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The meeting of artificial intelligence (Al) and quantum computing is already a reality; quantum machine
learning (QML) promises the design of better regression models. In this work, we extend our previous studies
of materials discovery using classical active learning (AL), which showed remarkable economy of data, to
explore the use of quantum algorithms within the AL framework (QAL) as implemented in the MLChem4D
and QMLMaterial codes. The proposed QAL uses quantum support vector regressor (QSVR) or a quantum
Gaussian process regressor (QGPR) with various quantum kernels and different feature maps. Data sets
include perovskite properties (piezoelectric coefficient, band gap, energy storage) and the structure
optimization — by density functional theory — of a doped nanoparticle (3Al@Si;;) chosen to compare with
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classical AL results. Our results revealed that the QAL method improved the searches in most cases, but not
all, seemingly correlated with the “roughness” of the data. QAL has the potential of finding optimum solu-
tions, within chemical space, in materials science and elsewhere in chemistry. Finally, we have termed the
integration of quantum chemistry with QML the "QQ method”: Quantum for building the potential energy
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1. Introduction

Quantum computing (QC) and quantum machine learning
(QML) present exciting prospective applications of quantum
technologies,"” in the Noisy Intermediate-Scale Quantum® (NISQ)
technology era and beyond, with flourishing new discoveries and
perspectives.” In QML applications, quantum computers can aid
in speeding up machine learning (ML) training” and providing
quantum enhancement of ML inference, allowing better
generalization.” Thus, as the overlap of Al and quantum comput-
ing is already a reality, we might be closer to the Quantum Artificial
Intelligence (QAI) era, where QML models can aid in the develop-
ment of better agents® through quantum kernel® or quantum
neural networks” methods.
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surface and Quantum for new inferences and discoveries with small data using quantum algorithms.

Being able to predict the next experimental conditions to find
new materials with improved properties — such as piezoelectric
coefficients,*® band-gaps'®'" and energy storage densities®'? - is
challenging since this requires searching through uncharted
chemical spaces,"® mostly by taking into account only limited data.
Data acquisition is time consuming, expensive and error prone:
whether the data is obtained from synthesis and characterization in
the laboratory or from computational modeling and simulation.
This encourages the development of smart agents'* to help in
decision tasks. With complex multi-element oxides, such as the
perovskites that are widely used in energy applications,'” the
intuition gained by studying related binary oxides is not always
applicable due to the emergence of unexpected properties and
behavior,'*" and an alternative method is needed to provide the
necessary guidance regarding promising compositions for the
specific end-application. Therefore, dealing with small datasets is
areality in chemistry and materials science and methods that assist
with optimal experimental design, guided by data, are crucial.

In this work, we extend our previous work using classical
active learning (AL) and propose a quantum active learning
(QAL) approach - to guide new experiments*® or computations
for optimum experimental design or automatic structural
determination,®® with as little data as possible. QAL is based
on quantum supervised ML, in particular quantum support
vector regression®” (QSVR) and quantum Gaussian process
regressor™> (QGPR), where the epistemic uncertainty is obtained
from K-fold cross-validation®* (CV) and analytically using Bayesian
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statistics,”>® respectively. This uncertainty is used to evaluate
acquisition or utility functions for decision-making,®’ ie., to
choose the next experimental conditions for further experiments
from the unobserved search space. More data is acquired during
the QAL cycles and the QML regression is improved, increasing the
probability of finding the optimum properties of the materials or
experimental conditions with as few as possible new laboratory or
computational experiments.

This study presents the QAL approach for material or optimum
experimental design using quantum computing algorithms avail-
able in quantum computing frameworks, such as Qiskit.>® There-
fore, further studies can bring new perspectives in the field of QAL
or Quantum Bayesian optimization, mostly their search efficiency
due to: initial data size and distribution; role of uncertainty
quantification in the decision making - e.g.: K-fold cross-
validation and non-parametric bootstrap®® together with the
number of resamplings;® type of acquisition function in the
search - e.g.: expected improvement (EI); lower/upper confidence
bound:*’ LCB/UCB; probability of improvement:*” (PI); role of the
quantum circuits encoding in the search and the number of
qubits; influence of the quantum kernel functions in the search
or regression quality.

Considering that most of this plethora of possibilities used to
design robust and efficient “Al agents” were implemented in the
MLChem4D software, in this work we have chosen to study the
efficiency of QAL for experimental design for three perovskite oxide
databases using the QSVR algorithm, the EI acquisition function
for decision making and the K-CV with K = 5 for uncertainty
quantification. In addition, quantum kernels were obtained using
the following quantum feature encoding: XFeatureMap (X = Z, ZZ
and Pauli),?° available in Qiskit; HighDim and YZ_CX, available in
sQUlearn.>® Note that X = Z prepares an unentangled initial state
whereas for X = ZZ and Pauli an entangled starting state is
produced. We examine the effect of such choices on the efficiency
of the QAL process for the perovskites. In addition, the HighDim
and YZ_CX quantum circuits are entangled.

The data set used in this QAL study are: (I) the piezoelectric
coefficient (d;3) maximization of modified single perovskites
Ba(;_x)A«Ti(1—y)ByO; (A = Ca, Sr, Cd; B = Zr, Sn) was given in ref.
8; (II) the band-gap minimization of double-perovskites was
obtained from ref. 31; (III) the energy storage density maximi-
zation of Ba;_»A,Ti;_,)B,03 (A = Ca, Sr, Cd; B = Zr, Sn, Hf)
modified single perovskites was acquired from ref. 8 and 12.
System (IV) is about applying QAL for automatic structural
determination jointly with spin multiplicities of an Si;; nano-
particle doped with Al (3Al@Siy;). Then, for each Al distribu-
tion, the spin multiplicities 2, 4 and 6 also changed during the
QAL cycles, allowing a powerful methodology to optimize, at
once, both structures and spin multiplicities.**

