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Abstract

This study presents a machine learning-based procedure to automate the charge tuning of
semiconductor spin qubits with minimal human intervention, addressing one of the significant
challenges in scaling up quantum dot technologies. This method exploits artificial neural networks
to identify noisy transition lines in stability diagrams, guiding a robust exploration strategy
leveraging neural network uncertainty estimations. Tested across three distinct offline
experimental datasets representing different single-quantum-dot technologies, this approach
achieves a tuning success rate of over 99% in optimal cases, where more than 10% of the success is
directly attributable to uncertainty exploitation. The challenging constraints of small training sets
containing high diagram-to-diagram variability allowed us to evaluate the capabilities and limits of
the proposed procedure.

1. Introduction

Multiple quantum computing technologies compete to outperform classical computers for practical
applications, yet the journey toward achieving this objective is fraught with considerable technical challenges.
This article specifically studies quantum systems based on semiconductor spin qubits [1-4] formed by
electrostatically confining electrons in quantum dots (QDs). This technology presents several advantages,
such as high gate fidelities [5-9], long coherence times [10, 11], thermal robustness at temperatures greater
than one kelvin [12] and compatibility with well-established metal-oxide-semiconductor (CMOS)
technologies [13—15]. This compatibility further amplifies scalability potential and enables co-integration
with industrial electronics [16, 17]. However, QD technology is still in an early stage of development, and the
best materials [18, 19], fabrication techniques, use cases, and control procedures are yet to be discovered.
One bottleneck in the large-scale implementation of quantum computers based on QDs is the complexity
of charge tuning: one of the preliminary tasks required to set up a qubit. This tuning task confines a specific
number of charge carriers in one or multiple QDs using the information provided by indirect measurements,
which is typically obtained by tuning the voltages at two control gates (G1 and G2 in figure 1). The results of
voltage sweeping can be visualized as two-dimensional images termed stability diagrams (examples in
figures 2(a)—(c), where pixels encode the current measured using single-electron transistor (SET) [20] or
quantum point contact (QPC) [21]. One could then identify the transition lines (highlighted with green lines
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in figures 2(d)—(f) that represent a change in the number of charge carriers inside the QD. Given the
knowledge that electron-based QDs are empty at low gate voltages, it is possible to deduce the number of
charges for each area in the voltage space (blue areas in figures 2(d)—(f)).

However, the task is challenging to automate because the stability diagram parameter space is vast, noisy,
and device-dependent. For this reason, the number of charges inside the QD is usually tuned manually by
experimentalists based on informed guesses and human heuristics. While this approach is sufficient for small
proof-of-concept studies in research laboratories, it is incompatible with large-scale industrial applications.
Moreover, measuring a large area of a stability diagram could take hours, which significantly slows down QD
initialization, especially since it often requires iterative measurements. One could attempt to automate the
tuning procedure using classical algorithms and human expertise [22], but this approach still requires
human involvement and is tailored to specific hardware. Thus, it does not satisfy the requirements for scaling
up the technology or accelerating the development of new designs.

Recent studies [23, 24] have suggested automating the tuning procedure using machine learning (ML)
approach with artificial deep neural networks (NNs) [25]. These methods have shown promising results but
are not yet reliable enough to consider fully autonomous large-scale QD control. The relatively high failure
rate of these ML approaches (25% [23] for single-QD and 43% [24] for double-QD charge tuning) could be
attributed to (i) the overconfidence of the model while facing ambiguous, out-of-distribution, too small, or
noisy measurements and (i) the low error tolerance of the exploration strategy. For example, one transition
line misdetection will often lead to the failure of the entire charge tuning procedure. In the context of coarse
tuning, [26] addressed a similar issue by first training a NN to evaluate the measurement quality before
sending it to a second NN to infer the class. [27] combined this method with custom peak-finding
techniques to tune offline double QDs into a specific charge regime with an accuracy of 89.7%. Here, we
chose a more versatile approach by training a single NN to detect the transition lines and providing a
classification confidence score at the same time. One could also improve the performance of ML models by
using more parameters and a larger dataset, but a very large model could be challenging to integrate near the
tuned devices, and the high cost of collecting more diagrams is prohibitive. Even so, ML models never
provide the guarantee of perfect accuracy.

