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Machine-learned tuning of artificial Kitaev chains from tunneling spectroscopy measurements
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We demonstrate reliable machine-learned tuning of quantum-dot-based artificial Kitaev chains to Majorana
sweet spots, using the covariance matrix adaptation algorithm. We show that a loss function based on local
tunneling spectroscopy features of a chain with two additional sensor dots added at its ends provides a reliable
metric to navigate parameter space and find points where crossed Andreev reflection and elastic cotunneling
between neighboring sites balance in such a way to yield near-zero-energy modes with very high Majorana
quality. We simulate tuning of two- and three-site Kitaev chains, where the loss function is found from
calculating the low-energy spectrum of a model Hamiltonian that includes Coulomb interactions and finite
Zeeman splitting. In both cases, the algorithm consistently converges towards high-quality sweet spots. Since
tunneling spectroscopy provides one global metric for tuning all on-site potentials simultaneously, this presents
a promising way towards tuning longer Kitaev chains, which are required for achieving topological protection

of the Majorana modes.
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I. INTRODUCTION

Realization and control of Majorana bound states (MBSs),
which remain much sought after due to their nonlocal
and topological nature, are a topic of intense study within
condensed-matter physics [1-6]. The simple Kitaev model
gives one example of a topological material where MBSs can
be found [7], and recreating the ingredients of the Kitaev
model with engineered hybrid devices is a very promis-
ing avenue in this pursuit [8]. While a lot of work has
focused on making artificial chains using semiconductor
nanowires proximitized by superconductors [9-16], device
imperfections, such as material disorder, seem currently to
be a major challenge for further progress in this direction
[17-29].

An alternative is to rather use arrays of alternating normal
and proximitized quantum dots to build an artificial Kitaev
chain, which could circumvent some of the material dis-
order issues [30-37]. Signatures of so-called “Poor Man’s
Majoranas” (PMMs), which are nonlocal but lack topological
protection, have been demonstrated in a two-site minimal
artificial Kitaev chain [38—40]. An important challenge faced
in this field is to make and tune devices that are long enough
that they can host topologically protected Majoranas [30]. Re-
cent progress along these lines includes control over three-site
devices [41] and the observation of signatures of tuning to a
Majorana sweet spot in three-site devices [42].
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To tune these artificial Kitaev chains to a sweet spot, where
an even-odd ground-state degeneracy coincides with maximal
Majorana quality (which we will define later) of the part of
the corresponding excitation that lives on the outer sites of
the chain, it is necessary to tune the system parameters such
that crossed Andreev reflection (CAR) and elastic cotunnel-
ing (ECT) processes via the proximitized dots are pairwise
balanced in each link in the chain [43,44]. In experiment,
one faces the challenge of imperfect information about said
tuning parameters, due to microscopic details such as material
imperfections and varying gate-lever arms. In practice, tuning
has so far been done by working with pairs of sites at a time,
since there are too many variables for navigating a global
metric manually, where all dots are tuned simultaneously.
Such sequential manual tuning across the chain can be time
consuming, and at the same time one must be careful that
the overall tuning remains correct each time a new pair is
tuned [41,42]. Pairwise tuning becomes especially precarious
for the case of strong tunnel couplings, where multidot renor-
malization effects can be expected. With single CAR and ECT
processes thus depending on parameters all along the chain,
it will be difficult to tune the system while only considering
pairs of dots. Thus, tuning all dots simultaneously would be
advantageous, and the fact that this would be very difficult for
a human to do motivates us to investigate machine-learning
methods to perform automated tuning.