Although the field of workflows combining chemistry and
quantum computers is quickly growing,** to the best of our
knowledge, this work is amongst the first applications of QAL**
and the first in the area of materials design, using quantum
regression algorithms, at the time the preprint of this work was
posted.®® It builds upon our previous work with classical
AL>'?%3%37 geeking initial insight into the conditions that lead
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to an improvement for the quantum techniques. While writing
this paper we became aware of the QAL work reported in ref. 34 for
classification problems, but not in chemistry or materials science
nor in engineering. However, following the submission of this
work to another journal in September 2024, which entailed a delay
of more than a year waiting futilely for reviewer feedback, we
continued to contribute to QAL with new MLChem4D and
QMLMaterial developments and applications, which resulted in
two publications. The first is in a machine learning topical
collection paper,*® which reports the QAL results for automatic
structural determination of Al,Si;, as implemented in QMLMater-
ial. In the present paper we tackled a more complex system with
QAL: the structural determination of 3Al@Si;; where the optimum
geometry and the spin multiplicity are searched simultaneously.
The potential energy surface (PES) in QMLMaterial is obtained by
quantum chemistry methods. Thus, we have termed the integra-
tion of quantum chemistry with QML algorithms the “QQ
method”: Quantum for building the PES and Quantum for new
inferences and discoveries using quantum algorithms. Our sec-
ond QAL work is an application of classical AL and QAL to find the
optimum metal organic framework as well as the temperature and
pressure that maximizes hydrogen storage.* In the present paper,
more systems are studied and we heighten our insights about QAL
technologies for new discoveries in chemical space.
QMLMaterial®' in its current version implements searching
for low-energy structures of several chemical systems using small
data: continuous nanoparticles® and discrete searches®®*°
(i.e. as done for 3AI@Si;; with spin multiplicities®* and Al,Si,
described in ref. 38); supported nanoparticles on surfaces;**'
adsorbates*' and molecular cluster interfaces. Thus, the QQ
method (i.e. QAL) is ready to be applied in other challenging
systems, such as the metal-support influence on nanocatalytic
surfaces.*>** The investigation of low-energy structures - isomers
- of coordination compounds for fixed ligands and a central ion**
is in progress. A machine learning work in the coordination
chemistry space for new discovery has been carried out by Janet
et al.*® However, other challenging systems still require further
implementations, such as molecular conformations, as
approached by conformer-rotamer sampling tool (CREST).*® All
these systems and similar ones are suitable to be studied by QAL.
Our results for materials design revealed that the QAL method
improved the searches in most cases, but not all, seemingly
correlated with the “roughness” of the data. We emphasize that
the study has been carried out on quantum emulators in noise-
free mode, so the results should be taken in the context of
beyond-NISQ machines. Moreover, QAL is a hybrid approach,
with the data-encoding and the definition of the kernel being
quantum parts of the protocol, while a classical SVR or GP
algorithm is used for the regression, with a quantum kernel.

2. Methods

2.1 Active learning

The QAL method presented in this work uses supervised QML
algorithms (quantum regression) and their epistemic
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uncertainties to make decisions for the next conditions in
further experiments.”” The QML regression predictions (see
Sections S1-S8 of SI, for more details) are improved in each
cycle since more data is obtained, increasing the probability of
finding the optimum material with the property of interest
improved or the optimum structure of a nanoparticle. The
sequence of the QAL method developed in the present work
is shown in Fig. 1:

(A) Data on materials: a database with N observed materials
(synthesized or computed or from legacy data) is set up. At this
moment, the descriptor for composition of perovskites or iso-
mers of the nanoparticle is provided (i) for the observed materi-
als (N) - X0 = [x(f),. . .,x@), Vi=1,..., N-and for the unexplored
materials or virtual space (N'V‘irmal) -x = [x(lﬁ,. . ‘,xiﬂ), Vj=1,...,
N tuar Details about the atomic based descriptors for ABO; and
AA'BB’Oq perovskites as well as for structural and spin multi-
plicities of doped nanoparticles can be found in SI.

(B) Quantum machine learning or decision-making (the
agent): a QML regression model (ii) is obtained for the N
observed materials and the uncertainty is computed (iii). From
that, the agent - based on decision-making (iv) like the EI
(eqn (8)) - informs next experimental condition or new material
(in the unexplored space: N]\;irtual)y NEL eq, to be measured in
the laboratory.

(C) New experiments or computations: Nigjecea NEW eXperi-
ments are realized and the property of the materials evaluated,
increasing the database: (N =N + Nsglocteq)- If the new material with
its property is not yet satisfactory, the algorithm returns to step (A)
with the new measurement added to the initial database:
N =N+ N eq. New QML regression models and uncertainties
are obtained (step B). The cycles continues (k) until the property of
interest is improved or the budget has been exhausted.

The boxes from (i) to (iv) in Fig. 1 highlight some of the
capabilities available in MLChem4D for optimum experimental

Nk+1
selected Quantum

Laboratory

Data on
materials
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design and in QMLMaterial for automatic structural determi-
nation using QML. In addition, MLChem4D and QMLMaterial
are general purpose (data-driven) codes capable of handling
different initial data sizes (N) and selections (Nfikcea) of the
next materials in N%,a1 to be observed in the laboratory. These
features allow the use of previous legacy knowledge - from the
researchers or even from literature data — of the material to be
designed to be incorporated in the initial database, besides
giving flexibility to explore different options for the experi-
mental design or automatic structural determination of doped
nanoparticles.

More methodological information about statistical regres-
sion, classical and quantum kernels can be found in SI.

2.2 Classical kernel functions

Kernel based methods for regression - such as SVR and GPR -
are widely employed in supervised learning. They require a
prior’s covariance that needs to be specified by passing a kernel
object. In this work, for classical SVR, we used the radial basis
function (RBF) kernel, as implemented in Scikit-learn library®”
for classical ML. The RBF is given by eqn (1).

2
krgr (x;, X;) = exp <d(x2l}2x/)> 1)

In eqn (1), x; and x; are vectors that describe the perovskites
(the descriptor) i and j. d(x; x;)* is the square of the difference
between x; and x;. Then, krpr is a matrix whose dimension is
equal to the number of perovskite configurations in the data-
base or in the training model. This is parameterized by the
length-scale parameter (I).

Another classical kernel explored in this work - for the
classical AL for the structural and spin multiplicity

N¥tua (unexplored materials)

N (observed or measured materials)

(i) Descriptor:
composition or
structure of materials

(ii) Regression algorithm:
Classical and Quantum
Support Vector Regression

Machine or Gaussian Process
Learning - it (GPR/QGPR)
(iv) Acquisition function: ‘3
Expected Improvement, (B) N 5 (iii) Uncertainty
Exploitation :*_’ | E . quantification:
w XplOItaFlon / Cross-validation,
Decision LT exploration |gpR/gGPR
making Nk- § Observed
N k+1 virtual
selected

Fig. 1 Quantum Artificial intelligence (Al) workflow based on quantum active learning (QAL) for optimum experimental design. This is implemented in
MLChem4D and QMLMaterial software using Qiskit and sQUlearn frameworks, respectively. (A) Data on materials is acquired, (B) QML provides decisions
on which new experiments or computations should be attempted. The QAL bottleneck is step (C): new experiments or computations.
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determination of 3Al@Si;; - is shown in eqn (2). Also, this
kernel is based on the Scikit-learn*” library.

kWhite+D0tProduct(xi1 x]) = kDotProduct(xi; xj) + kWhiteKernel(xi; xj)

(2)

“DotProduct” is given by eqn (3), where a,” is a parameter that
controls the inhomogeneity of the kernel.

kDotProduct(xi, xj) = 002 + XX (3)

The “WhiteKernel” in eqn (2) is for a better estimation of the
noise level of the data and is calculated from eqn (4), where v is
the noise level parameter (variance).

kWhiteI(ernel(xh 'XZ]) = Vél’j (4)

2.3 Quantum kernel functions

Quantum Kernels (QK) are quantum analogs of classical kernels
and allow us to build QML models. The idea is to find patterns by
transforming data in a vector form (or features) into a high
dimensional feature space, F. The data mapping from the original
input space H to F is done by a feature map ¢: H — F. The inner
products of the feature vectors ¢(x;) can access the feature space
and a function kgqk of two data points or vectors, x;, X;, is a kernel
krqi, €qn (5). FQK stands for fidelity quantum kernel.

keou(xi X)) = [ {@(x)| @(x))]* (5)

Note that krqx(x; x;) depends on the feature map, F. The
dimension of kpqk(x;, x;) matrix is equal to the number of
perovskite configurations or doped nanoparticle homotops
present in the database.