This study introduces a hardware-agnostic autotuning procedure that leverages NN uncertainty to
significantly enhance the robustness of semiconductor spin qubit charge tuning with minimal human
intervention. This is achieved by training NN to identify transition lines in a stability diagram using
supervised learning, coupled with an exploration strategy incorporating the NN’s predictions and confidence
score (measure of uncertainty). We considered two methods to estimate the confidence score of the NNs: one
with a heuristic from classical NNs and one using the Bayesian framework applied to NNs [28, 29]. These
two methods have been evaluated based on their concrete ability to reduce the critical failure rate during the
autotuning procedure across three different experimental offline datasets measured using different
single-QD hardware.

2. Problem definition

2.1. Project scope

Before using QDs as qubits to perform operations, each QD must be tuned to a specific charge state by
applying appropriate gate voltages. The complete calibration procedure can be divided into five distinct
steps: (i) bootstrapping: cooling the device and bringing its regime into the appropriate parameter range; (ii)
coarse tuning [26, 27, 30-35]: tuning the QDs to a specific topology (e.g. single QD, double QD); (iii)
establishing controllability [27, 30, 36, 37]: setting up virtual gates that compensate for capacitive cross-talk;
(iv) charge state tuning [23, 24, 27, 38]: tuning the QDs to a specific charge configuration (number of
electrons in our case); (v) fine-tuning [30, 39]: adjusting the inter-dot tunnel coupling. For a more detailed
description of these steps, refer to [40]. Performing these tasks quickly and reliably is one of the technical
challenges preventing the scale-up of the number of qubits in QD-based quantum computers.

This work focuses on automating the task of charge state tuning (iv). We assume the system is
bootstrapped (i) and the voltage range contains a single QD (ii). However, our method does not require
setting up virtual gates (iii), since we opted for a flexible approach by detecting the slope of the transition
lines during the procedure.

2.2. Problem frame and constraints

We framed the problem of charge state tuning as an exploration task, where each step consists of detecting
charge transition lines in the measurement of a voltage space subsection. The ultimate goal is to reach a
specific charge regime while minimizing the exploration cost. In this case, the cost is the measurement time,
which is directly affected by the number of steps and the size of the subsection measured. This approach
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(a) Device silicon split gate (b) Device gallium arsenide (c) Device silicon overlapping gate
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Figure 1. QD devices used to measure the stability diagrams. (a)—(c) Scanning electron microscope (SEM) images of experimental
devices. A single QD can be created by tuning electrostatic gates 1 (G1) and 2 (G2) to appropriate voltages. (a) G2 controls the
electronic density of an electron reservoir (R), and the single-electron transistor (SET) is used as a charge sensor. See [41] for
experimental details. (b) The tunnel barriers labeled B1 and B2 are set to a fixed voltage, as well as gate 3 (G3), which is required
for more than one QD only. The quantum point contact (QPC) is used as a charge sensor. See [42] for experimental details. (c)
G1 and G4 are tunnel barriers. The voltages at G3, G4, and R are fixed to allow for single-QD formation under G2 and an
extended reservoir. The SET is used as a charge sensor. See [15] for experimental details. (d)—(f) Energy diagrams representing the
formation of a single QD for each device.

allows us to break down the problem into two distinct tasks: transition line detection (section 3) and the
diagram exploration strategy (section 4).

To uphold the robustness and adaptability of our methodology, we consciously minimized the utilization
of preprocessing techniques while maintaining a relatively simple NN model. This decision was grounded in
the ultimate objective of implementing this solution in custom electronics inside the cryogenic environment
of a dilution refrigerator to perform in situ online tuning. The computational constraints and the need for a
streamlined process inherent to this environment necessitate a careful balance between model complexity
and operational energy efficiency. To evaluate the efficacy of our approach across various QD designs, we
tested our method on three distinct datasets, each obtained from a different hardware and research group.
This ensures that our solution is not tailored specifically to one quantum device but can be applied to a wide
range of QD-based spin qubit hardware.

