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Abstract

In the twenty-first century, humanity is compelled to face global challenges. Such challenges
involve complex systems. However, science has some cognitive and predictive limits in
dealing with complex systems. Some of these limits are related to computational complexity
and the recognition of variable patterns. To overcome these limits, artificial intelligence
(AI) and quantum computing (QC) appear to be helpful. Even more promising is quantum
AI (QAI), which emerged from the combination of AI and QC. The combination of AI and
QC produces reciprocal, synergistic effects. This work describes some of these effects. It
shows that QC offers new materials for implementing AI and innovative algorithms for
solving optimisation problems and enhancing machine learning algorithms. Additionally,
it demonstrates how AI algorithms can help overcome many of the experimental challenges
associated with implementing QC. It also outlines several perspectives for the future
development of quantum artificial intelligence.

Keywords: quantum computing; artificial intelligence; fuzzy logic; fuzzy entropy;
optimisation problems; machine learning; quantum circuits; qubit; quantum AI;
quantum gates

1. Introduction
In this century, humanity is urged to face global challenges. A list of these challenges

was reported in the 2030 Agenda compiled by the United Nations ten years ago [1]. When-
ever humans cope with global challenges, they have to deal with complex systems [2] such
as human beings and their societies, the world economy, urban areas, natural ecosystems,
and climate. Unfortunately, whenever we handle complex systems, scientific approaches
encounter limitations. in understanding and predicting their behaviour [3]. One such limi-
tation derives from computational complexity: many computational problems involving
complex systems are solvable but intractable [4]. It is impossible to determine their exact
solutions within a reasonable timeframe, even if the fastest supercomputers in the world are
available. Another limitation regards the recognition of variable patterns that are emergent
properties of complex systems. We have yet to formulate a universally valid and effective al-
gorithm that can recognize every type of variable pattern [5,6]. To address these limitations,
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it is necessary to formulate new algorithms, propose new materials and architectures for
computation, and develop new methods and models to describe the behaviour of complex
systems. In this regard, the interdisciplinary research line of Natural Computing [2,7] is par-
ticularly promising. Natural Computing is rooted in the basic idea that any distinguishable
physicochemical state of matter or energy can be used to encode information. Therefore,
every natural transformation of these states is a computation. Within Natural Computing,
two research streams are usually distinguished. In the first case, scientists utilise physico-
chemical laws to perform computations. For instance, the quantum-mechanical laws can be
used to develop quantum computing (QC) [8]. The phenomena of quantum superposition,
entanglement, interference, and tunnelling guarantee, at least in principle, computational
acceleration compared to computing machines that operate based on the laws of classical
physics and electromagnetism, such as conventional electronic computers. In the second
research stream of Natural Computing, the intelligent competencies of living beings are
mimicked. For example, artificial intelligence (AI) aims to mimic the human capacity to
recognize variable patterns easily and make decisions based on deductive reasoning [9].
The urgency of the need to improve our computational capabilities sparked the idea of
merging quantum computing (QC) and artificial intelligence (AI) to develop quantum AI
(QAI). QAI involves investigating the feasibility and potential of leveraging QC for AI and
AI for QC [10–14]. A synergistic effect emerges.

This work presents some of the numerous reciprocal relationships that have been
established between the two fields; those described in this work are shown in Figure 1.
First, we demonstrate that AI can be supported by materials used in the field of quantum
information (paragraph 2). Specifically, it will be shown that thermalised quantum mixed
states in liquid solutions allow the imitation of intelligent competencies specific to living
beings. Then, it will be explained how the principles of quantum mechanics can support
the search for solutions to hard computational problems, such as those of optimisation
(paragraph 3) and those involved in the field of machine learning (paragraph 4). The
contribution of AI to QC will be demonstrated by the application of AI techniques and
algorithms that facilitate quantum-circuit compilation and error mitigation, which are two
significant obstacles in the development of quantum technologies (paragraph 5). Finally,
some general perspectives are offered in the conclusions of this article.

Figure 1. Main areas of intersection between quantum computing and AI.