Such automatic tuning has already been proposed as a way
to mitigate disorder in bulk hybrid nanowire sytems, by using
an Aharonov-Bohm interferometer to get a metric of the Ma-
jorana quality that can be used as a global loss function [45]. A
simpler and more practical probe of Majorana quality could be

©2024 American Physical Society


https://orcid.org/0009-0003-5993-7682
https://orcid.org/0000-0002-2744-0781
https://orcid.org/0000-0002-2978-3534
https://orcid.org/0000-0003-3639-8594
https://orcid.org/0000-0003-0323-0031
https://orcid.org/0000-0001-8088-8772
https://ror.org/05xg72x27
https://ror.org/012a77v79
https://ror.org/02qqy8j09
https://ror.org/027bh9e22
https://crossmark.crossref.org/dialog/?doi=10.1103/PhysRevB.110.075402&domain=pdf&date_stamp=2024-08-02
https://doi.org/10.1103/PhysRevB.110.075402

JACOB BENESTAD et al.

PHYSICAL REVIEW B 110, 075402 (2024)

to perform a tunneling spectroscopy experiment while adding
an extra sensor dot at the end of the system [9,46,47], which
was recently investigated in the context of artificial Kitaev
chains based on quantum-dot arrays [48]. Work has also been
done on the machine-learned tuning of dot-based artificial Ki-
taev chains, in the context of using generative neural networks
to automatically classify avoided crossings in charge-stability
diagrams [49,50].

In this paper, we demonstrate automatic tuning in sim-
ulated two- and three-site artificial Kitaev chains using the
covariance matrix adaptation evolutionary strategy (CMA-
ES) [51-53] with tunneling spectroscopy through sensor dots
at both ends of the chain as a metric to navigate parameter
space. We first apply the tuning algorithm to a minimal (two-
site) Kitaev chain, where locations of the sweet spots can
be relatively easily determined by numerical calculations for
a given set of tight-binding parameters [33], and we show
how the algorithm indeed converges towards these points. We
then consider a three-site chain (five physical dots), where
the locations of the sweet spots are not known a priori. Also
in this case, the algorithm converges to points with vanish-
ing even-odd ground-state splitting and very high Majorana
quality. We thus demonstrate the capability of the CMA-ES
algorithm to navigate a large tuning parameter space and
efficiently locate Majorana sweet spots, based on simple tun-
neling spectroscopy data.

The rest of this paper is structured as follows: In Sec. II
we introduce the Hamiltonian for our quantum-dot-based ar-
tificial Kitaev model, and we explain the basic working of the
CMA-ES algorithm used for the automatic tuning. In Sec. III
we present our results for the automatic tuning, first for a two-
site model in Sec. III A, and a three-site model in Sec. III B.
Finally, we present a short conclusion in Sec. I'V.

II. MODEL

We consider a similar setup to that presented in
Refs. [34,48]: a linear array of quantum dots where every
other dot is proximitized by a superconductor, and with the
addition of extra sensor dots at each end of the chain. To
make the optimization more robust, we probe the low-energy
physics of the system first with the sensor dot added to the
left side of the array and then a second time with the sen-
sor dot on the right side. In an experiment, such freedom
of changing sides for the sensor dot could be achieved by
defining extra dots on both ends of the Kitaev chain and then
“removing” the one that is not being used by lowering its outer
barrier such that the dot becomes incorporated as a part of the
lead.

We describe the full array of dots with the Hamiltonian

H(n,‘v) I((rlzt) + H(n s) (1)
where s = L, R indicates on which side the sensor dot
is located and n labels the number of “Kitaev-chain”
sites, i.e., the number of normal (nonproximitized) quantum
dots.