Another QK is the projected quantum kernel (PQK), which is
based on k-particle reduced density matrices (&-RDM) measure-
ments, eqn (6). This is defined in eqn (6) and was obtained using
the sQUlearn quantum computing framework that is interfaced in
QMLMaterial. In eqn (6), y is a real and positive hyperparameter;
or(x;) is the 1-RDM for qubit k: the partial trace of the quantum
state pi(x;) over all qubits except for the k-th one. Eqn (6) resembles
the RBF kernel (eqn (1)), but in the PQK kernel the vectors (or
descriptors) x; and x;are encoded in the quantum circuit or feature
map (e.g.: Fig. 2 and Fig. S2-S6 in SI).

keqx (7, %;) = exp (—V > {tr[Ppy(xi)] — tr[Ppy (x;)] }2> (6)
k,P

In our kernel-based quantum machine learning, at the first
step the data (Fig. 2A) is encoded into a quantum state, eqn (7)
(Fig. 2B).

[ (x)) = Ux)[0) (7)

U(x) is the encoding operator implemented by a quantum
circuit (Fig. 2B). This quantum circuit manipulates an initial
n-qubit quantum state |0) based on the data x € H. The
components x; of the data vectors x as angles in one or two-
qubit rotation are encoded. Using a feature map, in quantum-
kernel-based machine learning, to calculate the quantum
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(C) Quantum
machine learning: ]
QSVR, QGPR

Fig. 2 Quantum machine learning (QML) used in quantum active learning
(QAL). (A) Classical data from materials or nanoparticles. (B) Quantum
feature map and quantum kernel (e.g. Fidelity Quantum Kernel or Pro-
jected Quantum Kernel) calculations. A quantum feature map is used to
(x)—|y(x)) = U(x)|0), then each kernel entry K(x; x)) is obtained and the
similarity of each pair of data points is estimated by
[{10) ®"|U" (x) Ux)]]0) ®")|. Circuits for the XFeatureMap (X = Z, ZZ and
Pauli) used in QSVR (as interfaced in MLChem4D using Qiskit) are given in
SI: Fig. S2-S4. Fig. S5 and S6 show the HighDim and YZ_CX quantum
circuits as implemented in QMLMaterial using sQULearn library. (C) Quan-
tum support vector regression (QSVR) and quantum Gaussian process
regression (QGPR).

kernel, each kernel entry K(x;, x;) is obtained by executing the
circuit U'(x;)U"(x;) on input |0)®” in which 7 is the number of
features. In Fig. 2B we can see an example of a quantum kernel
estimation circuit. Then an n x n symmetric kernel matrix is
formed by using the mutual kernel values between all elements
K(x;, x;) of the dataset: K(x;, x;) = K(x;, x;).

Here, each data point (Fig. 2A) is mapped to a quantum state
using a quantum feature map (Fig. 2B) and then analyzed in the
high-dimensional Hilbert space. The kernel matrix is calculated by
measuring the inner product of each pair of data points (Fig. 2B) on
a quantum computer, a process known as quantum kernel estima-
tion (QKE). This kernel matrix is subsequently fed into a classical
optimizer (Fig. 2C), which efficiently determines the regressor that
optimally labels the training data in the feature space.

2.4 Decision-making

We consider the descriptors of the materials in the unexplored
(virtual) space to be searched: ) = (x(iﬂ,. . .,xiﬁ), Vj=1,.,
Nfiwal. Then, the acquisition or utility function EI*23741:48 for
minimization is expressed as:

} , o u(x)
Bl ()] = G 0o (=55

o — u(x) (®)
+o(x)g (W)
and for maximization®®*° is:
E[1(x)] = (u(x7) ~ four) (p<%)
9)
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where j means the j-th material in the virtual space (foirmal): j=
1, ..., Nwa The mean and standard deviation are u(xw) and
a(x(¥), respectively. They can be obtained from CV for SVR or
QSVR or from Bayesian statistics for GPR or QGPR, for instance.

The lowest (i.e. formation energy) and the highest
(i.e. energy storage density) target property observed so far is
fmin and fiax, respectively. @(-) is the cumulative density func-
tion and ¢(-) the probability density function. The EI definition
can be found in the literature as early as 1978 in the work of
Mockus®® and has been extensively used in global searches,
including in the field of materials design.

For the problem of minimization (eqn (8)) as an example,
the trade-off between exploitation, min(u), and exploration,
max(c), is contemplated in the EI. When the target prediction
T (defined: T = finin — u(x"YY)) and o(x) (the uncertainty) are
higher, the EI will be higher as well: EI = T®(:) + a(x)¢(-),
eqn (8). Then, the search takes place farther from the already
observed search surface. On the other hand, by having 7 higher
and o(x) lower, EI ~ T, which means we are exploiting the
already known region of the surface. This is known as exploita-
tion and is more predominant for local minimum searches.
Another scenario is when we have T ~ 0 (i.e.: when fin ~ 1)
and high o(x), thus EI ~ ¢(x), which is known as exploration
and it allows jumping to more distant parts of the search
landscape. The same analysis is valid for the problem of
maximization: eqn (9).

Note that in QAL, the EI for the unexplored materials or
nanoparticle structures — represented by the vector x/) - to be
searched in further experiments is computed using QML
models, e.g.: QSVR or QGPR. Therefore, u(x/) and o(x!/)) are
obtained by QML, taking into account the feature map, Fig. 2.