2.3. Datasets
We tested our approach on offline experimental measurements obtained from three different QD device
architectures across distinct experimental setups. The first dataset, referred to as silicon split gate
(Si-SG-QD) [41], contains 17 stability diagrams (figure 2(a)) measured from devices fabricated with
metal-oxide-semiconductor (MOS) single-layer architecture (figure 1(a)). The second dataset, referred to as
gallium arsenide(GaAs-QD) [42], is composed of 9 stability diagrams (figure 2(b)) obtained by measuring
the current of a device fabricated with a GaAs/AlGaAs heterostructure (figure 1(b)). The third and last
dataset, referred to as silicon overlapping gate (Si-OG-QD) [15], includes 12 stability diagrams (figure 2(c))
measured from devices fabricated with MOS stacked-layer architecture (figure 1(c)). The diagrams for the
first and third datasets are measured using SET, while the ones for the second dataset are measured using a
QPC. The measurements are two-dimensional stability diagrams represented as images, where the x- and
y-axes correspond to the voltages applied to gates G1 and G2, respectively. If more than two gates are
available in the experimental setup, the other ones are fixed to a voltage compatible with a single-QD regime.
Using simulated stability diagrams could increase the size of the training set [34, 43], but at the cost of a
distribution shift between the training and testing sets, which could harm the quality of uncertainty
quantification. We therefore chose to rely exclusively on experimental data. We also minimized measurement
preprocessing to ensure compatibility with future in situ online implementation of this autotuning method.
Only input normalization was applied to the measured patch before being sent to the classification model.
See supplementary section S1 for detailed information regarding dataset preparation and diagram selection.
Each dataset features different defects, noise, and transition line patterns, creating a large variety of
challenges for the autotuning procedure. The diagrams from Si-SG-QD present strong oscillating
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Dataset 1: Si-SG-QD Dataset 2: GaAs-QD Dataset 3: Si-OG-QD
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Figure 2. Example of one stability diagram from each dataset. (a)—(c) Representation of the stability diagrams as images, where
pixels encode the measured current for given voltage values at the gates (G1 and G2). (d)—(f) Same diagrams with manual
annotations of transition lines in green and charge regime areas in blue. The regions with more than 3 charges are grouped under
the annotation ‘44’ A voltage area not annotated with a charge regime due to fading lines or ambiguous boundaries is considered
an ‘unknown charge regime’. More examples can be found in supplementary section S1.6.

background noise caused by the cross-capacitance effects of G1 and G2 acting on the SET, which can be hard
to differentiate from the transition lines (see diagonal parasitic oscillations in figure 2(a). Therefore, the most
challenging part of tuning such devices is reliably detecting the lines, especially in low- and high-current
areas. The challenge is entirely different for diagrams from the GaAs-QD dataset, where the transition lines
are usually easy to identify but can fade (see first line in figure 2(b) and curve unexpectedly. This specificity
moves the challenge to the exploration task, where missing a fading line can lead to a wrong number of
charges in the QD. Finally, the diagrams from Si-OG-QD present a peculiar hysteresis noise when the
reservoir tunneling rate is slower than the voltage sweeping speed (see top left in figure 2(c), which must be
correctly classified by the model and taken into account by the exploration strategy. supplementary

section S1.6 presents a diagram sample of each dataset. All measurement files used to generate the diagrams
in the present study can be downloaded from [44].

3. Line detection

3.1. Methods

The first part of the procedure consists of automatically detecting charge transition lines in subsections of
offline experimental stability diagrams (figure 3). An image segmentation model [45, 46] could identify lines,
but it would require scanning large diagram sections, which is expected to slow down the autotuning process.
To relax the input size requirement and reduce the model’s complexity, we address this problem as a
supervised binary classification task (‘line’ or ‘no-line’). The choice of a NN rather than alternative statistical
methods [47-50] is firstly driven by the goal of designing a hardware-agnostic method that can adapt to the
rapidly evolving QD research field. ML algorithms can automatically adjust to new data features, such as a
new artifact caused by a novel measurement setup or new transition line patterns induced by a change in the
QD hardware design. NN methods also have the potential to employ transfer learning methods [51] to
facilitate swift adaptation of the model to newly introduced devices. Furthermore, NNs have demonstrated
outstanding performance in detecting patterns within images and filtering various types of noise, especially
convolutional neural networks (CNNs) [52-55]. Therefore, they are well suited for detecting lines within
images, such as transition lines in two-dimensional stability diagrams. Finally, NNs are known to maintain
good scalability [56] with respect to problem size and complexity; a crucial characteristic as we aim to
develop a solution that is compatible with large arrays of QDs.
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Figure 3. Automatic transition line detection using a Bayesian convolutional neural network (BCNN) in a stability diagram. (a) A
subsection (patch) of the voltage space is measured. This diagram presents strong oscillating background noise that should not be
misinterpreted as a transition line. (b) To train the model, each patch is categorized as ‘line’ if a transition line annotation
intersects with the detection area (in pink) in the center of the patch. Otherwise, the patch is categorized as ‘no-line’. (c) The patch
is then sent as input to a model, where a forward pass propagates the information through convolutional and fully connected
layers. In this example, a BCNN is represented, where each parameter is encoded as a Gaussian distribution.