The first term in Eq. (1) describes the Kitaev-chain part of
the system, which includes normal dots and dots proximitized
by a superconductor, together with spin-conserving and spin-

nonconserving hopping between them:

Hy) = ZZsmdﬂ,d}ﬁZ —nj(nj — )
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where d; (dg ,a) is the creation operator for an electron
with spin o =%, | on (proximitized) dot j (Sj), and n; =
d;de d d iy (ngj = dS'ITdsn —i—d;ﬂdgjl) is the number
operator on that dot. The normal dots are described by the first
line in Eq. (2). Their on-site single-particle energy ¢, = €; +
Ez 85, is spin dependent, where E7 is the Zeeman energy
and ¢; can be tuned by nearby electrostatic gates V;, and the
charging energy associated with a doubly occupied normal dot
is given by U. The second line in Eq. (2) describes the proxim-
itized dots, labeled S j. The proximity of the superconductor is
expected to result in a strong reduction of the effective on-site
g factors, which we incorporate by using spin-independent
potentials &g;, for simplicity. The superconductor will also
efficiently screen the on-site Coulomb interactions on these
dots, which we thus neglect here [54]. The proximity-induced
pairing potential A is assumed to be real and equal for all
proximitized dots. Finally, the last two lines in Eq. (2) describe
the coupling between the dots. The parameters #; ; (tf;)) set the
amplitude of spin-conserving (spin-nonconserving) hopping
between dots i and j, where 84 | = 1.

The second term in Eq. (1) describes the sensor dots and
hopping between the sensors and the Kitaev chain:

U
(n D = ngdT dw + v(ns - 1)

+5sLZ 1d

+ 85,R Z [ln,R d;ngo + ﬁg 3?? d;ang + H.C.],
(3)

using similar notation as above. In this case, ¢, = & +
Ez 8,,, while the Kronecker delta functions &,; and &z
choose which sensor dot is included.

In the following, we will limit ourselves to the cases where
the number of sites is either n» = 2 or n = 3, which corre-
sponds to chains of three and five physical dots, respectively.
For the case with n = 2, locations of the sweet spots are
known for the model we use [33] and we can thus use this
case as a test bed to assess the basic working of the tuning
algorithm. For the case with n = 3, we expect a larger number
of sweet spots, the locations of which are not known a priori.
This case will be used to investigate the robustness of the
algorithm when operating in a higher-dimensional parameter
space.

dla +ﬁatL1 dla +HC]
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FIG. 1. Sketch of the artificial Kitaev chain systems considered in this paper. In addition to the sensor dots marked L/R on either side of
the Kitaev chain, the array consists of (a) 3 dots or (b) 5 dots, where every other dot is proximitized by a superconductor (blue square) to create
an Andreev bound state that can mediate CAR and ECT processes between the normal dots.

In an experiment, one would connect the chain to a source
and drain lead (also indicated in Fig. 1) and measure the
differential conductance across the array of dots as a function
of ¢ or eg and the bias voltage applied to the source and
drain. The location of the lowest-bias conductance peak then
reveals the energy splitting between the lowest even and odd
parity states of the array, and its dependence on the sensor-dot
potential contains information about the Majorana quality of
the states on the outer sites of the Kitaev chain [46—48]. The
deviation from the ideal case (zero splitting independent of
gL or eg) can then be quantified into a loss function used
by the tuning algorithm to navigate parameter space, as we
will detail in Sec. III. In our numerical simulations, it suffices
to diagonalize H"* and extract the even-odd ground-state
splitting directly from its eigenenergies as this corresponds
to the location of the lowest-bias peak [48], which saves con-
siderable computational overhead as compared to simulating
a full differential-conductance measurement.

To find the optimal set of tuning parameters € 5; we use the
CMA-ES algorithm [55], which is a simple evolution-strategy
optimization technique, relying on stochastic sampling rather
than derivatives, making it suitable for problems where the
objective function to be minimized for instance has several
local minima or is nonsmooth [51-53]. In our case, the
limitation in sharpness of the conductance curves in real tun-
neling spectroscopy measurements due to broadening from
temperature and tunnel coupling to the leads [56] was what
motivated us to use a stochastic and derivative-free method:
we can expect the limited resolution of an actual experi-
ment to make it difficult to accurately evaluate derivatives of
the loss function, likely rendering derivative-based unsuitable
for optimization of the loss. Additionally, we are dealing
with metrics containing several minima, where a purely
derivative-based method may get lost in a nonoptimal local
minimum.

