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ABSTRACT: Spin-based semiconductor qubits hold promise for scalable quantum computing, yet they require reliable
autonomous calibration procedures. This study presents an experimental demonstration of online single-dot charge autotuning using
a convolutional neural network integrated into a closed-loop calibration system. The autotuning algorithm explores the gates’ voltage
space to localize charge transition lines, thereby isolating the one-electron regime without human intervention. This exploration
leverages the model’s uncertainty estimation to find the appropriate gate configuration with minimal measurements while reducing
the risk of failures. In 20 experimental runs, our method achieved a success rate of 95% in locating the target electron regime,
highlighting the robustness of this approach against noise and distribution shifts from the offline training set. Each tuning run lasted
an average of 2 h and 9 min, primarily due to the limited speed of the current measurement. This work validates the feasibility of
machine-learning-driven real-time charge autotuning for quantum dot devices, advancing the development toward the control of
large qubit arrays.

KEYWORDS: quantum dot, spin qubit, machine learning, convolutional neural network, scalable quantum computing,
autonomous calibration, charge autotuning

~° can encode quantum A spin qubit is formed by trapping a specific number of

charge carriers within an isolated island (QD) using, for
example, the electrostatic confinement gates of a nanoscale
device (Figure la). Calibrating the QD device to achieve a

Semiconductor spin qubits1

. . . .1 . .
information using the spin-> of a charge carrier, which

can be manipulated using external magnetic fields to perform

quantum computing based on the principles of superposition specific physical state is a complex task that is generally
and entanglement. This technology stands out due to its high approached in a series of sequential steps.’” Initially, the device
gate fidelity,~"> long coherence times,'”'* thermal robust- is cooled, local charge sensing systems are activated, and the
ness,'”~"7 and compatibility with existing complementary voltages of the confinement gates are adjusted to operate

metal-oxide-semiconductor (CMOS) technologies.18_22 within appropriate ranges for data collection.*>** Following

These characteristics make spin qubits excellent candidates

for building scalable quantum computers using already existing Received: October 2, 2024
industrial fabrication methods.”>”*° However, significant Revised:  February 11, 2025
engineering challenges remain, such as improving device Accepted: February 19, 2025
fabrication quality’®™>’ and developing autonomous calibra- Published: February 27, 2025
tion procedures for a large number of quantum dots

(QDS).30’31
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Figure 1. Schematic representation of the experimental setup. A silicon quantum dot (QD) device is cooled in a dilution refrigerator with a base
temperature of 20 mk. The voltages at gates 3 (G3) and 4 (G4) are fixed, while a iTest BE214x controls the voltages at gates 1 (G1) and 2 (G2)
through a Python interface. The scan coordinates are defined by an autonomous closed-loop procedure using a trained convolutional neural
network (CNN) and an exploration strategy algorithm. (a) Scanning electron microscope (SEM) image of a silicon QD device with overlapping
gates, similar to the one used during this experiment. The electrons flow from the reservoir (R) to the QD. See ref 66 for fabrication details. (b)
Energy diagram representing the formation of a single QD in this device. (c) A subsection of the voltage space (referred to as “patch”) was scanned
by sweeping the voltages at gates G1 and G2 and measuring the current using the single-electron transistor (SET) connected to a Keysight 34465A
multimeter. (d) Trained CNN that processed the measured patch through two convolutional layers and two fully connected layers to infer the

presence of a transition line as a binary output.

this, the gate voltage ranges corresponding to a known global
structure (such as single- or double-QD configurations) are
calibrated. This step is usually referred to as coarse
tuning.”®~* Next, optional virtual gates could be established
to compensate for capacitive crosstalk, ensuring precise control
of the individual QDs without unwanted interfer-
nce.” ™% Subsequently, the device gate voltages are
precisely tuned to achieve a specific charge carrier count in
each QD, which in our experiment refers to the number of
electrons in a single QD. This step is usually referred to as
charge state tuning.”>**~>* Finally, the system’s physical
parameters are refined in preparation for quantum computa-
tions. 365557

Performing an efficient and accurate calibration every time
the system is cooled is critical to deploying large-scale QD-
based systems. However, automatizing this process is
challenging due to the sensitivity of the operational parameters,
where each variable can affect others nonlinearly, exponentially
increasing the complexity as the number of tuned devices
grows. Variability in device fabrication adds another layer of
difficulty, as each QD can behave differently, requiring
customized tuning approaches. These devices and the
measurement method are also susceptible to environmental
conditions (e.g, thermal noise and electromagnetic interfer-
ence), adding stochasticity to the measurements.