AI 2025, 6, 175 3 of 23

2. Chemical Contributions to Quantum AI
There are three principal strategies for developing AI: it can be implemented in (1) soft-

ware, (2) hardware, and (3) wetware. Generally, AI is implemented in software that runs
on classical electronic computers. Among the several strategies used to develop intelli-
gent software, it is worth mentioning the approaches based on the mimicry of (i) rigorous
human logic [9], (ii) vague human reasoning (through fuzzy logic) [15], (iii) the struc-
tural and functional features of neural networks, and (iv) phenomena specific to living
and nonliving matter, such as evolution and minimisation of free energy [16]. Some of
these approaches have been enriched by introducing the laws of quantum mechanics. For
instance, for modelling the spatiotemporal interactions in neural systems, a framework
developed using Lattice Field Theory (i.e., the reference computational paradigm used in
Quantum Field Theory) that bridges neuroscience, neural network theory, and quantum
mechanics has been introduced [17]. By discretisation of neural activity into binary vari-
ables on a spacetime lattice, it has been demonstrated how neural activity can be treated as
qubits [18–20]. This finding could lead to exciting and promising applications, such as the
combined use of Lattice Field Theory and deep learning [21] to program biohybrid circuits,
including neuromorphic chips and organoids, thereby paving the way for a new generation
of brain-inspired AI. Additionally, this technique could accelerate the development of the
groundbreaking idea of using natural neurons to perform physical Lattice Field Theory or
quantum simulations [22]. Other examples of how well-established AI algorithms have
been enriched through application of the laws of quantum mechanics are described in para-
graphs 3 and 4 of this article. The resulting hybrid algorithms can be run on conventional
electronic or quantum computers [23].

The second strategy for developing AI relies on the implementation of neural sur-
rogates in hardware to design brain-like computing machines, revolutionising the Von
Neumann architecture of current electronic computers in which the processor and memory
are physically separated [24–26]. Neural networks process classical information when they
are composed of silicon-based circuits, inorganic memristors, or organic semiconductors.
They process quantum information when the nodes of the networks are made from systems
that generate quantum-coherent states. Depending on the quantum computing platform,
the various approaches are usually divided into two groups: digital approaches, which
use gate-based quantum computers, and analogue approaches, which use analogue quan-
tum computing platforms [27]. Neural networks on gate-based quantum computers are
implemented as parameterised quantum circuits through trapped ions or superconducting
circuits. Analogue quantum neuromorphic computing relies on the dynamics of a quantum
system. It encompasses the adiabatic dynamics of quantum annealers and the more general
dynamics of disordered quantum systems, and these are leveraged in the context of reser-
voir computing. The reservoir can be based on quantum dots, photonic and microwave
circuits, nitrogen-vacancy centres in diamond, or nuclear or electron spins in molecules
within a magnetic field [28,29].

Recently, authors have proposed a novel strategy for developing AI: chemical AI
(CAI) [30,31]. It involves developing chemical systems that mimic biological intelligence
competencies in wetware, i.e., liquid solutions, which represent the characteristic phase of
life [32,33]. Properly selected molecules and their chemical reactions enable the mimicry of
certain biological intelligence functions. For instance, it is possible to process both Boolean
and fuzzy logic [32–35] and implement neural surrogates and the learning capabilities of
neural networks [36–39]. The use of the liquid phase guarantees molecular communication
through mechanisms active in living beings, such as thermal diffusion, advection, chemical
waves, and supramolecular interactions [40–43]. Since every chemical process occurs in a
microscopic world governed by quantum-mechanical laws, a recently raised hypothesis
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suggests that some chemical phenomena occurring in living matter and characterizing
biological intelligence rely on quantum-coherent phenomena. Avian magnetoreception,
olfaction, and, probably, consciousness are biological competencies that involve coherent
states, entanglement, and tunnelling [44–48].

Other quantum-like phenomena of living matter are based on quantum mixed states
and their fuzzy features [49–51]. Quantum mixed states are generated whenever the
random Brownian motion of the molecules triggers the collapse of quantum coherent states,
which are required for generating qubits (the unit of quantum information in conventional
quantum computing). At ordinary temperatures, the collapse occurs relatively quickly,
on orders ranging from a few picoseconds 10−12 s to milliseconds 10−3 s, depending on
the kind of quantum state involved. Quantum mixed states do not have limited lifetimes
and can be easily manipulated by physicochemical inputs without the risk of inducing
the collapse of superimposed quantum states. A quantum mixed state (ρ) is a linear
combination of quantum wavefunctions (ψi), as follows:

ρ =
N

∑
i=1

wi|ψi >< ψi| (1)