The CMA-ES algorithm performs the optimization by it-
erative sampling from and updating of a multivariate normal
(MvN) distribution. For each generation g, a number of A > 2
offspring €®, which in this case are configurations of the gate
voltages to tune, are randomly drawn from a MvN distribu-
tion with mean ©® and covariance matrix £©® = (¢®)2C®,
The configurations €@ and means u'® are thus (2n — 1)-
dimensional vectors, e.g., for the two-site Kitaev chain e® =
{69, 6@ ). The offspring are then ranked according to
their “fitness” using an objective (loss) function £(&®), and
the MvN distribution is updated by calculating a new position
wED | “stepsize” (o¢*D)?, and “search direction” C®*+D),
based on the 7 best-ranked offspring and the previous history

of changes to the population. A diagram of the CMA-ES
optimization loop is shown in Fig. 2. We will consistently
use A = 56 and n = 28, based mainly on the computational
resources available, and set all other fine-tuning parameters
of the algorithm to the standard recommended values [51].
Specifically, the algorithm achieves convergence if (i) the
range of best loss values across the last 10 4 [30(2n — 1)/A]
generations or the range of all loss values in the last genera-
tion is smaller than 10~'? or (ii) if the standard deviation of
all tuning parameters ¢;5; becomes smaller than 10725 ©
[51]. We also terminate the algorithm if it exceeds 200
generations.

Sample Measure
N[u(f’)., (c19)? C(f’)}
=
2
J \§
4
-
Update
./\/[M(g-*-l)7 (U(Q-H))‘Z C(g-H)]
N N
W W
\_ 4,81 ) \_ &4, )

FIG. 2. Diagram of the CMA-ES algorithm interfaced to ei-
ther a simulation or an actual experiment where local differential
conductances are measured. Each generation can be divided into
four stages: The first stage is to sample A realizations from the
MvN distribution to generate parameter configurations. In the second
stage, each of these configurations is used in an experiment, where
the dependence of the location of the low-bias conductance peaks
(or the numerically determined lowest even-odd splittings) on the
sensor-dot voltage provides a measure for the population fitness. The
third stage is to rank all the parameter configurations according to
this fitness. In the fourth stage, the MvN mean value and covari-
ance matrix are updated based on a subset of the 5 best-ranked
candidates.
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III. RESULTS

For the tuning of an artificial Kitaev chain, it has been
suggested that tracking the splitting between the lowest con-
ductance peaks while sweeping the sensor-dot level & can
provide a metric for the Majorana quality [48]. Following
this idea, we will investigate the performance of the CMA-ES
algorithm using the loss function

E odd _ Eeven

0,n,s 0,n,s

®)y —
f(&®) = ij}x N

s=L,R

, “

where E§90 and E§"" are the lowest eigenenergies of H",

with total odd and even number of electrons, respectively. The
loss function f(&®) thus returns the maximum of the absolute
energy splitting between the even and odd ground states over
a sweep of the sensor-dot potential, averaged over the cases
where the sensor dot is attached to the left or right side of
the chain. The sweep range used for & should cover both
spin-species resonances, the locations of which could, e.g., be
found roughly from estimates of E, U, and A [46].

In addition, we make use of an L, regularization to penalize
on-site potentials that grow large, as the amplitudes of CAR
and ECT are inversely proportional to the energy difference
between the bound states on neighboring dots [43], and the
magnitude of these amplitudes ultimately sets the scale of the
topological gap in longer chains. Combining L, regularization
with the objective function Eq. (4), the final loss function we
use to rank candidate parameter configurations is

(63}
E(e(g)) — f(e(g)) +a i , 5)

2

where « parameterizes the L, regularization. For such regu-
larization, one needs to establish some “origin” in parameter
space, to determine [&'?|,. Identifying in an experiment the
true origin where €® = 0 can be challenging, but small devi-
ations from this point are not expected to pose an immediate
problem as long as the origin used is not too far away from
high-quality sweet spots.