3. Results

The results for the proposed quantum active learning (QAL)
method were obtained for three different perovskite problems:
(I) piezoelectric coefficient maximization of modified single
perovskites Bag_A,Ti;_,)B,0; (A = Ca, Sr, Cd; B = Zr, Sn);
(I) band-gap minimization of modified double perovskites
AA'BB’Og and (III) maximization of energy storage density of
Ba(;_»A.Ti(1_y)B,0; (A = Ca, Sr, Cd; B = Zr, Sn, Hf). Although the
search in Ba(;_,)A,Ti(;_)B,O; to find perovskites with optimum
piezoelectric coefficients and energy storage densities involves
similar elements except for Hf in the B site, their elemental
composition is different. The former has a database with 74
and the latter a database with 242 Bag_xA,Ti;_))B,03
perovskites.® The band-gap database has 54 AA’BB’'Og double
perovskites with promising water splitting catalytic properties.
The QAL efficiency was compared to classical active learning
(AL) for the aforementioned systems using SVR with a RBF
kernel**! (more information can be found in SI). Twenty
independent runs were taken into account. For each one a
different distribution of the initial data set was obtained
randomly. This is fundamental to gaining insight into the role
of different data distributions for the quality of the agent - the
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decision making process by the QSVR algorithm and its uncer-
tainty - since, in practice, data distribution is not fixed when
designing and doing experiments. Also, the perovskite config-
urations with properties closer to the optimum one were
removed from the random initial data set. Thus, the aim was
to test the QAL algorithm in a challenging material discovery
scenario - small data set with perovskite property far away from
the optimum one with a different properties distribution. In all
studies the EI acquisition function was used for decision
making. QAL uses QSVR regression with the following quantum
circuits (QC) encoding: XFeatureMap (X = Z, ZZ and Pauli).*® In
particular, the PauliFeatureMap and ZZFeatureMap were used
with the qubits with full entanglement. On the contrary, the
ZFeatureMap QC qubits had no entanglement. The QCs are
used to obtain the fidelity quantum kernel. The results were
compared to the classical AL where the SVR regression with EI
was used. The radial basis function (RBF) kernel was used in
classical SVR. In this study, the agent selects one new material
(Nselectea = 1, Fig. 1 in the Methods section) in each AL or QAL
cycle. Further information about statistical regression as well as
classical and quantum kernels can be found in SI and in the
Methods section.

An additional application of the proposed QAL method is for
system IV: automatic structural determination jointly with spin
multiplicities of an Si;; nanoparticle doped with three Al
(3Al@Siy,). For each Al distribution, the spin multiplicities
(SM = 2, 4 and 6) also changed during the QAL or quantum
Bayesian optimization®® (QBO) search. The data base was
obtained from ref. 32 and has 165 structures or homotops of
3Al@Si;; (and three spin multiplicities for each: 2, 4 and 6)
calculated by density functional theory (DFT) using deMon2k.>>
Ten independent runs were taken into account and for each
one a different distribution of the initial 3Al@Si;; structures
was obtained randomly to define the initial random data base -
composed with a total of 20 data, N = 20: structures with SMs -,
making sure the lowest energy structures are far away from the
global minimum - which is a doublet (SM = 2). In this study, for
each AL or QAL iteration, the agent'* used a batch of five
(Nselectea = 5, Fig. 1 in Methods section) possible stable struc-
tures together with the spin multiplicities from the pool of
3Al@Si;; homotop candidates (in the unexplored space), which
are sent to be validated with a DFT local minimization. The
number of AL or QAL cycles is: Nycles = 60. More details about
the 3Al@Si;; system and the classical AL method for structural
determination using classical AL can be found in ref. 21, 36, 37,
40 and 41.

3.1 Application to piezoelectric (ds;) coefficient (pC N™')
maximization of Ba(;_A,Ti;;_,)B,0; (A = Ca, Sr, Cd; B = Zr, Sn)
perovskites

In this study seven features were used to describe the
Bag; A, Ti;1,)B,O; (A = Ca, Sr, Cd; B = Zr, Sn) perovskites.
Thus, no dimensionality reduction was used and 7 qubits were
considered to build the feature maps XFeatureMap (X = Z, ZZ
and Pauli) - data encoding. The features were scaled using the
standard scaler method implemented in Scikit-learn.”” The
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QAL started with 22 random data where all perovskites among
them had the piezoelectric coefficient smaller than or equal to
300 pC N1

Fig. 3A shows the results of the average piezoelectric (ds;)
coefficient (pC N™') as a function of the number of experiments
indicated by the QAL agent for 20 independent runs. Different
QSVR - due to different QC encoding to obtain the kernel -
using EI (QSVR-EI) as the acquisition function were explored in
QAL. The results were compared to classical SVR (SVR-EI) -
classical AL. As the quantum kernel (used in QSVR) depends on
the quantum circuit (QC) encoding (e.g.: XFeatureMap, X = Z,
ZZ and Pauli), different results for the Ba;_,A,Ti—_y)B,0;
(A = Ca, Sr, Cd; B = Zr, Sn) searches were found. In particular
the PauliFeatureMap and ZZFeatureMap QC used full quantum
entanglement of the qubits. On the contrary, the ZFeatureMap
QC has no entanglement.

The results in Fig. 3A show a substantial improvement of the
QAL-EI for all QC explored in this search for modified
Ba(; A, Ti;;1_y)B,O;3 (A = Ca, Sr, Cd; B = Zr, Sn) perovskites with
maximum piezoelectric coefficient (d;;). The QSVR-EI with
ZZFeatureMap performed better (red curve). These results are
similar to the QSVR-EI one with PauliFeatureMap (green curve).
The QSVR-EI with ZFeatureMap underperformed the QSVR-EI
with ZZFeatureMap and PauliFeatureMap (with full entangle-
ment in the quantum circuit qubits). In all cases, the classical
AL (using SVR-EI with RBF kernel) yielded average piezoelectric
coefficients smaller than those obtained by QAL.

Looking at Table S1 (SI), we can see the testing and training
MAE ratio (in pC N~ ') for ~42 data is: 3.07 for ZFeatureMap;
2.26 for ZZFeatureMap; 3.00 for PauliFeatureMap and 3.26 for
SVR (with RBF kernel). Values closer to 1.00 in this ratio
indicate better regression - less overfitting. This seems to
provide evidence for the better piezoelectric coefficient
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maximization for QAL as compared with classical AL, since
the regression quality is better in QSVR. Of course, as regres-
sion is dependent on data size and data distribution, this ratio
in other scenarios might change.

Fig. 3B presents the histogram and the kernel density
estimation®® (KDE) of the piezoelectric coefficient distribution
for the full sample (with 74 perovskites) and the sample
obtained by new experiments indicated by the QAL. This
analysis considered just one run of the QAL and AL methods
using MLChem4D. The gray and black vertical bars are the
maximum piezoelectric coefficient found in the full sample and
in SVR-EI, respectively. Notice that the QAL methods using
QSVR with different data encoding to obtain the FQK were able
to find the perovskite with the highest piezoelectric coefficient
(gray vertical black). The classical AL with SVR failed in finding
the perovskite with the highest piezoelectric coefficient (black
vertical bar). In general, the QAL methods found perovskites
with piezoelectric coefficients whose distributions are similar
to the full sample. However, the purpose of QAL is not model-
ling the full distribution; but, to find the optimum material
with few new experiments or samplings.

