with large arrays have used variations of
this /n situ approach to refine the range of acceptable parameters for searching for QDs. One
advantage of this approach is the ability to keep both the left and right QDs in contact with
the Fermi sea, making charge trapping and other hysteretic effects negligible.

In both cases, the assumed 1D nature of the physical layout provides substantial
simplifications. More complicated is the loading of a 2D array of QDs, although both
approaches may also find success in that setting. We do not anticipate that a fully
computerized system is yet available that can explore this space efficiently. Specifically,
handling both the challenges of charge latching (metastable states) previously described for
1D systems and the difficulties of assessing sensing knowledge from a number of sensors
that grows only as the boundary (and gets further from the actual QDs) remains an open
problem. Furthermore, the actual state space is growing exponentially, but the space of
interest is much narrower. Teaching ML systems to find and stay within this narrow regime
is an open problem. Thus, the path forward today remains adapting practice in the lab to ML
systems for solving key subproblems first, then looking at generalizations.

In most of this Colloquium, we have focused on relatively stable devices that are generally
“well behaved,” that is, that work within the expectations of the trained systems described
here. However, real-world systems and devices have a variety of imperfections that will

need to be considered as systems move toward scaling up and integration. Two specific
examples of concern are handling spurious QDs (regions of parameter space in which the
topology changes due to a defect or impurity that acts as an additional charge trap) and
handling latching (metastable states) and related hysteresis effects. Latching occurs when the
lowest energy charge configuration cannot be reached as the electrons necessary to reach
that configuration cannot get to the right region of the device.

Thus, in addition to finding a path to scaling up, we suggest that additional efforts also
consider the use of techniques common in the online learning setting to handle unexpected
behaviors. For example, reinforcement learning techniques can be used for optimization

in the hysteretic setting associated with charge latching, as the optimizer has a sense of

the history of the measurement (much like navigating a maze), rather than just the current
state of the system. Similarly, online learning approaches can provide sandboxing or related
techniques to identify and then stay away from regions with undesired behavior (be it too
noisy, too weak for measurement, or due to spurious QDs). Preliminary work on this is
ongoing (Ziegler et al., 2023, 2022h).

D. Toward “on-chip” implementations

Finally, with the noisy intermediate-scale quantum technology era on the horizon (Preskill,
2018), it is timely to consider the practical aspect of implementing autonomous control.
Present-day devices in which quantum bits are stored and processed require classical
electronics to measure and control the qubits, as well as conventional computer software

to control and program these electronics. Since each qubit must be controlled and measured
separately, it is necessary for the classical control system to scale along with the number of
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qubits, which at present represents a substantial engineering challenge (Geck et al., 2020;
Vandersypen et al., 2017), particularly as systems scale into the thousands or millions of
qubits regime.

While a complete, “in fridge” solution may be of interest, we note that a variety of

key subtasks may be the only ones necessary to achieve high-throughput tune-up and
calibration of systems in practice at this scale. Techniques such as ray-based learning can
currently reduce dataflow requirements and thus improve performance (Chatterjee et al.,
2022; Zwolak et al., 2020a). Other simple recognition tasks in measurement systems may
be a natural next point for improvement, in which real-time filtering and processing can be
handled close to the QDs, potentially enabling more rapid calibration, particularly in the
fine-tuning stage.

Placing the qubit control and analysis electronics in the immediate vicinity of the qubits

in the cryostat either on the same chip or through chip-to-chip interconnection technology
poses serious constraints in terms of sizing and energy requirements. Thus, computational
requirements and power consumption should also be considered when one designs the
autotuning system, enabling miniaturization of the control elements on low-power hardware,
which is a significant step toward on-chip autotuning. This issue has recently been discussed
in the context of identification of charge-state transition lines in 2D stability diagrams,
which is an important component in many autotuning proposals (Czischek et al., 2022;
Zwolak et al., 2021).

Czischek et al. (2022) recently showed that an extremely small feed-forward neural network
(FFNN) with just a single hidden layer can be trained to detect charge-state transitions in
single-QD stability diagrams. Using a dataset of 800 synthetic stability diagrams (Genest,
2020), they trained a binary classifier with only ten hidden neurons to differentiate between
the small patches with and without transition lines and reported a testing accuracy of 96

% on patches sampled from experimental data. The FFNN classifier lies at the core of a
“shifting algorithm” Czischek et al. (2022) proposed for tuning single-QD devices to the
single-electron regime; see Sec. I11.B and I11.D.

An alternative approach to miniaturizing ML models was proposed by Zwolak ef a/. (2021).
Here, by replacing the traditional 2D scans and a CNN-based classifier with a series of 1D
rays and encoding the state of the device via fingerprints (see Sec. I11.B), the total number
of parameters defining the ML model used for state assessment was reduced by 2 orders of
magnitude compared to a CNN model (1.2 x 10% versus 2.2 x 108 parameters); see Zwolak
et al. (2020b)). While this number is still fairly high, it has been noted that the size and
complexity of the DNN can be further reduced by at least an order of magnitude (Zwolak
et al., 2020a). The RBC does not require any significant data processing, which further
improves the computational efficiency of this approach and makes it an appealing candidate
for the on-chip implementation on miniaturized hardware with low power consumption
(Sebastian et al., 2020).
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V. CONCLUSIONS

With these provisos in mind, we note that there is an expansive set of tools that are

being explored and leveraged to make QD systems substantially easier to operate and more
reliable in their execution. The efforts described here are primarily targeted at the initial
elements of tune-up, rather than those of fine-tuning for qubit operation. Substantial efforts
in superconducting and ion-based quantum computing systems have already led to the
development of robust methods for such fine-tuning (Arute ef al., 2020; Gerster et al., 2022,;
Majumder et al., 2020; Maksymov et al., 2021). In addition, a key databased approach,

the use of directed acyclic graphs, can be a natural extension of the existing script-based
methods used for the tuning described in this Colloquium (Kelly et a/., 2018). However,
this has not yet been integrated into workflows in today’s QD experiments, in part due to
the software development and engineering requirements to fully take advantage of these
advances.