Throughout, we will set all tunneling amplitudes to #; ; =
0.5 Aand 5 = 0.1 A, except for the ones describing the cou-
phng to the sensor dot, where we use t7,; = t, g = 0.25 A and
1719 =139 = 0.05 A. The Zeeman energy is setto Ez = 1.5 A
and the on-site Coulomb interaction strength for the normal
dotsto U = 5 A. These values are on purpose chosen the same
as in Refs. [33,48], allowing for a straightforward comparison
of the results. The mean of the initial distribution for the
CMA-ES algorithm is always set to the origin, with an initial
covariance matrix of C® =1, and 0@ = 0.5 A.

In all instances, we let the algorithm search for the op-
timal set of tuning parameters until it converges, using the
loss function given in Eq. (5). We then assess the resulting
set of tuning parameters €™ by evaluating (i) the resulting
even-odd ground-state splitting in the Kitaev chain (without
any sensor dot attached) 8E,, = |E5"31d ES|, as well as (ii)
the Majorana polarization (MP), given by [34,57-59]

Za (wjz'a - Z?a)

M; = :
b (i + )

Q)

where

wjo = (Ol djq +d‘,1, E), 0

ljo = <O|d]a_ E), (®)

o |
where |E) and |O) are the even and odd ground states of HIZ'[),
respectively, and Eg ™ and EOd‘Jl the corresponding ground-
state energies. Wlth th1s deﬁnltlon -1 <M; <1,and |M;| =
1 corresponds to having a well-behaved single Majorana mode
localized at site j. In Kitaev chains with finite Zeeman energy
and Coulomb interactions, there exist in general no points
in parameter space that have 6E,, = 0 and |M,| = |M,,| = 1,
which would indicate the existence of two “perfect” PMMs
occupying the outer dots of the chain. Instead, it is common
to look for sweet spots that maximize |M; ,| on the manifold
in parameter space where §E,, = 0 [33,34]. Below we will
thus use 8E,, and the average MP M = (|M,| + |M,|)/2 as
measures for the success of the tuning procedure. Details of
the CMA-ES workflow can be found in the Supplemental
Material [60].

A. Two-site Kitaev chain

As a first benchmark, we test the optimization routine on
a simulated minimal (two-site) Kitaev chain with n = 2 de-
picted in Fig. 1(a), where the sweet spots for our set of system
parameters have been numerically calculated before [33], to
see if it can reproduce the same results.

In Figs. 3(a) and 3(b) we show the even-odd ground-state
splitting 8 E,, and average polarization M as a function of ¢
and &g, calculated numerically from ngt) . As expected, these
plots are identical to the ones presented in Ref. [33], since
we use the same model and same parameters. The two sweet
spots identified in Ref. [33] are indicated with the two stars,
and have 6E,, = 0 and M = 0.986.

Figures 3(c) and 3(d) display the first 60 generations of two
example runs out of, in total, 50 simulations for the CMA-
ES optimization algorithm, using the loss function given in
Eq. (5) while setting @ = 0. In the case of the minimal Kitaev
chain, the objective function landscape is simple enough that
L, regularization is unnecessary; including a finite « would
increase the probability for the algorithm to discover the left
sweet spot, as the right sweet spot is further away from the
origin € = 0 and therefore receives a larger punishment from
the regularization. The solid lines in Figs. 3(c) and 3(d) show
the evolution of the population mean of the three parameters
and the shaded regions represent their marginal standard devi-
ation. We see that from generation to generation the standard
deviations of the population decrease, eventually vanishing as
the mean value approaches a minimum in the loss.