For this classification problem, we evaluated the performance of three NN architectures: CNNs, Bayesian
convolutional neural networks (BCNNs), and feed-forward neural networks (FFs). CNNs are known for
their effectiveness in image classification tasks [54] and they provide a good tradeoff between complexity and
performance. BCNNSs are expected to offer robust uncertainty estimations [57, 58], which can be beneficial
for improving the reliability of automatic charge-tuning procedures. BCNNs implement the variational
inference [59, 60] method with the Bayes-by-Backprop [61] learning rule. Meanwhile, the simpler FF is a
reference for comparison with the more complex CNN and BCNN models.

All NNs presented in this article are fed with the same inputs and have comparable binary outputs. The
model input is a small subsection of the voltage space (also referred to as a patch), where pixels represent the
measured current values. The patch size is fixed to 18 x 18 data points as an empirical tradeoff between
measurement speed and model accuracy. The patches are generated by splitting the diagrams into evenly
spaced squares and then distributing them into training, validation, and test sets, where the test patches are
extracted from a unique diagram excluded from the training set, and the other patches are randomly
distributed between the training (90%) and validation (10%) sets. Each patch is automatically classified as
‘line’ if an annotation of the transition line intersects with the detection area in its center (figure 3(b)). This
labeling approach provides more context to the NN while keeping the classification window narrow enough
to fit between two transition lines.

The most basic NN used here is the FF, which propagates the input through two fully connected layers.
The CNN extends this model by adding two convolution layers before the fully connected layers. The BCNN
architecture is identical to the CNN, with each free parameter (weights and biases) encoded as a Gaussian
distribution, defined by a mean and a variance (figure 3(c)). Each model is trained to infer the patch class as
a binary output and express the uncertainty of this classification as a confidence percentage. More technical
details about data processing, manual diagram annotation, automatic patch labeling, and NN
meta-parameters can be found in supplementary sections S1 and S2.

Introducing a confidence score into our model provides an additional layer of information about the
model’s predictions. We leverage this information at the exploration level to significantly reduce the impact
of misclassifications, which are usually responsible for disrupting the autotuning procedure. We distinguish
between three types of uncertainties [62, 63]:
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1. Model uncertainty (also known as epistemic or systemic uncertainty) arises from a lack of knowledge due
to imperfect training. In the context of transition line detection, this could be due to non-optimal
meta-parameters or a low number of training diagrams. This type of uncertainty can be reduced as the
model is exposed to more data, highlighting the importance of a comprehensive training process. In
practice, the size of the training set is restrained by the acquisition cost of the experimental stability
diagrams.

2. Data uncertainty (also known as aleatoric or statistical uncertainty), on the other hand, is associated with
the inherently stochastic nature of the tested data. For the line classification task, this could result from
variability in measurement tools, fabrication imperfections, or cross-talk, among other factors. These
factors are often out of the experimentalist’s control.

3. Finally, distributional uncertainty arises from an inadequate representation of the test set within the
training set. In the context of line classification, this can occur when the stability diagram used for testing
presents noise or features that are not present in the training set. Not using synthetic data helps us
mitigate this type of uncertainty, but diagram-to-diagram variability is a source of distributional
uncertainty that can never be entirely avoided.

The computation of the confidence score is handled differently between standard (CNN or FF) and
Bayesian NNs. For a standard NN, we employ a simple heuristic score we employ a simple heuristic score
formula (1) to estimate uncertainty based on the distance between the output y of the NN and the closest
class [64, 65]. This estimation is based on the probabilistic interpretation [66] of the cross-entropy
function [67] used to optimize the model. In the case of BCNNs, we use the variational inference [60, 62]
approach by computing the normalized standard deviation o based on N repeated inferences with newly
sampled parameters (Formula 2). Both formulas are trivial in the case of binary classification with one
output neuron, but they can be generalized to multi-class problems [64]

Heuristic confidence score = 0.5 — y| x 2 (1)

Bayesian confidence score =1 — o (y1,)2,...,¥N) X 2. (2)