Some portion of the failures observed in autotuning are attributable to the initial

starting point for tuning, and thus a relevant but underexplored parameter is the success
probability given a “repeat-until-success” tuning approach, which has not yet been studied
in experimental systems. However, even with these improvements, we anticipate that
substantially better accuracy will be required to tune large QD systems in a fully automated
fashion.

Whether materials science and fabrication can reduce the need for this automation remains
a question of both science and engineering. Practically speaking, the critical question will
be one of the cost, in time and effort, to leverage ML for key tasks when compared to

less complex methods. We suspect that automated systems of this nature will be of critical
importance for enabling evermore-complex experiments for the foreseeable future.

ACKNOWLEDGMENTS

The views and conclusions contained in this Colloquium are those of the authors and should not be interpreted

as representing the official policies, either expressed or implied, of the U.S. Government. The U.S. Government
is authorized to reproduce and distribute reprints for Governmental purposes notwithstanding any copyright noted
herein.

REFERENCES

Ansaloni F, Chatterjee A, Bohuslavskyi H, Bertrand B, Hutin L, Vinet M, and Kuemmeth F (2020),
“Single-electron operations in a foundry-fabricated array of quantum dots,” Nat. Commun. 11 (1),
6399. [PubMed: 33328466]

Arute F, Arya K, Babbush R, Bacon D, Bardin JC, Barends R, Bengtsson A, Boixo S, Broughton M,
Buckley BB, Buell DA, Burkett B, Bushnell N, Chen Y, Chen Z, Chen Y-A, Chiaro B, Collins R,
Cotton SJ, Courtney W, Demura S, Derk A, Dunsworth A, Eppens D, Eckl T, Erickson C, Farhi E,
Fowler A, Foxen B, Gidney C, Giustina M, Graff R, Gross JA, Habegger S, Harrigan MP, Ho A,
Hong S, Huang T, Huggins W, loffe LB, Isakov SV, Jeffrey E, Jiang Z, Jones C, Kafri D, Kechedzhi
K, Kelly J, Kim S, Klimov PV, Korotkov AN, Kostritsa F, Landhuis D, Laptev P, Lindmark M,
Lucero E, Marthaler M, Martin O, Martinis JM, Marusczyk A, McArdle S, McClean JR, McCourt
T, McEwen M, Megrant A, Mejuto-Zaera C, Mi X, Mohseni M, Mruczkiewicz W, Mutus J, Naaman
O, Neeley M, Neill C, Neven H, Newman M, Niu MY, O’Brien TE, Osthy E, Pat6 B, Petukhov A,
Putterman H, Quintana C, Reiner J-M, Roushan P, Rubin NC, Sank D, Satzinger KJ, Smelyanskiy
V, Strain D, Sung KJ, Schmitteckert P, Szalay M, Tubman NM, Vainsencher A, White T, Vogt N,

Rev Mod Phys. Author manuscript; available in PMC 2023 April 11.



1duosnue Joyiny 1SIN 1duosnue Joyiny 1SIN

1duosnuey Joyiny 1SIN

Zwolak and Taylor

Page 28

Yao ZJ, Yeh P, Zalcman A, and Zanker S (2020), “Observation of separated dynamics of charge and
spin in the fermi-hubbard model,” arXiv:2010.07965.

Baart TA, Eendebak PT, Reichl C, Wegscheider W, and Vandersypen LMK (2016), “Computer-
automated tuning of semiconductor double quantum dots into the single-electron regime,” Appl.
Phys. Lett. 108 (21), 213104.

Blumoff JZ, Pan AS, Keating TE, Andrews RW, Barnes DW, Brecht TL, Croke ET, Euliss LE, Fast
JA\, Jackson CAC, Jones AM, Kerckhoff J, Lanza RK, Raach K, Thomas BJ, Velunta R, Weinstein
AJ, Ladd TD, Eng K, Borselli MG, Hunter AT, and Rakher MT (2022), “Fast and high-fidelity state
preparation and measurement in triple-quantum-dot spin qubits,” PRX Quantum 3 (1), 010352.

Borselli MG, Ross RS, Kiselev AA, Croke ET, Holabird S, Deelman PW, Warren LD, Alvarado-
Rodriguez I, Milosavljevic, Ku FC, Wong WS, Schmitz AE, Sokolich M, Gyure MF, and Hunter
AT (2011), “Measurement of valley splitting in high-symmetry Si/SiGe quantum dots,” Appl. Phys.
Lett. 98 (12), 123118.

Borsoi F, Hendrickx NW, John V, Motz S, van Riggelen F, Sammak A, de Snoo SL, Scappucci
G, and Veldhorst M (2022), “Shared control of a 16 semiconductor quantum dot crossbar array,”
arXiv:2209.06609 10.48550/ARXI1V.2209.06609.

Botzem T, Shulman MD, Foletti S, Harvey SP, Dial OE, Bethke P, Cerfontaine P, McNeil RPG,
Mahalu D, Umansky V, Ludwig A, Wieck A, Schuh D, Bougeard D, Yacoby A, and Bluhm H
(2018), “Tuning Methods for Semiconductor Spin Qubits,” Phys. Rev. Applied 10 (5), 054026.

Burkard G, Gullans MJ, Mi X, and Petta JR (2020), “Superconductor-semiconductor hybrid-circuit
quantum electrodynamics,” Nat. Rev. Phys. 2 (3), 129-140.

Burkard G, Ladd TD, Nichol JM, Pan A, and Petta JR (2021), “Semiconductor spin qubits,”
arXiv:2112.08863 10.48550/arxiv.2112.08863.

Burkard G, Loss D, and DiVincenzo DP (1999), “Coupled quantum dots as quantum gates,” Phys. Rev.

B 59 (3), 2070-2078.