Recent progress in producing larger arrays of QDs**** has
accelerated the need for robust control procedures. This
challenge has been partially addressed by leveraging machine
learning (ML) models,’** which can be used to tune
quantum devices by automatically navigating through the
large and noisy parameter space. However, ML methods,
especially neural networks (NNs), are sensitive to the
distribution shift*® between the training and testing data and
are well-known for unexpected failures.”” Therefore, it is
necessary to validate any NN-based autotuning method in a
real-world experimental environment.>> However, due to the
scarcity and expense of the hardware required to run such
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experiments, most autotuning demonstrations are performed
offline (i.e., using static prerecorded data). A few studies have
demonstrated online experimental procedures for the first steps
of the autotuning process: bootstrapping,33 coarse tuning,‘w’42
and creating virtual gates.45’46 Baart et al.”® showed an early
demonstration of charge state autotuning using Gabor filters™
and classical optimization algorithms, resulting in a single
successful run after 3 h. Only Schuff et al.®" ran and
benchmarked online experiments that covered the full tuning
procedure. Their method—based on a combination of tree
search, Bayesian optimization, segmentation algorithms, and
NNs—allowed them to reach 77% success over 13 runs for
complete QD tuning. However, each run took an average of 38
h to complete due to the time required to measure large
stability diagrams and the repeated calibration necessary after a
stage failure.

The autotuning algorithm used during the experiment has
been developed and tested offline in a previous study.”’ It
relies on a convolutional neural network (CNN)®*~* trained
to detect charge transition lines in a small section of the
stability diagram. The training is performed in a supervised
manner on a data set®® composed of static measurements made
on similar silicon QD devices. Then, a closed-loop calibration
procedure allows us to find the one-electron regime of a single
QD by following an autonomous exploration strategy that
leverages the CNN inference and uncertainty score. Exploiting
the model's uncertainty improves the robustness of the
autotuning by reducing the risk of critical failures caused by
potential misclassifications®’ compared to classical ML
methods.***

In this experiment, we successfully transfer the above ML-
based charge autotuning method—developed using oftline
measurements—to real-time charge tuning on an experimental
setup. The results confirm that the device-to-device variability
and the resolution shift between the online and offline data do
not negatively affect the line detection performance. We were
also able to measure valuable information regarding the
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(b) Example of a successful online experimental autotuning.

Figure 2. Autonomous exploration strategy. One patch classification step of the algorithm is described in the subfigure (a). Multiple iterations of
this step are represented by the blue and red squares in subfigure (b). In which, the arrows represent the direction of the exploration, and the gray
area represents the unmeasured voltage space for this run. The cyan arrows (1) represent exploration in four directions to search for the first
transition line. The white arrows in (2) represent the slope estimation step, performed by scanning two sections of the first detected line. Finally,
the pink arrows (3) perpendicular to the estimated line slope represent the empty regime search (down) and the line count (up) procedure. A
complete scan of this diagram is given in Figure 3a. See Supplementary Section S4 for more details regarding this autonomous exploration method.

autotuning duration and identify the current measurement as
the time bottleneck.

The charge tuning process is typically guided by a stability
diagram (two-dimensional current—voltage scan presented in
Figure 3a), which is generated based on indirect QD
measurements from a single-electron transistor (SET) for
charge detection while sweeping the gate voltages. The
transition lines (highlighted in green in Figure 3c) inform us
of an electron movement between the reservoir and the QD
(represented in Figure lab). Given the knowledge that the
QD is empty when no lines are visible at low gate voltages, it is
possible to deduce the number of charges for a given position
in the stability diagram (blue areas in Figure 3c). Although
experts can perform manual tuning in small-scale experi-
ments,”* this is too slow and labor-intensive for large-scale
industrial applications utilizing multiple QDs. Automating this
task is necessary but challenging due to the noise induced by
the environment and the measurement electronics, the device-
to-device variability, and the variety of existing hardware
implementations.

The autotuning is approached as an exploration problem,
where we start from a random unknown position in the voltage
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space, gather information about the surroundings by perform-
ing local measurements, and search for the targeted charge
regime. The transition lines guide the exploration by providing
valuable information regarding the number of electrons in the
QD. One exploration step consists of scanning a subsection of
the voltage space (referred to as “patch” and represented in
Figure lc), sending it to the input of a CNN-based line
detection model, and deciding the next area to explore based
on an exploration strategy (see Figure 2). The patch size is
fixed to 18 X 18 data points as a trade-off between the
measurement time (a smaller area is faster to scan) and the line
detection accuracy (a larger area simplifies the line detection).
Due to the noisy nature of the measurements and the small
size of the patch, classical signal processing and pattern
detection methods®”~"" are not robust enough to reliably
detect transition lines.””***»>® We opted for a supervised
classification approach using a deep neural network (DNN),”"
which is known to be the best-performing method for pattern
detection in noisy ima(ores.‘sz_ﬁl"n’73