In Equation (2), wi represents the weight of the i-th wavefunction and corresponds
to its probability. Quantum mixed states allow the implementation of chemical fuzzy sets.
When the wi coefficients are interpreted as the degrees of membership of the different
wavefunctions ψi to ρ, the quantum mixed state looks like a chemical fuzzy set. Hence, wi

is also the fuzzy unit of information. The amount of information encoded by a quantum
mixed state is the fuzzy entropy, defined as follows: [52]:

H = −
N

∑
i=1

wi log(wi) (2)

Collections of chemical fuzzy sets can granulate the physicochemical variables, guar-
anteeing computational parallelism. One example in nature is offered by human colour
vision. In the centre of the retina (i.e., the fovea), humans have three types of cones: the
so-called red, green, and blue cones. Each type of cone has its own characteristic photore-
ceptor protein. Although the red, green, and blue photoreceptor proteins have the same
chromophore, i.e., the 11-cis retinal (see the molecular structure on the top of Figure 2), they
differ in the spectral position of their absorption bands (see the bottom part of Figure 2)
due to the distinct amino-acid compositions of the pockets containing the retinals.

Each absorption band is the result of a characteristic transition moment integral (µi f ):

µi f =
∫

ψ∗
e f µ̂ψei dτe

∫
ψ∗

v f ψvi dτn (3)

In Equation (3), ψe and ψv refer to the electronic and vibrational wavefunctions of the
ground (i) and excited states (f). The three absorption bands correspond to three molecular
fuzzy sets that granulate the visible spectral region. Lights of distinct colours, i.e., those
having different spectral compositions, are absorbed by the three proteins with different
probabilities, these values being related to the extent of the three transition moment integrals
(Equation (3)), whose values are wavelength-dependent. In terms of fuzzy sets, lights with
distinct hues belong to the three chemical fuzzy sets with different degrees of membership.
These diverse degrees of membership or probabilities of absorption constitute the first
clue used for distinguishing among hues within the human brain. The granulation of the
visible region is a form of quantum parallelism that enables humans to distinguish around
200 hues.



AI 2025, 6, 175 5 of 23

This unconventional form of quantum parallelism, which does not require coherent
quantum states, is not restricted to human colour vision, but it is common to all the human
sensory systems: the visual, auditory, olfactory, gustatory, somatosensory, vestibular,
and thermosensory systems, as has already been demonstrated [53]. The imitation of
this feature is pursued by the development of Chemical AI. For instance, in analogy to
the system of three photoreceptor proteins, a collection of three or four photochromic
compounds, selected by considering their absorption bands as chemical fuzzy sets, has
been devised to extend human vision to the UV region of the spectrum [54,55].

Figure 2. On top, the molecular structure of 11-cis retinal that photo-isomerizes to all-trans retinal
when it absorbs light is shown. At the bottom, the absorption spectra of the three retinals are reported.
Lights having distinct hues (for instance, cyan and red) belong to the three bands-chemical fuzzy sets
with different degrees, as indicated by the tiny black arrows.

A set of thermalised, non-coherent quantum mixed states that operates as a chem-
ical fuzzy set can be easily prepared by using a micro-heterogeneous chemical system,
i.e., a compound that exists in many conformations (i.e., structures that have the same
molecular skeleton but differ in how the atomic groups are displayed in space) and/or
experiences micro-environments with distinct physicochemical features [56,57]. A high
degree of computational parallelism is achievable by preparing a mixture of distinct quan-
tum mixed states, i.e., distinct molecular fuzzy sets. The chemical composition of this
mixture should be determined based on the goal of achieving the desired granulation of
the physicochemical variables. Remarkable examples are found in biology: suffice it to
think about human colour vision and the other senses [53]. Their imitation has enabled
the implementation of biologically inspired chemical systems that extend human vision
into the UV [54,55] and will inspire the development of new quantum sensing systems.
The superposition of thermalised quantum mixed states gives rise to an unconventional
form of quantum parallelism that does not require the delicate and fragile superposition of
coherent quantum states.



AI 2025, 6, 175 6 of 23

Perspectives for Chemical AI on QAI

Chemical AI, referring to the unconventional strategy of mimicking biological in-
telligence in wetware (i.e., in liquid solutions), will contribute to the development of
quantum information science by contributing to new strategies for sensing, computing,
and communicating through quantum mixed states. The next grand challenge is to propose
quantum-mixed states to solve distinctive, hard computational problems in a reasonable
amount of time and prove that their use in QAI is as promising as that of conventional
superposed coherent quantum states.