Cao G, Li H-O, Yu G-D, Wang B-C, Chen B-B, Song X-X, Xiao M, Guo G-C, Jiang H-W, Hu X, and
Guo G-P (2016), “Tunable hybrid qubit in a gaas double quantum dot,” Phys. Rev. Lett. 116 (8),
086801. [PubMed: 26967435]

Chatterjee A, Ansaloni F, Rasmussen T, Brovang B, Fedele F, Bohuslavskyi H, Krause O, and
Kuemmeth F (2022), “Autonomous estimation of high-dimensional coulomb diamonds from
sparse measurements,” Phys. Rev. Appl. 18, 064040.

Crippa A, Ezzouch R, Apra A, Amisse A, Laviéville R, Hutin L, Bertrand B, Vinet M, Urdampilleta
M, Meunier T, Sanquer M, Jehl X, Maurand R, and De Franceschi S (2019), “Gate-reflectometry
dispersive readout and coherent control of a spin qubit in silicon,” Nat. Commun. 10 (1), 2776.
[PubMed: 31270319]

Czischek S, Yon V, Genest M-A, Roux M-A, Rochette S, Lemyre JC, Moras M, Pioro-Ladriére M,
Drouin D, Beilliard Y, and Melko RG (2022), “Miniaturizing neural networks for charge state
autotuning in quantum dots,” Mach. Learn.: Sci. Technol. 3 (1), 015001.

Darulova J, Pauka SJ, Wiebe N, Chan KW, Gardener GC, Manfra MJ, Cassidy MC, and Troyer M
(2020), “Autonomous tuning and charge-state detection of gate-defined quantum dots,” Phys. Rev.
Applied 13 (5), 054005.

Darulova J, Troyer M, and Cassidy MC (2021), “Evaluation of synthetic and experimental training
data in supervised machine learning applied to charge-state detection of quantum dots,” Mach.
Learn.: Sci. Technol. 2 (4), 045023.

Das Sarma S, Wang X, and Yang S (2011), “Hubbard model description of silicon spin qubits: Charge
stability diagram and tunnel coupling in si double quantum dots,” Phys. Rev. B 83 (23), 235314.

van Diepen CJ, Eendebak PT, Buijtendorp BT, Mukhopadhyay U, Fujita T, Reichl C, Wegscheider W,
and Vandersypen LMK (2018), “Automated tuning of inter-dot tunnel coupling in double quantum
dots,” Appl. Phys. Lett. 113 (3), 033101.

DiVincenzo DP, Bacon D, Kempe J, Burkard G, and Whaley KB (2000), “Universal quantum
computation with the exchange interaction,” Nature 408 (6810), 339-342. [PubMed: 11099036]

Dodson JP, Ercan HE, Corrigan J, Losert MP, Holman N, McJunkin T, Edge LF, Friesen M,
Coppersmith SN, and Eriksson MA (2022), “How valley-orbit states in silicon quantum dots probe
quantum well interfaces,” Phys. Rev. Lett. 128 (14), 146802. [PubMed: 35476478]

Rev Mod Phys. Author manuscript; available in PMC 2023 April 11.



1duosnue Joyiny 1SIN 1duosnue Joyiny 1SIN

1duosnuey Joyiny 1SIN

Zwolak and Taylor

Page 29

Durrer R, Kratochwil B, Koski JV, Landig AJ, Reichl C, Wegscheider W, Ihn T, and Greplova
E (2020), “Automated tuning of double quantum dots into specific charge states using neural
networks,” Phys. Rev. Applied 13 (5), 054019.

Eenink HGJ, Petit L, Lawrie WIL, Clarke JS, Vandersypen LMK, and Veldhorst M (2019), “Tunable
coupling and isolation of single electrons in silicon metal-oxide-semiconductor quantum dots,”
Nano Lett. 19 (12), 8653-8657. [PubMed: 31755273]

Elzerman JM, Hanson R, Willems van Beveren LH, Vandersypen LMK, and Kouwenhoven LP
(2004a), “Excited-state spectroscopy on a nearly closed quantum dot via charge detection,” Appl.
Phys. Lett. 84 (23), 4617-4619.

Elzerman JM, Hanson R, Willems van Beveren LH, Witkamp B, Vandersypen LMK, and
Kouwenhoven LP (2004b), “Single-shot read-out of an individual electron spin in a quantum
dot,” Nature 430 (6998), 431-435. [PubMed: 15269762]

van Esbroeck NM, Lennon DT, Moon H, Nguyen V, Vigneau F, Camenzind LC, Yu L, Zumbihl DM,
Briggs GAD, Sejdinovic D, and Ares N(2020), “Quantum device fine-tuning using unsupervised
embedding learning,” New J. Phys. 22 (9), 095003.

Field M, Smith CG, Pepper M, Ritchie DA, Frost JEF, Jones GAC, and Hasko DG (1993),
“Measurements of coulomb blockade with a noninvasive voltage probe,” Phys. Rev. Lett. 70 (9),
1311-1314. [PubMed: 10054344]

Geck L, Kruth A, Bluhm H, van Waasen S, and Heinen S (2020), “Control electronics for
semiconductor spin qubits,” Quantum Sci. Technol. 5 (1), 015004.

Genest M-A (2020), Implémentation d’une méthode d’identification de I’occupation électronique
d’une boite quantique gréace a des techniques d’apprentissage profond, M.Sc. thesis (Université de
Sherbrooke, Québec, Canada).

Gerster L, Martinez-Garcia F, Hrmo P, van Mourik MW, Wilhelm B, Vodola D, Miiller M, Blatt R,
Schindler P, and Monz T (2022), “Experimental bayesian calibration of trapped-ion entangling
operations,” PRX Quantum 3, 020350.

Gorman J, Hasko DG, and Williams DA (2005), “Charge-qubit operation of an isolated double
quantum dot,” Phys. Rev. Lett. 95 (9), 090502. [PubMed: 16197195]

Gottlieb L-A, Kaufman E, Kontorovich A, and Nivasch G (2021), “Learning convex polyhedra with
margin,” arXiv:1805.09719.