Figure 3(c) shows a case where the algorithm converged
towards the left sweet spot shown in Figs. 3(a) and 3(b),
settling at the parameter configuration & = ¢, = —0.171 A
and gg; = —0.321 A. The “target” values, corresponding to
the corresponding sweet spot identified in Ref. [33], are in-
dicated at the right vertical axis, where ¢f = &5 = —0.151 A
and &, = —0.319 A. In 41 cases out of 50, the algorithm
converged towards this sweet spot. In the remaining 9 cases,
the algorithm converged towards the other sweet spot, an
example of which is shown in Fig. 3(d). Here, the final tun-
ing parameters are g, = &, = 0.0622 A and e5; = 0.615 A,
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FIG. 3. (a) The difference between even and odd ground state
energy of the two-site Kitaev chain without a sensor dot attached and
(b) the average Majorana polarization at its outer sites as a function of
€1 and &gy, cf. Ref. [33]. There are two sweet spots within the given
parameter range, indicated by the black stars. (c),(d) The 60 first
generations for two example runs of the CMA-ES algorithm for (c) a
case that converged to the left sweet spot shown in (a),(b) and (d) a
case that found the right sweet spot. Solid lines show the population
mean of the parameters and the shaded regions give their marginal
standard deviation.

which is again close to the true location of the right sweet spot
at e} = ¢&; = 0.0785 A and &5, = 0.634 A. The bias towards
finding the left sweet spot is due to the initial MvN being cen-
tered around e = 0, which is closer to the left sweet spot than
the right one. Convergence in these simulations was typically
achieved after 80—100 generations.

Thus we see that the algorithm always converges to tuning
parameters that indeed lie very close to the sweet spots found
in Ref. [33], deviating from the sweet spots by Euclidian
distances ||e — &*||, of 0.028 A and 0.030 A for the left and
right sweet spots, respectively. As a result, the left sweet spot
estimate found by the algorithm has 8E,, = 2.7 x 107> A and
M = 0.967 while the right sweet spot estimate has 6E,, =
5.7 x 1073 A and M = 0.977. In both cases we thus find high
values for the MP and low splittings 6 E,, [61], and the two-site
Kitaev chain results indicate that the very simple tunneling
spectroscopy metric together with the CMA-ES algorithm can
indeed tune on-site potentials & to their sweet spots.

B. Three-site Kitaev chain

To get an idea of how the automatic tuning will fare for
longer chains, where the existence and locations of sweet

0.6
@) /A ——egi /A ——en)A —— o)A ——e3/A
0.4
0.2
4 S,
s 00 PAV4
[}
—0.2 40
30
—0.4 20
10
—0.6 \Y O O
(b) 1.00 107!
< 0.75 10721
=~ 8
N
10737
0.50
0 20 40 60 30 100
Generation

FIG. 4. Development of the 100 first generations for an example
run of the CMA-ES algorithm for the three-site Kitaev chain, where
it converges to the most commonly found parameter configuration.
(a) Population mean of the parameters (solid lines) and their marginal
standard deviation (shaded regions). (b) Majorana polarization M
(blue) and even-odd ground-state splitting in the Kitaev chain §E,,
(red) for each of the first 100 generations. [Inset in (a)] Histogram
of the occurrences of the three different sweet spots discovered in 50
simulations.

spots are not known, we also tested it for the case of n = 3,
i.e., a five-dot array with two sensors as depicted in Fig. 1(b)
corresponding to a three-site Kitaev chain. We again run the
optimization 50 times, to obtain statistics on what solutions
the algorithm tends to find. In this case we add an L, term with
o = 0.02 as described by Eq. (5). The larger « is set, the more
biased the algorithm is towards finding the sweet spot that is
closest to the origin € = 0. In an experiment, this parameter
should be tuned empirically, where in order to determine
a suitable « one could run the algorithm first without any
regularization to find the typical order of magnitude for the
objective function, and based on this, one can estimate how
much regularization is needed to keep the gate voltages inside
a given parameter range.