In addition, we performed a calibration step to optimize the exploration—exploitation tradeoff [68, 69].
NN are typically calibrated using regularization methods during training or by empirically scaling
individual bins of the reliability diagram after training [62, 70-72] to ensure that the confidence score is a
good approximation of the actual probability of correctness. For example, among all classifications rated
with 80% confidence, 20% of them are expected to be incorrect. In our case, the validation set does not
consistently cover the range of confidence scores due to the low number of classification errors in some cases
(e.g. the middle panel of supplementary figure S6(b)). This constraint makes the computation of calibration
metrics unreliable, specifically for bin-based approaches. We worked around this problem by calibrating the
confidence thresholds instead of the model confidence scores. The threshold defines the confidence value
under which the classification will be considered too uncertain to be trusted during stability diagram
exploration. After each training, the threshold value is optimized by minimizing the score defined in
Formula 3 through a grid search on the validation set. The goal is to find an optimal tradeoff between the
number of errors above the threshold (Err) and the total number of samples under the threshold (UT),
where 7 is a meta-parameter that defines the target ratio (fixed to 0.2 in this study). This approach relaxes the
requirement regarding the number of calibration samples while maintaining the practical functionality of
the confidence score. More details about the calibration process can be found in supplementary section §2.2

Threshold score = Err + UT X 7. (3)

3.2. Results
With appropriate meta-parameters (supplementary table S2), the line classification task reached more than
90% accuracy on every dataset and model combination (table 1). The most significant performance
difference between the NN architectures is visible for the Si-SG-QD dataset, where convolution layers are
necessary to filter the oscillating parasitic background. For the GaAs-QD and Si-OG-QD datasets, the
benefits of the convolution are less evident, since the measurement noise is lower and the transition lines are
often clearly visible. For all the datasets, the classification performance of the Bayesian CNN is close to that of
their classical counterparts, but the additional complexity of the Bayesian layers slows down the training by a
factor of 4 on average. No overfitting was observed during training (supplementary figure S5), suggesting
that the dropout of the classical layers and the Bayesian layers both act as efficient regularization methods.

A qualitative analysis of the misclassified patch samples (figure 4 and supplementary section S2.3)
suggests that we approach an optimal classification rate for each dataset, even if the model accuracy never
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Table 1. Line detection results for each dataset and model. The performances are averaged over 10 runs using different random seeds.
The standard deviation of the run performances represents the variability of the methods. Each run is a cross-validation across every
diagram of the dataset. The best test accuracy scores of each dataset are highlighted in bold. The equivalent table without
cross-validation is available in supplementary table S4.

Error reduction Rate below

Dataset Model Accuracy Accuracy above using threshold threshold
BCNN 96.9% 4+ 0.1 99.3% £ 0.1 78.8% + 3.0 4.8% 4+ 0.4
Si-SG-QD CNN 96.9% £+ 0.1 99.4% + 0.1 82.4% £ 2.7 4.9% £+ 0.5
FF 90.4% £+ 1.1 99.3% £ 0.1 90.8% £ 1.3 22.3% £ 1.3
BCNN 93.3% £ 0.5 96.2% £ 0.4 48.5% £+ 6.8 9.5% £ 1.1
GaAs-QD CNN 94.6% £ 0.2 97.4% £ 0.2 59.6% £ 4.3 8.4% £ 0.8
FF 93.1% £+ 0.2 96.5% £+ 0.4 57.5% + 5.9 9.4% £+ 1.6
BCNN 92.5% £+ 0.4 96.9% £ 0.3 56.8% £ 3.2 10.6% £ 0.7
Si-OG-QD CNN 90.7% £ 0.3 98.1% + 0.2 77.8% £ 1.9 16.2% £+ 0.5
FF 90.8% =+ 0.2 97.9% £+ 0.1 77.8% £ 1.0 17.0% £+ 0.5
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Figure 4. (a) Example of a stability diagram from the Si-OG-QD dataset. This specific diagram presents a parasitic line in the
low-voltage area. (b) The same stability diagram is divided into patches classified using CNN trained using cross-validation [73]
(supplementary figure S4). The color gradient of the patches represents the model uncertainty, where 0.5 is the lowest confidence
score according to formula 1. The confidence score is lower in low-contrast areas, around the parasitic line, and near transition
lines (due to possible intersection ambiguity between the line labels and the detection area of the patch). (c) The same stability
diagram after the application of the confidence threshold. Most errors are avoided, except for the end of a few fading lines and
some line sections in the low-current area at the top of the diagram. The ‘soft errors’ represent misclassifications near a line,
which are not expected to induce tuning errors.