Hanson R, Kouwenhoven LP, Petta JR, Tarucha S, and Vandersypen LMK (2007), “Spins in few-
electron quantum dots,” Rev. Mod. Phys. 79 (4), 1217-1265.

Hendrickx NW, Franke DP, Sammak A, Scappucci G, and Veldhorst M (2020), “Fast two-qubit logic
with holes in germanium,” Nature 577 (7791), 487-491. [PubMed: 31932731]

Hensgens T (2018), Emulating Fermi-Hubbard physics with quantum dots: from few to more and how
to, Ph.D. thesis (Delft University of Technology, Delft, Netherlands).

Hensgens T, Fujita T, Janssen L, Li X, Van Diepen CJ, Reichl C, Wegscheider W, Sarma SD, and
Vandersypen LMK (2017), “Quantum simulation of a fermi—hubbard model using a semiconductor
quantum dot array,” Nature 548 (7665), 70-73. [PubMed: 28770852]

Hsiao T-K, van Diepen CJ, Mukhopadhyay U, Reichl C, Wegscheider W, and Vandersypen LMK
(2020), “Efficient orthogonal control of tunnel couplings in a quantum dot array,” Phys. Rev.
Applied 13 (5), 054018.

Kalantre SS, Zwolak JP, Ragole S, Wu X, Zimmerman NM, Stewart MD, and Taylor JM (2019),
“Machine learning techniques for state recognition and auto-tuning in quantum dots,” npj
Quantum Inf. 5 (6), 1-10.

Kandel YP, Qiao H, Fallahi S, Gardner GC, Manfra MJ, and Nichol JM (2019), “Coherent spin-state
transfer via heisenberg exchange,” Nature 573 (7775), 553-557. [PubMed: 31554982]

Kelly J, O’Malley P, Neeley M, Neven H, and Martinis JM (2018), “Physical qubit calibration on a
directed acyclic graph,” arXiv:1803.03226 10.48550/arxiv.1803.03226.

Kim D, Ward DR, Simmons CB, Gamble JK, Blume-Kohout R, Nielsen E, Savage DE, Lagally MG,
Friesen Mark, Coppersmith SN, and Eriksson MA (2015), “Microwave-driven coherent operation
of a semiconductor quantum dot charge qubit,” Nature Nanotech. 10 (3), 243-247.

Klimov PV, Kelly J, Martinis JM, and Neven H (2020), “The snake optimizer for learning quantum
processor control parameters,” arXiv:2006.04594.

Rev Mod Phys. Author manuscript; available in PMC 2023 April 11.



1duosnue Joyiny 1SIN 1duosnue Joyiny 1SIN

1duosnuey Joyiny 1SIN

Zwolak and Taylor

Page 30

Krause O, Brovang B, Rasmussen T, Chatterjee A, and Kuemmeth F (2022), “Estimation of convex
polytopes for automatic discovery of charge state transitions in quantum dot arrays,” Electronics
11 (15), 2327.

Lai NS, Lim WH, Yang CH, Zwanenburg FA, Coish WA, Qassemi F, Morello A, and Dzurak AS
(2011), “Pauli spin blockade in a highly tunable silicon double quantum dot,” Sci. Rep. 1 (1), 110.
[PubMed: 22355627]

Lapointe-Major M, Germain O, Camirand Lemyre J, Lachance-Quirion D, Rochette S, Camirand
Lemyre F, and Pioro-Ladriere M (2020), “Algorithm for automated tuning of a quantum dot into
the single-electron regime,” Phys. Rev. B 102 (8), 085301.

Likharev KK (1999), “Single-electron devices and their applications,” Proceedings of the IEEE 87 (4),
606-632.

Lin T-Y, Dollar P, Girshick R, He K, Hariharan B, and Belongie S (2016), “Feature pyramid networks
for object detection,” arXiv:1612.03144.

Liu Y-Y, Philips SGJ, Orona LA, Samkharadze N, McJunkin T, MacQuarrie ER, Eriksson MA,
Vandersypen LMK, and Yacoby A (2021), “Radio-frequency reflectometry in silicon-based
quantum dots,” Phys. Rev. Applied 16 (1), 014057.

Loss D, and DiVincenzo DP (1998), “Quantum computation with quantum dots,” Phys. Rev. A 57 (1),
120-126.

Madzik MT, Asaad S, Youssry A, Joecker B, Rudinger KM, Nielsen E, Young KC, Proctor TJ,
Baczewski AD, Laucht A, Schmitt V, Hudson FE, Itoh KM, Jakob AM, Johnson BC, Jamieson
DN, Dzurak AS, Ferrie C, Blume-Kohout R, and Morello A (2022), “Precision tomography
of a three-qubit donor quantum processor in silicon,” Nature 601 (7893), 348-353. [PubMed:
35046601]

Majumder S, Andreta de Castro L, and Brown KR (2020), “Real-time calibration with spectator
qubits,” npj Quantum Inf. 6, 19.

Maksymov A, Niroula P, and Nam Y (2021), “Optimal calibration of gates in trapped-ion quantum
computers,” Quantum Sci. Technol. 6 (3), 0340009.

Maurand R, Jehl X, Kotekar-Patil D, Corna A, Bohuslavskyi H, Laviéville R, Hutin L, Barraud S,
Vinet M, Sanquer M, and De Franceschi S (2016), “A CMOS silicon spin qubit,” Nat. Commun. 7
(1), 13575. [PubMed: 27882926]

McJunkin TW (2021), Heterostructure Modifications, Fabrication Improvements, and Measurements
Automation of Si/SiGe Quantum Dots for Quantum Computation, Ph.D. thesis (The University of
Wisconsin-Madison, Madison, W1, USA).