3. Optimisation with Quantum Computing Devices
Quantum computing represents a new approach to solving optimisation problems,

exploiting the principles of quantum mechanics to explore solution spaces in ways differ-
ent from classical methods [58]. Among the various quantum computing architectures,
quantum annealers and gate-based quantum computers offer distinct strategies for address-
ing optimisation problems, with applications ranging from combinatorial optimisation to
machine learning and simulations of complex systems.

This section provides an overview of how optimisation problems are formulated and
solved using quantum computing devices. We first explore gate-based quantum computing,
highlighting its principles, algorithms and applications in optimisation. Next, we examine
quantum annealers, focusing on their approach to solving optimisation problems and their
suitability for specific tasks.

3.1. Gate Based

Gate-based quantum computing is one of the most promising approaches to tackling
combinatorial optimisation problems [59]. Unlike classical methods, which process infor-
mation sequentially or through parallel computation on conventional hardware, quantum
computers operate on the principles of superposition and entanglement. These unique
properties allow them to explore vast solution spaces in ways that differ fundamentally
from classical approaches.

In optimisation, the challenge is often to find the best configuration among many
possible ones. In general, gate-based quantum computers solve these problems with
quantum circuits, where qubits represent decision variables and quantum gates guide the
computation towards an optimal solution. This approach enables quantum algorithms to
explore multiple configurations simultaneously, potentially leading to the development of
strategies for more efficient problem-solving .

A widely studied class of methods is the Variational Quantum Algorithms (VQAs),
which leverage a hybrid quantum-classical approach [60]. In these algorithms, quantum
circuits generate candidate solutions, while classical optimisation methods iteratively refine
their parameters to improve the results. VQAs are highly flexible and can be adapted to
a wide range of problems, making them particularly promising for near-term quantum
devices. A key member of the VQA family is the Quantum Approximate Optimisation
Algorithm (QAOA), which was designed to solve combinatorial problems [61]. QAOA
encodes the problem into a quantum circuit using a set of parameterised quantum gates
that evolve a quantum state toward an optimal or near-optimal solution. A classical
optimizer fine-tunes these parameters, improving performance by navigating the solution
space efficiently. Another important VQA is the Variational Quantum Eigensolver (VQE),
which was developed initially for quantum chemistry but is also applicable to optimization
problems [62]. VQE focuses on finding the lowest energy state of a given Hamiltonian,
which can be used to represent optimal solutions in various domains, including logistics,
finance, and network optimisation. Like QAOA, VQE relies on classical optimisation to
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iteratively refine quantum circuit parameters, making it well suited for implementation in
current quantum hardware.

Variational Quantum Algorithms running on today’s NISQ processors must face two
closely related problems. The first problem is the result of hardware noise, such as errors in
gate readout, decoherence [63], and crosstalk [64], which accumulate with circuit depth but
are problematic because they can affect the estimation of the objective function. Another
problem often encountered is the presence of barren plateaus: As the number of qubits
grows, the cost function gradients shrink exponentially, leaving classical optimizers with no
useful direction. Noise can cause or aggravate these plateaus, and together, they represent
a limit to the depth of quantum circuits [65]. Consequently, noise and plateaus limit the
size of problems that can be solved on real quantum hardware.

To overcome the above-mentioned limitations of standard QAOA, more expressive
but shallower approaches have been proposed to focus on the effectiveness of the algorithm
over a small number of levels. This approach reduces exposure to errors and delays the
phenomenon of gradient collapse. One of the most promising variants is MA-QAOA
(Multi-Angle QAOA), which assigns a pair of independent parameters to each term in
the Hamiltonian of the problem (e.g., each constraint or interaction between variables),
as well as to mixing operators [66]. A larger parameter space allows better results in terms
of solution accuracy, even in the presence of noise, than can be obtained using the standard
version of QAOA with the same depth. Another variant that is particularly suitable for noisy
scenarios is eXpressive QAOA (XQAOA) [67], where the mixer includes a rotation around
the Y axis and each operation on a single qubit is assigned an independent parameter.
This approach enhances the circuit’s flexibility, thereby improving its performance in the
presence of noise. By packing greater expressivity into low-depth circuits, these variants
curb the deleterious impact of noise, delay the onset of barren plateaus and, in turn, extend
the practical reach of variational quantum optimisation on current processors.

Despite current hardware limitations, ongoing advances in quantum processors and
error-mitigation techniques continue to improve the feasibility of quantum optimisation.
As quantum technology advances, gate-based quantum computing is expected to play
an increasingly important role in solving large-scale combinatorial problems that remain
computationally challenging for classical approaches.