3.2 Application to band-gap minimization of double AA'BB’O4
perovskites

The double perovskites (AA'BB'Oq) were described by 64
features based on the elemental properties and the perovskite
compositions - ref. 31 shows how the features were obtained
and more information can be found in SI. In this case,
dimensionality reduction using PCA** was used to reduce it
to 8 components. In QML this resulted in 8 qubits, which were
used to obtain the feature maps XFeatureMap (X = Z, ZZ and
Pauli) - for data encoding. The QAL study started with 10
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Fig. 3 (A) Average energy piezoelectric (dss) coefficient (pC N7 of Bag_0A«Tia—)B,O3 (A = Ca, Sr, Cd; B = Zr, Sn) perovskites obtained by 20
independent QAL or AL runs as a function of new experiments (with N¢ycies = 20). SVR: Classical Support Vector Regression with Radial Basis Function
(RBF) kernel. QSVR: Quantum Support Vector Regression with XFeatureMap (X = Z, ZZ, Pauli) and Fidelity Quantum Kernel (FQK). El: Expected
Improvement. QML: quantum machine learning; “reps”: number of times the quantum circuit is decomposed. (B) Kernel density estimation and
histogram of piezoelectric coefficient (pC N~2) for different BagAxTia-y)B,O3 (A = Ca, Sr, Cd; B = Zr, Sn) perovskite samples: (1) full sample with 74 data
(gray); (I) sample obtained with AL with SVR-EI (black); (Ill) sample obtained with QAL with QSVR-EI with ZFeatureMap (blue); (IV) sample obtained with
QAL with QSVR-EI with PauliFeatureMap (green); (V) sample obtained with QAL with QSVR-E| with ZZFeatureMap (red). The gray and black vertical bar
are the maximum piezoelectric coefficient found in the full sample and in SVR-EI, respectively. The percentage of perovskites sampled by QAL or AL is
shown (taking the full sample as a reference). One independent run was used in the analysis.
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random data, guaranteeing that all perovskites among the 10
had a band-gap equal to or greater than 2.0 eV.

In the search for double perovskites (AA'BB’Og) with small
band-gaps, the average band gaps obtained for 20 independent
QAL and AL runs are shown in Fig. 4A. The XFeatureMap (X = Z,
ZZ and Pauli) QCs were used to obtain the fidelity quantum
kernel, used in QSVR. The QAL-EI with ZFeatureMap encoding
found, in most of the QAL cycles, double-perovskites with
smaller band gaps (blue curve). After cycle 17 the QAL-EI with
ZZFeatureMap (red curve) presented a deeper decline of the
average band gaps, when compared to the QAL-EI with ZFea-
tureMap and PauliFeatureMap. Finally, when comparing the
QAL with classical AL, we see that all QSVR-EI methods out-
performed the SVR-EI method for band-gap search until the
very end of the 20 new experiments, by which point the classical
SVR found on average (in 20 independent runs) the global
minimum more times, making the best QAL (ZZFeatureMap)
yield an average band-gap slightly higher.

From Table S1 (SI) we can obtain the testing and training
MAE ratio (in eV) for ~20 data: 2.33 for ZFeatureMap; 4.19 for
ZZFeatureMap; 1.31 for PauliFeatureMap and 2.23 for SVR
(with RBF kernel). When this ratio is ~1.00, better is the
regression or less overfitting. The situation is ambiguous in
this case, no clear distinction can be made between the
quantum and classical prediction protocols. Of note, as regres-
sion depends on data size and data distribution, this ratio can
change in other scenarios.

The KDE for the band-gap distribution for the full double
perovskites sample (54 AA'BB'Og materials) and those obtained
by QAL and AL are presented in Fig. 4B. Also, the histogram for
the full sample is shown. One independent run of the QAL and
AL methods was considered in the analysis. The QAL methods
using QSVR with different feature maps to obtain the FQK were
able to find the perovskite with the smallest band-gap (gray
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vertical line). For this independent run, the classical AL with
SVR found a AA’BB’Og perovskite with a band-gap a bit above
the optimum one, as seen in the black vertical line, Fig. 4B. The
QAL methods found AA'BB'O¢ perovskites with band-gaps
whose distributions are similar to the full sample. The agent
in QAL doesn’t aim to find materials whose band-gaps follow
the full distribution; but, to find with few experiments the next
ones to be observed in order to optimize the desired property.

3.3 Application to energy storage density maximization of
Ba(;_A.Ti(;_)B,0; (A = Ca, Sr, Cd; B = Zr, Sn, Hf) perovskites

Here, 34 features based on the elemental properties and the
perovskite compositions (as explained in details in ref. 20 and in
ST) were used to describe the Baj _ A, Ti(;—,)B,0; (A = Ca, Sr, Cd;
B = Zr, Sn, Hf) perovskites. Then, dimensionality reduction using
PCA was applied to reduce the features to 8 components, which
were subsequently mapped onto 8 qubits in the QC. These qubits
were used to obtain the data encoding XFeatureMap (X = Z and
Pauli) - feature maps (ZZ was not examined because the results for
these two feature maps were quite similar for the previous two
cases and ZZ is computationally demanding for this data size). The
QAL study started with 73 random data, all 73 perovskites had
their energy storage densities equal to or smaller than 65 mJ cm .

The efficiency of the QAL search in finding modified per-
ovskites (Bag_xA,Ti;_,)B,0;) with maximum energy storage
density was done by emulating a laboratory condition by
starting with 73 Ba;_A«Ti;—)B,0; (A = Ca, Sr, Cd; B = Zr,
Sn, Hf) random perovskites from an experimental database of
242 perovskites.? During the random process, these 73 perovs-
kites were randomly selected by constraining their energy
storage density to be below or equal to 65 mJ cm ® - a
challenging optimization scenario. In each AL cycle or iteration
(k) N&ilctea = 1. This indicates the number of selections by the
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acquisition function or agent in the unexplored space (N’Jmual)
for new observations.

Fig. 5A shows the results of the QAL method (as implemen-
ted in MLChem4D) in maximizing the energy storage density
(mJ em ™) of modified perovskite oxides (Bag A Ti(1_y)B,03).
Until 15 QAL cycles or new experiments the QAL method using
QSVR-EI with ZFeatureMap (no qubit entanglement) presented
the highest average energy storage density for 20 independent
runs. In most of these cycles or new experiments the QSVR-EI
with PauliFeatureMap-circ (where the circular entanglement of
the qubits in the QC was considered) presented a similar
performance when compared to classical AL (SVR-EI). When
considering the QAL with QSVR-EI with PauliFeatureMap-full
(full entanglement) the performance, in most of the cycles, was
a bit lower than the other QAL methods.

From Table S1 (SI) the testing and training MAE ratio (in mJ
ecm?) for ~93 data are: 2.42 for ZFeatureMap; 6.57 for Pauli-
FeatureMap and 1.21 for SVR (with RBF kernel). The MAE ratio
~1.00 indicates a regression model with less overfitting. In this
case, the classical algorithm does better than either quantum
approach, on this metric. This analysis should be taken in the
context of regression models that depend on data size and data
distribution. Thus, these ratios can change in other scenarios.