Medford J, Beil J, Taylor JM, Rashba EI, Lu H, Gossard AC, and Marcus CM (2013), “Quantum-
dotbased resonant exchange qubit,” Phys. Rev. Lett. 111 (5), 050501. [PubMed: 23952375]

Mei AB, Milosavljevic I, Simpson AL, Smetanka VA, Feeney CP, Seguin SM, Ha SD, Ha W, and Reed
MD (2021), “Optimization of quantum-dot qubit fabrication via machine learning,” Appl. Phys.
Lett. 118 (20), 204001.

Mi X, Cady JV, Zajac DM, Deelman PW, and Petta JR (2017a), “Strong coupling of a single electron
in silicon to a microwave photon,” Science 355 (6321), 156-158. [PubMed: 28008085]

Mi X, Péterfalvi CG, Burkard G, and Petta JR (2017b), “High-resolution valley spectroscopy of si
quantum dots,” Phys. Rev. Lett. 119 (17), 176803. [PubMed: 29219471]

Mills AR, Feldman MM, Monical C, Lewis PJ, Larson KW, Mounce AM, and Petta JR (2019a),
“Computer-automated tuning procedures for semiconductor quantum dot arrays,” Appl. Phys. Lett.
115 (11), 113501.

Mills AR, Guinn CR, Gullans MJ, Sigillito AJ, Feldman MM, Nielsen E, and Petta JR (2022),
“Two-qubit silicon quantum processor with operation fidelity exceeding 99%,” Sci. Adv. 8 (14),
eabn5130. [PubMed: 35385308]

Mills AR, Zajac DM, Gullans MJ, Schupp FJ, Hazard TM, and Petta JR (2019b), “Shuttling a single
charge across a one-dimensional array of silicon quantum dots,” Nat. Commun. 10 (1), 1063.
[PubMed: 30837460]

Moon H, Lennon DT, Kirkpatrick J, van Esbroeck NM, Camenzind LC, Yu L, Vigneau F, Zumbuhl
DM, Briggs GAD, Osborne MA, Sejdinovic D, Laird EA, and Ares N (2020), “Machine learning

Rev Mod Phys. Author manuscript; available in PMC 2023 April 11.



1duosnue Joyiny 1SIN 1duosnue Joyiny 1SIN

1duosnuey Joyiny 1SIN

Zwolak and Taylor

Page 31

enables completely automatic tuning of a quantum device faster than human experts,” Nat.
Commun. 11 (1), 4161. [PubMed: 32814777]

National Institute of Standards and Technology, (2021), “Qflow 2.0: Quantum dot data for machine
learning,” Database: data.nist.gov, 10.18434/T4/1423788.

Noiri A, Takeda K, Nakajima T, Kobayashi T, Sammak A, Scappucci G, and Tarucha S (2022a),

“Fast universal quantum gate above the fault-tolerance threshold in silicon,” Nature 601 (7893),
338-342. [PubMed: 35046603]

Noiri A, Takeda K, Nakajima T, Kobayashi T, Sammak A, Scappucci G, and Tarucha S (2022b),

“A shuttling-based two-qubit logic gate for linking distant silicon quantum processors,” Nat.
Commun. 13 (1), 5740. [PubMed: 36180449]

Oosterkamp TH, Fujisawa T, van der Wiel WG, Ishibashi K, Hijman RV, Tarucha S, and Kouwenhoven
LP (1998), “Microwave spectroscopy of a quantum-dot molecule,” Nature 395 (6705), 873-876.

Perron JK, Stewart MD Jr, and M Zimmerman N (2015), “A quantitative study of bias triangles
presented in chemical potential space,” J. Phys.: Condens. Matter 27 (23), 235302. [PubMed:
25992789]

Petersson KD, Petta JR, Lu H, and Gossard AC (2010), “Quantum coherence in a one-electron
semiconductor charge qubit,” Phys. Rev. Lett. 105 (24), 246804. [PubMed: 21231547]

Petit L, Eenink HGJ, Russ M, Lawrie WIL, Hendrickx NW, Philips SGJ, Clarke JS, Vandersypen
LMK, and Veldhorst M (2020), “Universal quantum logic in hot silicon qubits,” Nature 580
(7803), 355-359. [PubMed: 32296188]

Petta JR, Johnson AC, Taylor JM, Laird EA, Yacoby A, Lukin MD, Marcus CM, Hanson MP, and
Gossard AC (2005), “Coherent manipulation of coupled electron spins in semiconductor quantum
dots,” Science 309 (5744), 2180-2184. [PubMed: 16141370]

Philips SGJ, Madzik MT, Amitonov SV, de Snoo SL, Russ M, Kalhor N, Volk C, Lawrie WIL, Brousse
D, Tryputen L, Wuetz BP, Sammak A, Veldhorst M, Scappucci G, and Vandersypen LMK (2022),
“Universal control of a six-qubit quantum processor in silicon,” Nature 609 (7929), 919-924.
[PubMed: 36171383]

Preskill J (2018), “Quantum Computing in the NISQ era and beyond,” Quantum 2, 79.

Qiao H, Kandel YP, Deng K, Fallahi S, Gardner GC, Manfra MJ, Barnes E, and Nichol JM (2020),
“Coherent multispin exchange coupling in a quantum-dot spin chain,” Phys. Rev. X 10 (3),
031006.

Russ M, and Burkard G (2017), “Three-electron spin qubits,” J. Phys.: Condens. Matter. 29 (39),
393001. [PubMed: 28562367]

Russ M, Petta JR, and Burkard G (2018), “Quadrupolar exchange-only spin qubit,” Phys. Rev. Lett.
121 (17), 177701. [PubMed: 30411952]

Sala A, and Danon J (2017), “Exchange-only singlet-only spin qubit,” Phys. Rev. B 95 (24), 241303.