The resulting automatically tuned potential configurations
are summarized in Table I and a histogram of their occur-
rences is shown in the inset in Fig. 4(a). All of the simulations
converge to configurations with MPs over 0.95 and even-
odd splittings below 10~* A. The exact sweet spot locations
should have exactly zero §E,,, and while we do see some finite
value for all solutions, their small magnitude indicates that we
get very close to the sweet spots. We see that a large majority
of the runs (42 out of 50) ends up at a sweet spot with a
MP of 0.998, which is significantly larger than at the two-site
sweet spot. Indeed, the addition of extra sites is expected to
increase the maximal MPs that can be achieved, as compared
to the minimal two-site chain. To illustrate the working of
the algorithm, we show the optimization process for one of
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TABLE I. (left) Overview of the three configurations of automatically tuned on-site potentials found in 50 simulated experiments on a
three-site Kitaev chain, using the loss function Eq. (5) with @ = 0.02. (right) The corresponding Majorana polarization, even-odd ground-state
energy splitting, and final loss. The number of occurrences of each configuration is shown in the inset of Fig. 4(a).

&1/A es, /A &/A es,/A e3/A MP SE. /A Loss
\Y —0.10 0.12 0.14 0.12 —0.10 0.998 7.1 x 107 4.1 x 1073
g 0.19 0.14 —0.31 —0.28 —0.18 0.979 2.5x 107 1.1 x 1072
O 0.07 0.20 —0.40 —0.32 —0.18 0.985 8.7 x 1074 1.2 x 1072

these 42 high-MP simulations in Fig. 4. In Fig. 4(a) we show
the CMA-ES population means and standard deviations for
each parameter across generations and in Fig. 4(b) we plot the
corresponding values for the MP M and energy splitting 6 E,,.

We further note that for the 8 remaining cases the algorithm
tuned the system to nonsymmetric parameter configurations
with high MP and low 6E,,, see Table I, which looks odd at
first sight. However, a feature of the three-site chain is that two
pairs of ECT and CAR processes must be balanced rather than
just one as in the minimal chain case. The balanced pairs may
differ from each other, allowing indeed for nonsymmetrical
configurations of the tuned on-site potentials along the chain.
In principle, these nonsymmetric configurations could thus
also correspond to valid sweet spots.

In the three-site chain simulations, convergence was
achieved almost always within 140-200 generations due to
the change in the loss function becoming smaller than the set
tolerance, two exceptions being experiments that terminated
as a result of reaching the 200-generation limit. We finally
note that, as one increases the system size to longer and longer
chains (without drastically increasing 1), it can be expected
that the algorithm will to a lesser extent find one sweet spot
most of the time, and rather discover several different minima.
This is a result of the sample statistics becoming more and
more sparse as the dimensionality of the parameter space
becomes large. In the opposite limit (small dimensionality and
many samples 1), we expect the algorithm to become more
and more deterministic, approaching a situation where one is
essentially checking all solutions within the search area given
by the MvN.

IV. CONCLUSIONS

We have simulated short artificial Kitaev chains based on
arrays of quantum dots, through exact diagonalization of a
simple model Hamiltonian, and we showed that tunneling
spectroscopy in the presence of additional sensor dots at the

ends of the chain could be used to automatically tune the
system to a Majorana sweet spot, for which we specifically
used the CMA-ES algorithm in this work. We tested a simple
metric based solely on the maximum difference between even
and odd ground-state energies as a function of the sensor-dot
voltages, suggested by Ref. [48], together with L, regulariza-
tion on the gate voltages. For a two-site chain, the algorithm
was able to find the known sweet spots for this system, as
identified in Ref. [33]. In the case of a three-site chain, the
algorithm was also capable of reliably tuning to apparent
sweet spots, provided sufficient L, regularization was applied.
We conclude that a simultaneous automatic tuning of all on-
site potentials using tunneling spectroscopy through sensor
dots and the CMA-ES algorithm presents a promising way
forward for automatizing the search for Majorana sweet spots
in quantum-dot-based artificial Kitaev chains.
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