The KDE analysis for the energy storage density of the new
Bag; _ATi;—)B,0; perovskites indicated by the QAL agent is
shown in Fig. 5B together with the histogram for the full
sample - which has 242 Ba(;_A,Ti_,)B,O; perovskites. The
QAL and AL methods were able to find the perovskite with the
smallest band-gap (gray and black vertical lines). The QAL
found Ba;_yA,Ti;;—,)B,0; perovskites with energy density
storages with distributions similar to the full sample. These
KDEs resemble a normal distribution. An independent run of
the QAL and AL methods was considered to obtain Fig. 3B.
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3.4 Application to structural determination and optimum
spin multiplicity of 3Al@Si;; nanoparticles

Also, we have proposed a QAL or QBO?® for automatic structural
determination of doped nanoparticles together with the search
for the optimum spin multiplicity on-the-fly. This was imple-
mented in the QMLMaterial®' software using the sQUlearn®?
quantum computing library and was applied for the 3Al@Si;4
doped nanoparticle. In addition to the change of the position of
the three Al doped in Si;; (3Al@Si;4) the possible spin multi-
plicities (SM = 2, 4 and 6) were allowed to change for each
possible doped structure in the QAL framework. More details
about this method using classical AL can be found in ref. 32. In
this study, the agent used a batch of five (Ngelectea = 5, Fig. 1 in
the Methods section) possible stable structures together with
the spin multiplicities from the pool of 3Al@Si;; homotops to
be validated with DFT. The initial population (N) was 20. More
details can be found in ref. 32.

The many body tensor representation (MBTR) method,
available in the DScribe® library and interfaced in QMLMater-
ial, was used to describe the 3Al@Si;; homotop structures.
Also, a SM descriptor was used to represent the multiplicities,
as described in SI. The two descriptors, MBTR, for structures,
and spin multiplicity, were concatenated. This joint descriptor
has its dimensionality reduced using PCA, whose final dimen-
sion was 4, aiming to use just 4 qubits for data encoding using
the HighDim and YZ_CX circuits (Fig. S5 and S6). Table S2 (in
SI) presents the optimum hyperparameters found and the
statistics of both GPR and QGPR models for different data
sizes during the AL and QAL iterations.

Fig. 6A shows the average total energy (in Hartree) of
3Al@Si;; homotops (for 10 independent runs) as a function
of the number of calculations (DFT local optimizations using
the deMon2k program). Different QAL studies using QGPR were
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Fig. 5 (A) Average energy storage density (mJ cm™) of Bag—A«Tia-)B,O3 (A = Ca, Sr, Cd; B = Zr, Sn, Hf) perovskites obtained by 20 independent QAL
or AL runs as a function of new experiments (with Neycies = 50). SVR: Classical Support Vector Regression with Radial Basis Function (RBF) kernel. QSVR:
Quantum Support Vector Regression with XFeatureMap (X = Z, Pauli) and Fidelity Quantum Kernel. El: Expected Improvement. QML: Quantum Machine

Learning. “reps”: number of times the quantum circuit is decomposed. (B) Kernel density estimation and histogram of energy storage density (mJ cm
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distributions for different Bai_A«Tia-,)B,O3 (A = Ca, Sr, Cd; B = Zr, Sn, Hf) samples: (1) full sample with 242 data (gray); (/) sample obtained with AL with
SVR-EI (black); (Ill) sample obtained with QAL with QSVR-EI with ZFeatureMap (blue); (IV) sample obtained with QAL with QSVR-EI with PauliFeatureMap-
circ (green); (V) sample obtained with QAL with QSVR-EI with PauliFeatureMap-full (pink). The gray and black vertical bar are the maximum energy
storage density found in the full sample and in the AL with SVR-EI, respectively. The percentage of perovskites sampled by QAL or AL is shown (taking the

full sample as a reference). One independent run was used in the analysis.
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(A) Average total energy obtained by DFT (in Hartree) for 3Al@Siy; obtained by 10 independent QAL or AL runs as a function of new calculations

(with Neycies = 60 and Neelectea = 5). GPR: Classical Gaussian Process Regression with DotProduct and WhiteKernel combination. QGPR: Quantum
Gaussian Process Regression with XFeatureMap (X = HighDim, YZ_CX) and Projected Quantum Kernel (PQK) or Fidelity Quantum Kernel (FQK). “Exploit.”:
pure exploitation. El: Expected Improvement. “reps”: number of times the quantum circuit is decomposed. (B) Total Energy (in Hartree) for different spin
multiplicities (2, 4, 6), SMs, as a function of the total number of local optimizations for one run. The left side of the vertical line shows the structures and
SMs energies of the 20 initial data. The right side presents those obtained from the QAL method by QGPR, with exploitation, HighDim quantum circuit
and PQK. The global minimum is represented by a red star (SM = 2). The MBTR descriptor was used for the 3Al@Siy; structures together with a SM

descriptor to represent the multiplicities, as shown in SI.

considered by changing: the quantum kernel (PQK, eqn (6) and
FQK, eqn (5) - Methods section); quantum circuits HighDim
and YZ_CX as defined in the sQUlearn®® library (Fig. S5 and S6);
acquisition function: EI and exploitation (prediction only). The
QAL performance in minimizing the energy with optimum spin
multiplicities for 3Al@Si;; can be compared with the classical
AL (black curves in Fig. 6A). Quite surprisingly - as opposed to
classical GPR whose kernel is a combination of DotProduct and
Whitekernel, eqn (2) - the QGPR models presented small
uncertainty values, independent of the quantum circuit, quan-
tum kernel and data size. This explains why exploitation
yielded better performance than EI. As discussed in the Meth-
ods section, from eqn (8) we can see that by having T higher
(defined: T= fini, — u(x'"))) and o(x) lower, EI ~ T, which means
we are exploiting the already known region of the surface.

In classical AL, the tradeoff between exploitation, u(x/)), and
exploration, o(x), using EI resulted in better performance (black
curve: “GPR-EI”’) when compared to exploitation (black curve:
“GPR-Exploit.”). On the contrary, the QAL presented better
performance when the decision making was based on pure
exploitation (without uncertainty for exploration). For example,
when considering the HighDim and PQK kernel, “QGPR-
Exploit.” presented better results — pink curve in Fig. 6A -
when compared to “QGPR-EI” (blue curve), when EI was used
for decision making.

The “QGPR-Exploit.” with HighDim quantum circuit for
data encoding and quantum kernel PQK performed better in
obtaining the putative global minimum (GM) structure with the
optimum SM (SM = 2, a doublet). This outperformed the
classical AL with GPR-EL

Fig. 6B shows the total energy (in Hartree) as a function of
the number of calculations for a particular QAL run using
QGPR with exploitation and the HighDim quantum circuit with
PQK. On the left side of the vertical line are the 20 initial data
obtained randomly; on the right side are the energies obtained

8612 | Phys. Chem. Chem. Phys., 2026, 28, 8604-8617

from the QAL method by using QGPR with spin multiplicities
(SM): 2, 4 and 6. The red star represents the GM, which is a
doublet. For this particular run, the QAL method, as imple-
mented in QMLMaterial, required 65 new local optimizations
(a total of 85) to find the putative GM. Indeed, the QAL with SM
is able to probe different structure surfaces and SM at the same
time, providing “spin jumping” between potential energy sur-
faces during the QAL cycles.