Sebastian A, Le Gallo M, Khaddam-Aljameh R, and Eleftheriou E (2020), “Memory devices and
applications for in-memory computing,” Nat. Nanotechnol. 15 (7), 529-544. [PubMed: 32231270]

Shi Z, Simmons CB, Prance JR, Gamble JK, Koh TS, Shim Y-P, Hu X, Savage DE, Lagally MG,
Eriksson MA, Friesen Mark, and Coppersmith SN (2012), “Fast hybrid silicon double-quantum-
dot qubit,” Phys. Rev. Lett. 108 (14), 140503. [PubMed: 22540779]

Simmons CB, Koh TS, Shaji N, Thalakulam M, Klein LJ, Qin H, Luo H, Savage DE, Lagally MG,
Rimberg AJ, Joynt R, Blick R, Friesen M, Coppersmith SN, and Eriksson MA (2010), “Pauli spin
blockade and lifetime-enhanced transport in a Si/SiGe double quantum dot,” Phys. Rev. B 82 (24),
245312.

Simmons CB, Thalakulam M, Shaji N, Klein LJ, Qin H, Blick RH, Savage DE, Lagally MG,
Coppersmith SN, and Eriksson MA (2007), “Single-electron quantum dot in Si/SiGe with
integrated charge sensing,” Appl. Phys. Lett. 91 (21), 213103.

de Sousa R, Hu X, and Das Sarma S (2001), “Effect of an inhomogeneous external magnetic field on a
quantum-dot quantum computer,” Phys. Rev. A 64 (4), 042307.

Takeda K, Noiri A, Nakajima T, Kobayashi T, and Tarucha S (2022), “Quantum error correction with
silicon spin qubits,” Nature 608 (7924), 682-686. [PubMed: 36002485]

Rev Mod Phys. Author manuscript; available in PMC 2023 April 11.


http://data.nist.gov

1duosnue Joyiny 1SIN 1duosnue Joyiny 1SIN

1duosnuey Joyiny 1SIN

Zwolak and Taylor

Page 32

Teske JD, Humpohl SS, Otten R, Bethke P, Cerfontaine P, Dedden J, Ludwig A, Wieck Andreas D.,
and Bluhm H (2019), “A machine learning approach for automated fine-tuning of semiconductor
spin qubits,” Appl. Phys. Lett. 114 (13), 133102.

Vandersypen LMK, Bluhm H, Clarke JS, Dzurak AS, Ishihara R, Morello A, Reilly DJ, Schreiber LR,
and Veldhorst M (2017), “Interfacing spin qubits in quantum dots and donors—hot, dense, and
coherent,” npj Quantum Inf. 3 (1), 34.

Veldhorst M, Eenink HGJ, Yang CH, and Dzurak AS (2017), “Silicon CMOS architecture for a
spin-based quantum computer,” Nat. Commun. 8 (1), 1766. [PubMed: 29242497]

Volk C, Zwerver AMJ, Mukhopadhyay U, Eendebak PT, van Diepen CJ, Dehollain JP, Hensgens T,
Fujita T, Reichl C, Wegscheider W, and Vandersypen LMK (2019), “Loading a quantum-dot based
“Qubyte” register,” npj Quantum Inf. 5 (1), 29.

Watson TF, Philips SGJ, Kawakami E, Ward DR, Scarlino P, Veldhorst M, Savage DE, Lagally MG,
Friesen M, Coppersmith SN, Eriksson MA, and Vandersypen LMK (2018), “A programmable
two-qubit quantum processor in silicon,” Nature 555 (7698), 633-637. [PubMed: 29443962]

Weber BJ, Kalantre SS, McJunkin T, Taylor JM, and Zwolak JP (2022), “Theoretical bounds on data
requirements for the ray-based classification,” SN Comput. Sci. 3 (1), 57.

Weinstein AJ, Reed MD, Jones AM, Andrews RW, Barnes D, Blumoff JZ, Euliss LE, Eng K, Fong B,
Ha SD, Hulbert DR, Jackson C, Jura M, Keating TE, Kerckhoff J, Kiselev AA, Matten J, Sabbir G,
Smith A, Wright J, Rakher MT, Ladd TD, and Borselli MG (2022), “Universal logic with encoded
spin qubits in silicon,” arXiv:2202.03605.

van der Wiel WG, De Franceschi S, Elzerman JM, Fujisawa T, Tarucha S, and Kouwenhoven LP
(2002), “Electron transport through double quantum dots,” Rev. Mod. Phys. 75 (1), 1-22.

Wu X, Ward DR, Prance JR, Kim D, Gamble JK, Mohr RT, Shi Z, Savage DE, Lagally MG, Friesen
M, Coppersmith SN, and Eriksson MA (2014), “Two-axis control of a singlet-triplet qubit with an
integrated micromagnet,” Proc. Natl. Acad. Sci. 111 (33), 11938-11942. [PubMed: 25092298]

Xue X, Patra B, van Dijk Jeroen P. G., Samkharadze N, Subramanian S, Corna A, Paquelet Wuetz
B, Jeon C, Sheikh F, Juarez-Hernandez E, Esparza BP, Rampurawala H, Carlton B, Ravikumar
S, Nieva C, Kim S, Lee H-J, Sammak A, Scappucci G, Veldhorst M, Sebastiano F, Babaie M,
Pellerano S, Charbon E, and Vandersypen LMK (2021), “Cmaos-based cryogenic control of silicon
quantum circuits,” Nature 593 (7858), 205-210. [PubMed: 33981049]

Xue X, Russ M, Samkharadze N, Undseth B, Sammak A, Scappucci G, and Vandersypen LMK
(2022), “Quantum logic with spin qubits crossing the surface code threshold,” Nature 601 (7893),
343-347. [PubMed: 35046604]

Yang CH, Leon RCC, Hwang JCC, Saraiva A, Tanttu T, Huang W, Camirand Lemyre J, Chan KW,
Tan KY, Hudson FE, Itoh KM, Morello A, Pioro-Ladriére M, Laucht A, and Dzurak AS (2020),
“Operation of a silicon quantum processor unit cell above one kelvin,” Nature 580 (7803), 350—
354. [PubMed: 32296190]

Yang CH, Rossi A, Ruskov R, Lai NS, Mohiyaddin FA, Lee S, Tahan C, Klimeck G, Morello A, and
Dzurak AS (2013), “Spin-valley lifetimes in a silicon quantum dot with tunable valley splitting,”
Nat. Commun. 4 (1), 2069. [PubMed: 23804134]

Yang S, Wang X, and Das Sarma S (2011), “Generic hubbard model description of semiconductor
quantum-dot spin qubits,” Phys. Rev. B 83 (16), 161301.