The line detection and exploration strategy are based on the
autotuning method described in detail by Yon et al’' (see
Supplementary Section S4). Nine stability diagrams, measured

https://doi.org/10.1021/acs.nanolett.4c04889
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Figure 3. Complete scan of the explored stability diagram, processed after the experiment. (a) Representation of a stability diagram as an image,
where pixel values encode the current measured using the single-electron transistor (SET) as a function of the gate voltages applied to the quantum
dot (QD) (see Figure 1). (b) Start and end coordinates of the 20 online experimental autotuning runs. The blue crosses represent the random
starting points of the runs. The green crosses represent the final coordinates of the successful autotuning runs (when the coordinates are inside the
area annotated as a one-electron regime). The red cross represents the end coordinates of the run that did not reach the target regime. (c) Same
diagram with manual annotations of transition lines in green and charge regime areas in blue. The region with four or more charges is annotated as
“4+”. The voltage areas not covered by a charge annotation (due to fading lines) are considered “unknown charge regimes”.

during previous experiments on similar QD devices and
manually annotated, are used to generate a training set of
33,429 patches. Each of these patches is categorized as “line” or
“no-line” depending on whether an annotation of a transition
line intersects with its center. More information on the
diagram annotation and patch labeling is available in
Supplementary Section SI. A CNN (represented in Figure
1d) is then optimized using gradient backpropagation’" to
classify patches in the training set (refer to Supplementary
Section S2 for details on the training methodology).

The trained CNN is transferred to a computer connected to
an iTest BE214x that is capable of controlling the voltage
applied to each gate of the QD device and measuring the SET
current by using a Keysight 3446SA multimeter, as illustrated in
Figure 1. The autotuning algorithm, implemented in Python,l
plays a central role at each step of the exploration by (i)
determining the next patch to measure based on the
exploration strategy, (ii) transferring the voltage sweeping
instructions to the multimeter, (iii) processing the measured
current as a normalized image, and (iv) detecting a transition
line by feeding the measured patch to the CNN input. To
reduce the risk of tuning failures induced by potential patch
misclassifications, each inference is associated with a
confidence score that estimates the model’s uncertainty for a
given input. This score is calculated using a simple distance-
based heuristic’>’® (more information in Supplementary
Section S3). When a patch is classified with a confidence
score below the threshold, a verification procedure is
automatically triggered to validate or refute the presence of a
line in the surrounding area. This uncertainty-based explora-
tion has been demonstrated to significantly improve the tuning
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success rate in offline experiments.”" It is therefore expected to
improve the robustness of autotuning in the case of unexpected
perturbations related to the experimental context.

A silicon QD device with overlapping gat<3566 was installed
and cooled down in a dilution refrigerator with a base
temperature of 20 mK. Once the device was cooled, we
manually configured it in a single-QD state by keeping the
voltages of the confinement gates and unused gates at 0 V,
while applying 3 V to the gates we wanted to accumulate.
These values were determined through standard I-V measure-
ments. We then ran 20 consecutive and independent charge
autotuning procedures.

Each run started at a random location (blue crosses in
Figure 3b) in a voltage range of [—0.25 V, 0.5 V] for gate 1
(G1) (working range for the barrier gate between the QD and
the reservoir, based on pinch-off measurement) and [0 V, 2 V]
for gate 2 (G2) (working range for a single QD based on I-V
charactrisations). Defining bounds on the gates’ voltages was
necessary to maintain the hardware’s integrity and avoid
wasting time on regions incompatible with a single-QD
configuration. However, since the boundary values are
generally consistent across all samples of the same type,
characterization is required only on the first device.

The voltage space was then explored by using iterative patch
measurements within the starting voltage ranges, extended by a
0.1 V margin in all directions to ensure the exploration did not
begin near a boundary. We did not set virtual gates, as the
tuning algorithm was designed to adapt to capacitive crosstalk.
At the end of the experimental runs, we performed a complete
scan of the explored area. The resulting stability diagram
(shown in Figure 3a) was annotated by experts to identify the

https://doi.org/10.1021/acs.nanolett.4c04889
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transition lines and the charge areas (shown in Figure 3c). By
placing the final coordinates of the 20 runs in this figure, we
were able to count the number of times we reached the
targeted one-electron regime.

Positioning the final voltage coordinates in a complete scan
of the explored stability diagram (Figure 3a) allows us to
evaluate which autotuning runs reach the targeted charge
regime. Among the 20 experimental tunings performed, 19
(95%) successfully located the one-electron regime (green
crosses in Figure 3b), while only 1 (5%) autotuning run failed
(red cross in Figure 3b). An analysis of this failure revealed
that it was caused not by patch misclassification but by a
problem in the exploration logic related to the voltage
boundaries. This issue has been fixed in the last version of
the Python implementation. A visual animation of each run is
available in a video.”