4. Discussion

The results of the proposed QAL for the single and double
modified perovskites (i.e.: maximization of piezoelectric coeffi-
cients, Fig. 3; minimization of band-gaps, Fig. 4; and maximi-
zation of energy storage densities, Fig. 5) indicate that using
QSVR trained on-the-fly during the QAL cycles with the fidelity
quantum kernel obtained by different quantum circuits
(e.g.: XFeatureMap, X = Z, ZZ and Pauli) outperformed the
results obtained from classical AL using SVR with the RBF
kernel for maximization of piezoelectric coefficients (Fig. 3A)
and for minimization of band-gaps (Fig. 4A). However, for the
maximization of the energy density storage, the QAL applica-
tion outperformed the AL (Fig. 5A) just in the first few QAL new
experiments; after that the QAL methods with different quan-
tum circuits yielded similar performance when compared to
classical AL.

Seeking insight into those situations that offer some quan-
tum improvement and those that don’t, we offer the following
preliminary, and perforce somewhat conjectural, analysis.
Comparing the KDE in Fig. 3B, 4B and 5B we see, first
(Fig. 3B) a distribution that descends more or less smoothly
from the origin, then (Fig. 4B) a highly skewed distribution with
a maximum around 2 eV and finally (Fig. 5B) a slightly skewed
distribution that is more-or-less normal. The relative
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performance of our QAL protocol, compared to classical AL,
decreases in the same order, with Fig. 3A showing the clearest
quantum improvement, Fig. 4A requiring a more nuanced
analysis: quantum better at the early stages but classical catch-
ing up around the 20 new calculation mark, and Fig. 5A
showing mostly similar performance for classical and quantum
approaches (with just some early advantage for, intriguingly,
the quantum approach without entanglement). We note in ref.
56 a somewhat similar conclusion in a quantum reservoir-
computing study of time sequence data. They found a quantum
advantage for high-frequency (rough) data but none for low-
frequency data. Clearly, more work will be required to see if this
trend, that quantum improvement might be found for “rough”
data sets might generalize.

The generalization of classical supervised ML algorithms,
although older than QML, is still challenging, as stated by the
no-free-lunch theorem for machine learning:>” “there is no
completely general-purpose learning algorithm, that any learn-
ing algorithm will generalize better on some distributions and
worse on others®®”. Thus, as QML and QAL performance
depend on data and their encoding by feature maps or quan-
tum circuits, we think there is also a “no-free lunch theorem for
QML”. Advances to overcome this will requires further investi-
gations, primarily new quantum circuit design.

The QAL or QBO using QGPR for automatic structural
determination has shown to be efficient, when compared to
classical AL using GPR. The results of QAL for 3Al@Si,; using
the HighDim quantum circuit with 4 qubits and PQK (“QGPR-
Exploit., HighDim, PQK”, Fig. 6) outperformed all other QAL
and AL methods, as highlighted in Fig. 6A. All AL and QAL
reported in Fig. 6 used the MBTR descriptor for the structures
of 3Al@Si;, jointly with the spin multiplicities—as described in
more details in SI and ref. 32. The success of ‘“QGPR-Exploit.,
HighDim, PQK” using just exploitation for decision making
(since the uncertainties were small in all QAL studies using
QGPR), shows that the quantum circuits, quantum kernels and
dimensionality reduction techniques influence the epistemic
uncertainty®® (whether this is obtained analytically from GP or
resampling techniques, such as CV and BS) and how this affects
the agent' in making better decisions (i.e.: exploitation and
exploration tradeoff) to indicate new materials or structures for
further observations, with few data.

The speed or efficiency of the QAL algorithm in finding
optimum solutions — whose bottleneck is the DFT calculations —
can be seen by the “QGPR-Exploit., HighDim, PQK” results for
3Al@Siy; problem (magenta curve in Fig. 6A). The QAL required
160 new local optimizations (or 3Al@S;; homotop structures and
spin multiplicities visited by the QAL agent) to find, in most of the
independent runs, the optimum solution. The initial data set was
20 random 3AI@Si;; structures and SMs. The discrete search
space is 495 — 165 3AlSi,; homotops and 2, 4 and 6 multiplicities
for each one. Thus, the QAL was 64% computationally efficient,
compared to brute force.

The results presented here explore just a small subset of the
vast number of applications that will be needed to establish the
credentials of QAL. The work brings several perspectives to be
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explored with quantum kernel algorithms (e.g.: QSVR and QGP)
within a QAL workflow - aiming to find improved materials’
efficiently. For instance, several QAL ‘parameters” can be
explored to investigate the performance of the agent in finding
new or faster discoveries: type of uncertainty quantification
besides K-fold CV, e.g. bootstrap (BS);>® the influence of the
number of K-fold CV splits as well as of BS in the uncertainty
quantification: exploitation and exploration tradeoff; different
types of quantum kernels® (e.g.: Fidelity and Projected Quantum
Kernels); other types of feature maps and quantum entanglement
protocols;*® different acquisition functions, such as LCB or UCB;>”
the role of the number of qubits required to describe the descrip-
tors and the type of dimensionality reduction.®® From these: CV
and BS; the XFeatureMap (X = Z, ZZ, Pauli) with several entangle-
ments - as available in Qiskit*® framework - and HighDim and
YZ_CX from sQUlearn;* the LCB and UCB acquisition functions
are available in MLChem4D?® as well as in QMLMaterial*' to
investigate the uncharted chemical space aiming at better materi-
als design and discovery, guided by QAL.

There are two essential differences between quantum kernel
methods and classical SVMs. On one hand, quantum compu-
ters have the potential to be exponentially more powerful than
classical computers, allowing quantum feature maps to be
more expressive than classical ones. This increased expressivity
means that quantum feature maps can represent complex data
patterns and relationships more effectively, capturing intricate
structures that classical feature maps might miss, potentially
enhancing performance in pattern recognition, classification
and regression tasks. On the other hand, quantum kernels are
subject to small additive noise from the estimation process,
whereas classical kernels can be computed exactly. Therefore,
in real scenarios, demonstrating a quantum improvement with
the QML algorithms requires leveraging the expressivity of
quantum feature maps while ensuring robustness against finite
sampling noise. However, it should be noted that the current
study has been conducted under ideal conditions, with no
noise considered. When comparing the expressivity of the
employed feature maps, the ZFeatureMap encodes data using
rotations around the Z-axis of the qubit’s Bloch sphere. While
simple and efficient, its expressivity is limited because it only
leverages a single axis of rotation. The ZZFeatureMap incorpo-
rates interactions between pairs of qubits, adding an additional
layer of complexity by using entangling gates. This allows the
model to capture correlations between data points, enhancing
its expressivity compared to the ZFeatureMap and making it
more capable of representing complex patterns and relation-
ships in the data. Lastly, the PauliFeatureMap employs rota-
tions around multiple axes (X, Y, and Z) and includes
entangling gates, offering a comprehensive approach to data
encoding. With its multi-axis rotations and entanglement, the
PauliFeatureMap has the highest expressivity among the three.
It can capture intricate data structures and complex relation-
ships, making it highly suitable for challenging pattern recog-
nition and classification tasks. In this work, the quantum
feature maps feed into a quantum kernel calculation, then a
classical SVR or GP process. Future work could focus on
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quantum algorithms, such as the variational quantum classifier/
regressor; a quantum classifier algorithm was used in earlier work
by some of us to classify materials as perovskites.®>