Zajac DM, Hazard TM, Mi X, Nielsen E, and Petta JR (2016), “Scalable gate architecture for a
one-dimensional array of semiconductor spin qubits,” Phys. Rev. Applied 6 (5), 054013.

Zheng G, Samkharadze N, Noordam ML, Kalhor N, Brousse D, Sammak A, Scappucci G, and
Vandersypen LMK (2019), “Rapid gate-based spin read-out in silicon using an on-chip resonator,”
Nat. Nanotechnol. 14 (8), 742-746. [PubMed: 31285611]

Ziegler J, Luthi F, Ramsey M, Borjans F, Zheng G, and Zwolak JP (2022a), “Tuning arrays
with rays: Physics-informed tuning of quantum dot charge states,” arXiv:2209.03837 10.48550/
arxiv.2209.03837.

Ziegler J, Luthi F, Ramsey M, Borjans F, Zheng G, and Zwolak JP (2023), “Automated extraction of
capacitive coupling for quantum dot systems,” arXiv:2301.08654 10.48550/ARXIV.2301.08654.

Rev Mod Phys. Author manuscript; available in PMC 2023 April 11.



1duosnue Joyiny 1SIN 1duosnue Joyiny 1SIN

1duosnuey Joyiny 1SIN

Zwolak and Taylor

Page 33

Ziegler J, McJunkin T, Joseph ES, Kalantre SS, Harpt B, Savage DE, Lagally MG, Eriksson MA,
Taylor JM, and Zwolak JP (2022b), “Toward robust autotuning of noisy quantum dot devices,”
Phys. Rev. Applied 17 (2), 024069.

Zwanenburg FA, Dzurak AS, Morello A, Simmons MY, Hollenberg LCL, Klimeck G, Rogge S,
Coppersmith SN, and Eriksson MA (2013), “Silicon quantum electronics,” Rev. Mod. Phys. 85
(3), 961-1019.

Zwerver AMJ, Kréhenmann T, Watson TF, Lampert L, George HC, Pillarisetty R, Bojarski SA, Amin
P, Amitonov SV, Boter JM, Caudillo R, Correas-Serrano D, Dehollain JP, Droulers G, Henry EM,
Kotlyar M, vLodari R, Lithi F, Michalak DJ, Mueller BK, Neyens S, Roberts J, Samkharadze
N, Zheng G, Zietz OK, Scappucci G, Veldhorst M, Vandersypen LMK, and Clarke JS (2022),
“Qubits made by advanced semiconductor manufacturing,” Nat. Electron. 5 (3), 184-190.

Zwolak JP, Kalantre SS, McJunkin T, Weber BJ, and Taylor JM (2020a), “Ray-based classification
framework for high-dimensional data,” in Third Workshop on Machine Learning and the
Physical Sciences (NeurlPS 2020) (Vancouver, Canada) pp. 1-7, arXiv:2010.00500.

Zwolak JP, Kalantre SS, Wu X, Ragole S, and Taylor JM (2018), “QFlow lite dataset: A machine-
learning approach to the charge states in quantum dot experiments,” PLoS ONE 13 (10),
€0205844. [PubMed: 30332463]

Zwolak JP, McJunkin T, Kalantre SS, Dodson JP, MacQuarrie ER, Savage DE, Lagally MG,
Coppersmith SN, Eriksson MA, and Taylor JM (2020b), “Autotuning of double-dot devices
in situ with machine learning,” Phys. Rev. Applied 13 (3), 034075.

Zwolak JP, McJunkin T, Kalantre SS, Neyens SF, MacQuarrie ER, Eriksson MA, and Taylor JM
(2021), “Ray-based framework for state identification in quantum dot devices,” PRX Quantum 2
(2), 020335.

Rev Mod Phys. Author manuscript; available in PMC 2023 April 11.



1duosnue Joyiny 1SIN 1duosnue Joyiny 1SIN

1duosnuey Joyiny 1SIN

Zwolak and Taylor Page 34

Toolbox -
control

—_— >
Fermi-Hubbard
description « Set (', 3, l’)
e Check (V, U)

® Measure (n, 1,0, 0,0,,.)
i it Ti041.

FIG. 1.
Left image: electron micrograph of a gate-defined triple-QD array in GaAs. The bottom

three dashed circles indicate the qubit QD array, while the single dashed circle with an arrow
indicates the sensing QD channel. Right panel: the goal of tuning QD devices, which is
setting a desired Hamiltonian through the efficient control of voltages applied to all gates

to enable fine control of QD qubits. The final form maps to variants of the Hubbard model,
where the parameters of detuning, charge interaction, and tunneling are all controlled by
gate voltages. Adapted from Hensgens et a/. (2017).
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FIG. 2.
False-color SEM of a Si/SiGe quadruple-QD device. This gate architecture is used as an