Each autotuning run took an average of 2 h and 9 min
(standard deviation: 46 min) and 110 steps (standard
deviation: 38) to complete. For comparison, scanning the
full stability diagram presented in Figure 3a took approximately
7 h. Each step required 324 current measurements to obtain
one patch (for 18 X 18 pixels), taking an average of 67 s using
a Keysight 3446SA multimeter, representing 96% of the process
duration. Thus, data transfer and processing (including the
CNN inference time) represent only a fraction of the tuning
time. The high variability between run durations is attributable
to the variable distance from the random starting point to the
one-electron regime. The individual run statistics are available
in Supplementary Table S3.

Prior offline benchmarks obtained by applying this
autotuning method to similar devices led to a lower tuning
success rate (78%)°" despite the comparable line detection
accuracy of the CNNs. The higher success rate obtained
during this online experiment can be explained by several
factors: (i) Online tuning allows us to precisely select the patch
resolution, while offline diagrams need to be interpolated to
compensate for the nonhomogeneous step size of the voltage
sweeping between measurements (see comparison examples in
Supplementary Section S6). This data processing is detrimen-
tal to measurement quality and could explain some line
detection failures during offline tests. (i) The fixed voltage
range covered by offline diagrams often artificially increases the
tuning difficulty by allowing for the exploration of irrelevant
areas (e.g, beyond the barrier threshold). (iii) Offline
autotuning experiments were performed on data measured
from multiple devices, covering an extensive range of physical
defects and measurement noise. The unique device used in this
online experiment appears to be of good quality (e.g., low
noise, no parasitic dots), providing optimal autotuning
conditions.

This online experiment demonstrates the feasibility of
autonomous real-time tuning based on ML. It validates that
the expected distributional shift between the offline training
data and the online measurements is not detrimental to the
procedure’s performance. On the contrary, the higher success
rate observed in this experiment, compared to previous oftline
benchmarks on similar devices,”’ suggests that the absence of
preprocessing improved the robustness of the autotuning. We
also confirmed that the line detection model and the
exploration strategy were versatile enough to successfully
tune a QD device that was not in the training set.

The relatively slow tuning time (>2 h) does not satisfy the
requirement for practical tuning of a large QD array. However,
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the SET measurement time, identified as the main bottleneck,
could be drastically improved by optimizing the sensing
method and hardware. For example, one could speed up the
measurement time by a factor of 10 by implementing the
measurement sequence on a dedicated processor’’ (e.g, a
field-programmable gate array (FPGA)). This approach would
cut the communication time between the instruments and the
control computer, allowing for faster sweep rates. The radio
frequency reflectometry technique®>’® could also be used to
speed up the charge sensing by measuring the impedance of
the SET sensor at a fixed frequency, enabling single-shot
readouts with only several microseconds of integration time.””
This time can even be reduced to 400 ns with a Josephson
parametric amplifier that also provides a high signal-to-noise
ratio.”” However, the whole measurement pipeline should be
optimized to take advantage of this hardware acceleration,
including data transfer, latency, and processing time. On the
other hand, it is possible to limit the effect of this measurement
bottleneck with a software approach; for example, by
optimizing the meta-parameters (Supplementary Tables S1
and S2) in a way that reduces the number of measured points
(e.g, smaller patches and a larger voltage distance between
pixels) and reducing the number of steps (e.g, higher
confidence threshold and smaller voltage boundaries). Finally,
improving the fabrication processes of the QD chip is likely to
reduce device-to-device variability, which will directly improve
the autotuning robustness and reduce the number of steps by
narrowing the voltage ranges to explore.

Further optimization can be achieved by moving the control
electronics (represented in the right panel of Figure 1) to the
cryogenic environment inside the dilution refrigerator. Bring-
ing the control electronics closer to the tuned device, either by
cointegrating them with the QD chip***® or with additional
nearby electronics, can reduce the parasitic capacitance added
to the current measurements and allow for the control of large-
scale arrays of QDs by circumventing the wiring bottleneck®
between the QD devices and the control electronics. However,
this in situ autotuning scheme requires the development of
cryo-compatible and low-power custom electronics.”*' ™
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Data Availability Statement

The Python source code used to aggregate and build the data
set is publicly accessible on GitHub: https://github.com/3it-
inpaqt/qdsd-dataset. The Python source code used to run all
the experiments presented in this article is publicly accessible
on GitHub: https://github.com/3it-inpaqt/dot-calibration-v2.
The raw and processed stability diagram measurements used to
train the line detection model for this ex;aeriment are publicly
available for download from Yon et al.”> The subset used to
train the models in this paper is referred to as silicon
overlapping gates quantum dot (Si-OG-QD). All trained
models, experimental measurements, and results presented in
this article are publicly available for download from Yon et al.*®
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