Tables S1 and S2 show the optimum hyperparameters, classical
and quantum kernels, the feature maps and their mean absolute
errors (MAE) for perovskites and 3Al@Si;; systems, respectively.
As we are dealing with small data, we noted some degree of
overfitting during the QAL cycles, despite our effort to reduce it
through a hyperparameterization grid search. This is discussed in
detail in Sections S3 and S4 of SI. Even so, QAL yielded better
efficiency in these two applications. These results indicate that
QAL is forgiving the model quality as has also been observed by
Lookman et al. in ref. 49 and 63. One way of mitigating overfitting
during the QAL cycles is through parameterized quantum circuits.
That is, a local search algorithm seeks the optimum quantum gate
parameters that minimizes the training loss function. The role of
parameterized quantum circuits in QML models and QAL effi-
ciency is a perspective for further investigations. Overfitting in
QML and Bayesian optimization (similar to (Q)AL) methods has
been discussed elsewhere: ref. 64 and 65. The topic undoubtedly
deserves further study.

5. Concluding remarks

Artificial intelligence (AI) methods based on active learning (AL)
have been shown to be efficient for decision-making in situations
where small datasets of materials are available. The meeting of Al
and quantum computing technologies is already a reality” and
Quantum Artificial Intelligence (QAI) is emerging as a new field. In
this work, a QAI method based on quantum active learning (QAL)
for experimental or material design was developed and imple-
mented in MLChem4D, targeting experimental or material
design, and QMLMaterial, aimed at automatic structural determi-
nation of nanoparticles (e.g. doped ones) using DFT to build the
potential energy surface. The QAL method was applied to single
and double modified perovskite oxides (using MLChem4D?) as
well as to the structural determination together with the spin
multiplicity of 3Al@Si,; (using QMLMaterial*").

The MLChem4D and QMLMaterial programs (written in
Python3.x) now supports quantum machine learning algorithms
that can be explored with different quantum circuits for data
encoding. These QAI programs are currently under development
with the purpose of providing a general method for experimen-
talists or theoreticians to aid chemists, physicists or materials
engineers in finding or understanding the nature of materials
with the proper elements and compositions to be synthesized and
to have their properties evaluated, aiming to improve their proper-
ties with as few experiments as possible - from experiment or from
computational modelling. This QAI technology has the potential
of finding optimum solutions, within the chemical space, in
materials science and in other branches of chemistry. The QQ
methodology - Quantum for building the PES and Quantum for
inference - is available in QMLMaterial,>' which supports several
quantum chemistry packages, such as deMon2k,’> DFTB+°°
ORCA,*” xTB®® and Quantum ESPRESSO.®® Due to the Python
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extensibility and modularization, new quantum based software
can be interfaced straightforwardly.

To be sure, this paper leaves some open questions. Quantum
ML algorithms use quantum circuits to encode input data
(tensors) in Hilbert space - through tensor operations - in
order to find new data correlations, aiming to find better
inference of training and testing targets (i.e. materials proper-
ties). Thus, as is the case for classical ML methods - such as
SVR, GP and deep neural networks —, the aim is to project the
input data into another space. All these data-driven algorithms
are algebraic models for problem solving. Therefore, the inter-
pretability of decisions by ML models are challenging and
under debate in academia and in society, more generally.
Clearly, QML algorithms inherit these challenges. Thus, the
role of complex tensor manipulations for data encoding in
QML and QAL algorithms are challenging, requiring further
investigation of quantum circuit design - including the amount
of entanglement - for discovery efficiency with small data.

Finally, as a perspective, new systems with different data
distribution and roughness will be studied by QAL, such as
organic reaction optimizations,”® urease inhibition design”* as
well as solution-phase targets,”” where the property landscape
can be even rougher due to thermal fluctuations and sampling
noise. That is, new QAL applications are possible without
changing the QMLMaterial or MLChem4D code, given that
these programs are designed to find solutions in a data-
driven approach. Then, the aforementioned open questions —
i.e. QML interpretability, the role of entanglement and circuit
design for new discovery — will be tackled by further QAL
developments and applications. These include, also, the inves-
tigation of noise in kernel computations. This is already
implemented in a new version of MLChem4D. This new feature
allows the investigation of the effect of FQK and swap test (STK)
kernels in QML and QAL computed under different noise
assumptions: simulated noise from Qiskit/Pennylane or real
noise profiles from quantum computers.
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The data supporting the quantum and classical active learning
(QAL and AL, respectively) study are: (I) piezoelectric coefficient
(ds3) maximization of modified single perovskites
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Ba(;_ATi(1—y)ByO; (A = Ca, Sr, Cd; B = Zr, Sn) was given by
https://doi.org/10.1063/5.0012405; (II) band-gap minimization
of double-perovskites was obtained from https://openreview.
net/forum?id=Q5KVnwFUrkH; (III) energy storage density max-
imization of Bag;_ATi(;_y)B,O; (A = Ca, Sr, Cd; B = Zr, Sn, Hf)
modified single perovskites was acquired from https://doi.org/
10.1002/advs.201901395 and https://doi.org/10.1063/5.0012405.
(IV) Automatic structural determination jointly with spin multi-
plicities of an Si;; nanoparticle doped with Al (3Al@Si;4), the
dataset was obtained from https://doi.org/10.1007/s00214-021-
02820-2. (V) MLChem4D (https://doi.org/10.1139/cjc-2022-0198)
and QMLMaterial (https://doi.org/10.1021/acs.jctc.3c00566)
codes - with installation and tutorial - were available to the
reviewers with AL and QAL examples to be run. First, a YouTube
video explains how to run AL and QAL for piezoelectric coeffi-
cient maximization of ABO; modified perovskites (data
obtained from https://doi.org/10.1063/5.0012405) using SVR
and QSVR: https://youtu.be/jLhFajQ0Uus. Second, another You-
Tube video showing an example for running QMLMaterial with
classical AL and QAL for 3Al@Si,; with spin multiplicities 2, 4
and 6 using GPR and QGPR: https://youtu.be/IVFL_XZxcyo. The
data for 3Al@Si;; were obtained from https://doi.org/10.1007/
$00214-021-02820-2.

Code availability: the programs MLChem4D and QMLMater-
ial are available from the corresponding author on reasonable
request.

Supplementary information (SI): Statistical regression.
Quantum circuits used for data encoding. Grid search hyper-
parameterization for classical (SVR) and quantum (QSVR)
machine learning models. Grid search hyperparameterization
for classical (GPR) and quantum (QGPR) machine learning
models. Quantum machine learning set up. Single-perovskite
descriptor. Double-perovskite descriptor. Spin multiplicity and
structural descriptors. Tutorial video explaining how to use the
MLChem4D and QMLMaterial programs. References. See DOI:
https://doi.org/10.1039/d5¢cp04800a.
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