example when we discuss the autotuning process. All gates and voltage sources are labeled
with standard names: screening (.S), reservoir (/), plunger (A), barrier (8), and Ohmic
contact (O). The upper channel of this device with two QDs and a central Ohmic contact
enables each to be used as a charge sensor for the lower channel QDs. Adapted from
McJunkin (2021).
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Autotuning flow. (a) Sample plots used in the bootstrapping phase described in Sec. l1I.A;
see Fig. 2 for a SEM of a device showing the gate nomenclature. (i) Pinch-off measurement
of the QD current O;, where 7= 2, 4 (left panel) and the numerical derivative of the
measurement (right panel) for the central screening gate S, used to divide the 2DEG into
two half planes. Current through both the qubit and sensor side of the QD system is
measured as the gate is swept to negative voltages. (ii) Example of a triangle plot of the
qubit QD channel. The large rectangular regions to the right and at the top represent current
flow underneath two screening gates. (iii) A series of pinch-off curves for finger gates
showing Coulomb blockade oscillations. (iv) The so-called wall-wall plot in the space of the
two barriers defining the sensor. From McJunkin (2021). (b) Visualization of a state tuning
run in the space of two plunger gates, with the arrows and the color intensity indicating the
progress of the autotuner. From Zwolak et a/. (2020b). (c) Sketch of a possible path (red
line) connecting the (0, 0) and the (3, 2) charge state. From Durrer et al. (2020). (d) Top
panel: charge stability diagram in the space of virtual gates with a red dotted line indicating
the interdot detuning axis. Bottom panel: excess charge extracted from a fit to the sensing
QD signal as a function of detuning along the dotted line for three different &3. From Hsiao

et al. (2020).
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FIG. 4.
Visualization of the coarse-tuning loop. The data processing step introduced by Zwolak et al.

(2020b) is replaced by the data quality control module (DQC; step 2). The DQC is followed
by state assessment and optimization for a high-quality scan; additional data analysis and
targeted device recalibration for a moderate-quality scan; or the autotuning loop termination
for a low-quality class. Adapted from Zwolak et a/. (2020b) and Ziegler et al. (2022b).
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FIG.5.
(a) Gate arrangement of the device in GaAs used to test the tuning proposal. (b) Sample

charge stability diagram characterized as a good double-QD regime. The ranges to measure
the 2D scan are determined based on the individual gate characterization. The resulting
scan is segmented into 0.05V x 0.05V regions, which are then classified by three binary
classifiers to asses the type and quality of the QD regime. Adapted from Darulova et al.
(2020).
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(a) Processed charge sensor (CS) signal for six evenly distributed rays originating from a
fixed point x, in a double-QD state. In each scan, the position of a transition line nearest

to point x, (that is, the “critical feature” along a given ray) is marked with a dot. (b)
Distribution of rays overlaying a 2D measured scan. (c) Visualization of the ray-based

finger-printing framework. A vector of critical features is processed to produce a “point
fingerprint”#, . This is then analyzed using a DNN classifier, resulting in a predicted state

vector p(x,) quantifying the current state of the device at the point x,. Adapted from Zwolak

et al. (2021).
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FIG. 7.
(@) A micrograph (top image) and a schematic (bottom image) of a foundry-fabricated

silicon QD device used to test the algorithm for polytope estimation. The two red dots
indicate gates used to form the qubit QDs, and the black dot represents the sensor QD. From
Ansaloni et al. (2020). (b) Two-dimensional map of the sensor signal as a function of the
control voltages V4 and V5 illustrating the convex polytope of the device shown in (a), with
yellow pixels indicating the (1, 1) state. The algorithm proposed estimates state transitions
to other states (red lines) based on a number of point pairs (x*, x°) (blue and orange dots)
obtained via ray-based measurements. From Krause et al. (2022).
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FIG. 8.
(a) Visualization of the cross-capacitance matrix for a device shown in Fig. 1. The entries of

each row show how the virtual plunger value (and hence the electrochemical potential) of a
QD is influenced by other gate voltages. The rows for virtual barrier gates are omitted for
simplicity. Gates defining the sensing QD (P}, B;, and B) are also included. Adapted from
Hensgens (2018). (b) Charge stability diagram of a double QD in the single-electron regime
recorded as a function of the virtual plungers P, and P.. (c) Charge stability diagram of the
same double QD in the physical gates space: the gradient of the charge sensor response (in
arbitrary units) as a function of the plunger gate voltages 7 and P;. From Volk et a/. (2019).
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FIG. 9.
(a) Sample raw measurement data (b) Outcome of the ML-based pixel classifier for a

sample 2D scan capturing a double-QD region. The data were acquired using a Si/Si,Gej-y
quadruple-QD device identical to the one shown in Fig. 2. The pixels in the original 2D scan
are classified as no, left, central, or right transition (NT, LT, CT, or RT, respectively) or a
polarization line (PL). From Ziegler et al. (2023).
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FIG. 10.
(@) Visualization of the patch shifting algorithm on two stability diagrams. The red grid

indicates the starting points (see also Sec.111.B), the shifting path toward the empty reference
point is shown in gray, and green denotes the shifting path toward the single-electron
regime, with the green cross indicating the final position. After detecting the transition line
from the empty reference point, a jump to the lower right is performed to ensure that one
ends up in the single-electron regime. From Czischek et al. (2022). (b) Sample double-QD
charge stability diagram showing three good matches to the reference crossings of a charge
transition lines template (inset), which are marked with purple circles. The occupancy of
each QD is denoted by (1, m) and indicates the number of electrons in the left and right
QDs, respectively. The single-electron regime is found by verifying that no other charge
transition lines are observed for more negative gate voltages with respect to the most
bottom-left detected cross (green regions). From Baart ef a/. (2016). (c) Visualization of two
successful runs of the ML-driven autotuner for tuning from a (0, 0) to a (2, 1) state. The
boxes in black denote the patches used to determine the position of a next scan. From Durrer
et al. (2020).
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FIG. 11.
(a) Electron micrograph of a quadruple-QD array in GaAs. (b) Schematics illustrating the

influence of changes in virtual gates on the potential landscape of a quadruple QD. The
gray area denotes the original landscape, the blue dashed line indicates the landscape when
virtual gates are defined as proposed by Hensgens (2018), and the red dashed line indicates
the landscape when virtual gates also compensate for the crosstalk on tunnel couplings. As
can be seen, although B, keeps the QD potentials fixed while controlling the interdot tunnel
coupling &3, it also influences £, and #4. In contrast, B,, does not affect the other two
interdot tunnel couplings. From Hsiao et a/. (2020).
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