reaches 100%. The remaining errors are often caused by ambiguous inputs that would be hard to classify at
the patch scale, even by a human expert. The most common causes of misclassification are as follows: (7)
ambiguous labeling (a fading line or a line annotation near the detection area), (ii) annotation errors
(position inaccuracy or human error), and (i) strong noise at the patch location. The proportion of
ambiguous patches varies between the datasets, which explains why the average line classification accuracy
differs. The transition lines from GaAs-QD and Si-OG-QD can be irregular and fading (94.4% and 92.5%
accuracy with the best models, respectively), while the Si-SG-QD lines are straight and more predictable,
simplifying patch classification (96.9% accuracy with the CNN). The most challenging errors to address are
the ones related to out-of-distribution issues caused by features in the test diagram that were missing from
the training set. In an online scenario, this issue could occur if the device we are trying to tune is too different
or if there are physical defects that did not exist in the previous experiments. This problem could be
mitigated by a more diversified training set, a higher QD fabrication quality with less variability, or a reliable
confidence score that correctly expresses the distributional uncertainty.

One can improve the effective model accuracy by excluding model predictions that are below the
confidence threshold. The model outputs can then be interpreted as three-class inferences: ‘line’ (output = 1
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and confidence > threshold), ‘no-line’ (output = 0 and confidence > threshold), and ‘unknown’
(confidence < threshold). On average, across all the datasets and models, this approach decreased the
number of errors by 70%, at the price of 11% of the patches being classified as ‘unknown’ (table 1 and
supplementary figure S7). This method pushes the CNN classification accuracy above 97% for all the
datasets, which allows for robust autotuning procedures. However, we did not observe any benefits of using
the Bayesian confidence score compared to the classical heuristic.

4. Autotuning

4.1. Methods

Now that we have established a high-accuracy line detection method using NNs, we need to define an
exploration strategy that uses model classification and uncertainty to efficiently explore the stability diagram
space until the region of interest can be located. One step of this exploration is a cycle of the following: (i)
patch measurement from a charge sensor on the device (simulated by extracting data from offline diagrams
in this study), (i) line detection using the trained NN, and (iii) deciding the following patch coordinates
based on the exploration policy. The borders of the diagrams constrain the exploration to safe gate voltage
ranges. The number of steps can be seen as a proxy for the relative tuning time, since the measurement is the
longest part of the tuning process by orders of magnitude. The actual duration depends on the number of
data points, the sensor type, and the electronic performance. For example, obtaining an 18 x 18 patch of
Si-SG-QD takes approximately 2 min by measuring the SET current for the 324 points over a range of

36 x 36 mV using a Keysight 34465A multimeter. Although the measurement time can be shortened using
more advanced and integrated equipment, it is likely to remain the limiting factor. Therefore, our
exploration strategy aims to minimize the number of steps while maximizing the tuning success rate.

The typical strategy [23, 24, 27, 38] is to first search for the zero-electron regime, which is characterized
by the absence of transition lines in a large area (bottom-left corners in the diagrams shown in figure 2).
Then, we count the number of transition lines until we reach the desired regime. In the case of one-electron
tuning, the target location will be between the first and second lines. However, this simple exploration
strategy is very susceptible to misclassification or hardware changes.

To make the exploration robust and compatible with most QD technologies, we adapt this exploration
strategy, as illustrated in figure 5 and a video’. This approach can adapt on the fly to different line slopes
(step 2) and spacings (step 3) while checking for any fading lines (step 4). When a patch is classified with a
confidence score below the threshold, we explore the space surrounding it to reduce the risk of critical failure
due to NN misclassification. We validate or refute the presence of a line by taking additional steps in its
supposed direction (see the purple arrow in figure 5(b), step 4) until a patch is classified with high
confidence.

We evaluated this exploration strategy for each diagram that contained the one-electron regime within
the measured voltage range (nine for each dataset). We used a k-fold cross-validation method [73]
(supplementary figure S4) to test our approach on every valid diagram while preventing the inclusion of
testing patches in the training set. This testing method should be close to an online autotuning situation,
where we want to tune a new device based on previous experiments. The tuning success represents the
proportion of final voltage coordinates inside the one-electron regime area out of 50 random starting points
for every diagram in the dataset. The entire experiment is reproduced 10 times using different random seeds
that affect the NN parameter initialization, the training process, and the random starting points. In total,

1.1 x 7 steps were evaluated in 81 000 offline autotuning simulations using 810 independently trained NNs.

4.2, Results

The results for each possible combination of dataset and NN are summarized in table 2, showing the
autotuning success rate with and without leveraging the NN’s confidence score (uncertainty-based). Using
the model uncertainty information consistently reduces the number of tuning failures (—53% on average) at
the price of a few additional steps (+22% on average). The best improvement is observed for the CNN on
Si-SG-QD, where the tuning success rate increased from 88.8% to 99.5% when the autotuning procedure
exploited the confidence score (—95% tuning failures and +8.5% steps).

Surprisingly, the confidence score provided by the Bayesian version of the CNN does not provide a
significant improvement over the simple heuristic obtained using the standard CNN. The average line
detection accuracy is similar for the CNN and BCNN on the Si-SG-QD dataset, and the line detection
performance is slightly better for the BCNN on Si-OG-QD. However, on every dataset, the CNN reaches a
higher tuning success by using the confidence heuristic score (highlighted in bold in table 2). Even in the case

9 Method presentation and animated autotuning examples: https://youtu.be/9pPrgrix900.
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Figure 5. (a) Schematic representation of the patch classification algorithm. The purple box encloses the logic of one exploration
step. (b) Step-by-step example of the autotuning algorithm using the GaAs-QD dataset (complete diagram in figure 2(b). The
arrows represent the direction of the exploration, and the gray area is unmeasured space during the current step. (1) Search the
first line by exploring the voltage space in 4 directions. (2) Estimate the line slope by scanning two sequences of patches in circular
arcs around the first patch with a line. (3) Explore the space perpendicularly to the first line to gather information about the
distance between lines. Stop after reaching 3 times the average distance without detecting a new line at lower voltages. (4) Search
for possible missed lines under the first line by scanning multiple sections where we would expect to find a new line according to
the average line distance and slope estimation. In this example, a fading line is correctly detected at the bottom of the image, but
the low confidence of the model triggers a validation procedure. More scans are then processed on the hypothetical line direction
(purple arrow) until a higher confidence inference validates or invalidates the line’s existence. (5) Deduce the one-electron regime
location based on the leftmost line position, the slope, and the average space between lines (all scans from previous steps are
represented here). The algorithmic details of each step are available in supplementary section S3.1.

Table 2. Autotuning results for each dataset and model, with and without using the model uncertainty information provided by the
confidence score. The line detection accuracy and tuning success variability are computed over 10 runs using different random seeds.
Each run is a cross-validation over every diagram in the dataset. The best tuning success rates for each dataset are highlighted in bold.
The tuning success rates can be compared to the baselines presented in supplementary table S3. The equivalent table without

cross-validation is available in supplementary table S5.

Line detection Uncertainty-based Average step
Dataset Model accuracy tuning number Tuning success
Yes 164 99.2% £ 0.7
BCNN 96.9% £ 0.1 No 148 88.2% +2.3
Yes 165 99.5% =+ 0.7
Si-SG-QD CNN 96.9% £ 0.1 No 152 88.8% £ 2.4
Yes 194 72.4% £ 6.3
FF 90.4% +1.1  No 122 23.9% + 5.4
Yes 104 75.3% + 4.2
BCNN 93.3% + 0.5 No 92 55.9% =+ 3.8
Yes 103 80.6% =+ 3.9
GaAs-QD CNN 94.6% £+ 0.2 No 93 72.4% 2.9
Yes 105 72.8% + 4.5
FF 93.1% £ 0.2 No 92 58.4% £ 3.4
Yes 185 75.2% £ 2.5
BCNN 92.5% £+ 0.4 No 155 66.3% £ 3.4
Yes 193 78.1% £ 1.7
Si-OG-QD CNN 90.7% £+ 0.3 No 150 61.7% £ 3.0
Yes 200 78.0% £ 2.5
FF 90.8% £ 0.2 No 151 59.3% £ 2.4

where the BCNN line detection accuracy is higher (Si-OG-QD), the tuning success benefits more from the
CNN confidence score (416.4% tuning success) than the one from the BCNN (+8.9% tuning success). This
result suggests that the number of critical misclassifications above the confidence threshold is more frequent
with the Bayesian NN’s uncertainty compared to the classical confidence heuristic score.
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The line detection accuracy can provide valuable indications regarding the NN’s performance, but it is
not entirely correlated to the tuning success rate, since some misclassifications are much more harmful than
others during diagram exploration. If a classification error occurs near a line (soft errors in figure 4(c), it will
likely be corrected at the next step. However, an error on a line, or far from it, will likely affect the final tuning
result. For example, if a noisy patch is wrongly classified as a line in the empty regime area, the number of
charge carriers inside the QD will be overestimated by one.

The uncertainty-based autotuning method with convolution models allows for a nearly perfect tuning
success rate (>99%) on the Si-SG-QD dataset. This high performance is attributable to (i) the convolution
layers’ ability to efficiently filter the oscillating background noise, (ii) the exploitation of the model
confidence score to prevent most critical errors, and (iii) the straight transition lines that simplify the
exploration. The line detection task also benefits from the large training set (72 000 patches) and the low
variability between diagram features.

The GaAs-QD and Si-OG-QD datasets present more feature diversity in their diagrams with a smaller
training set, which makes the classification task more challenging. The shape of the transition lines is also less
predictable than the Si-SG-QD dataset, which increases the risk of missing a line or failing to detect its slope
and spacing. The significantly higher tuning performance without cross-validation (supplementary table S5)
suggests that the training sets do not cover the diversity of the stability diagrams. This is well illustrated by
the CNNs on GaAs-QD, where the tuning success rate is improved by 11.6% without cross-validation (92.2%
versus 80.6%). This hypothesis is confirmed by the high variability of the tuning success rates between the
diagrams in these two datasets. The results are very polarized between the diagrams for which the
one-electron regime is found nearly 100% of the time, while some are more complex to tune and exhibit a
very low success rate. A larger or more consistent dataset could reduce the tuning success loss observed with
cross-validation.

Opverall, noise and hardware imperfections are relatively easy to manage for the line detection task but
more challenging to deal with at the diagram scale during exploration. Therefore, the reliability of the
autotuning procedure is mainly affected by the shape and consistency of the transition lines.

5. Discussion

The proposed method can be used to automate the charge tuning of any spin-based semiconductor single
QD using less than 10 annotated stability diagrams for training and some basic prior knowledge of the device
characteristics (expected working range voltage, approximate transition lines slope, and spacing). The
autotuning procedure is resilient to noise and physical imperfections but sensitive to high device-to-device
variability and training dataset quality (number of diagrams and feature coverage). This is well illustrated by
the Si-SG-QD dataset, which features strong noise but consistent diagrams, allowing for a robust autotuning
procedure with only 23 tuning failures over 4500 CNN uncertainty-based tuning simulations. Therefore, this
method, associated with a good fabrication yield, has the potential to enable parallel charge tuning of large
QD arrays, which is currently not practical using a manual approach.

This study demonstrates the benefits of using NN uncertainty to automate the tuning of QDs based on
only partial measurements of the stability diagrams. The confidence score provides valuable information
regarding the model prediction, which can be used to design robust autotuning procedures. However, we did
not see a clear benefit of using a Bayesian NN over a standard one, even though Bayesian models are
specifically designed to provide uncertainty measurements. This behavior could be explained by the
distributional uncertainty being poorly captured by the Bayesian NN [74], which could be the predominant
source of uncertainty when using the cross-validation testing method. Moreover, many approximations [28,
60] are necessary to keep the Bayesian NN training and inference tractable, which could be detrimental to the
overall quality of the model and its coherence with the initial Bayesian framework. Thus, the additional
complexity and computing cost induced by the Bayesian NN is hard to justify when a simpler NN can
provide a more reliable confidence score. In future work, other methods of uncertainty quantification [75]
(e.g. dropout as Bayesian approximation [29] or ensemble learning [76]) and prior selection [77, 78] could
be evaluated to improve the reliability of the confidence score. Bayesian optimization associated with classical
machine learning [79, 80] also appears to be a promising avenue to harness the complexity of quantum
engineering.

While applying quantum computing gates requires more than one QD, we developed and tested our
approach on single-QD datasets as a first step toward robust double- and triple-QD autotuning. Since NNs
are known for their good scalability, we expect this method to be expandable to larger input dimensions
[35, 81] and greater numbers of classes. When the problem’s complexity increases, the benefits of the
confidence score could become even more important.
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To avoid any wiring bottleneck [82] between the fridge and external electronics, this calibration method
could be integrated near the QDs in the 4 K stage of the cryogenic environment. One way to meet this
requirement would be to transfer the trained NN to low-power and cryo-compatible hardware, such as
circuits based on arrays of memristive devices [83—85]. This specialized hardware takes advantage of
in-memory computing [86, 87] to efficiently perform the multiply—accumulate operations [88] required for
NN inference. Therefore, memristor-based systems represent promising candidates to realize scalable
autotuning from inside the fridge with close-loop measurements and minimal disturbance over the QDs.
Future studies should be performed to simulate these hardware implementations and demonstrate real-time
online autotuning using the proposed method.
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