3.2. Quantum Annealers

Quantum annealing is an optimisation approach that leverages quantum mechanical
principles to find optimal or near-optimal solutions to complex combinatorial problems.
Unlike classical methods, which explore the solution space through deterministic or heuris-
tic techniques, quantum annealing exploits quantum effects such as superposition and
tunnelling to traverse energy landscapes more efficiently.

D-Wave has pioneered the development of quantum annealers, specialised hardware
designed to solve discrete optimisation problems. These devices operate by encoding
an optimisation problem into an energy function, which is then minimised through a
quantum-driven process. Quantum annealers are particularly effective in solving large-
scale problems where classical approaches struggle due to exponential complexity.

One of the most widely used formulations for programming quantum annealers is
the Quadratic Unconstrained Binary Optimisation (QUBO) model. QUBO provides a
flexible and expressive framework for encoding various optimisation problems, including
SAT (satisfiability) problems, Constraint Satisfaction, Maximum Cut, Graph Coloring,
and Maximum Clique, as well as machine learning tasks such as Support Vector Machines,
Clustering, and Markov Random Fields [68,69].
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A QUBO problem is defined on n binary variables x1, . . . , xn and an n × n upper-
triangular matrix Q. The objective is to minimize the function:

f (x) =
n

∑
i=1

Qi,ixi +
n

∑
i<j

Qi,jxixj (4)

which can be rewritten in matrix form as follows:

min
x∈{0,1}n

xTQx (5)

where xT represents the transpose of the vector x. The diagonal elements Qi,i define linear
terms, while the off-diagonal elements Qi,j capture quadratic interactions. The matrix
Q can be expressed in a symmetric or upper-triangular form to maintain consistency
in representation.

To formulate a constrained optimisation problem as a QUBO, two main steps are
required: (i) define a binary encoding of the solution; (ii) add penalty terms to discourage
infeasible solutions by penalising constraint violations.

Although QUBO is inherently unconstrained (except for the binary nature of vari-
ables), constraints can be incorporated by introducing quadratic penalties into the objective
function. This ensures that the augmented objective function aligns with the original
problem when penalties approach zero. However, selecting appropriate penalty values is
critical: small penalties can result in a function that produces infeasible solutions, while
excessively large penalties can increase computational complexity and destabilize opti-
misation algorithms [70,71]. Research has focused on optimising penalty coefficients and
developing effective constraint representations, such as logical constraints modelled by
binary multiplication (e.g., x1 · x2 for a logical AND).

Quantum annealers solve QUBO problems by embedding the optimisation function
into a physical quantum system. The system starts in a low-energy quantum state and
evolves according to a time-dependent Hamiltonian. As evolution progresses, the quan-
tum system gradually moves toward the ground state of the final Hamiltonian, which
encodes the optimal solution to the QUBO problem. If the annealing process is performed
slowly enough, the system remains in the lowest energy state, yielding an optimal or
near-optimal solution.

Compared to classical approaches, quantum annealing provides advantages in solving
large-scale QUBO problems by leveraging quantum effects to escape local minima and
efficiently navigate complex energy landscapes. However, practical limitations such as
noise, decoherence, and embedding constraints influence solution quality and require
careful consideration in real-world applications.

The continuous development of quantum annealing hardware and hybrid quantum–
classical algorithms is expanding the range of solvable optimisation problems. As these
technologies evolve, QUBO-based formulations on quantum annealers are expected to
play an increasingly significant role in addressing computationally challenging tasks across
multiple domains [72].

3.3. Perspectives

As a conclusion, it is possible to say that the two quantum solutions for solving opti-
misation problems could have different routes and different success in the near future. On
the one hand, quantum annealers are a more mature architecture that can be improved by
building more powerful machines with a higher number of qubits and increased connectiv-
ity. However, the main drawbacks of this approach, namely the too simple mathematical
model directly supported and the sparse connectivity, could not be easily overcome in the
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future without dramatically changing the architecture. On the other hand, QAOA and the
other variational algorithms, although designed explicitly for NISQ architectures, could
benefit from better architectures, having a higher number of qubits and greater reliability.
However, many aspects of this approach require further investigation, particularly its
actual advantage over classical solutions.

4. New Paradigms for Quantum Machine Learning
Quantum machine learning has emerged as a transformative approach that promises to

tackle machine learning problems that are computationally intractable in classical systems,
particularly those involving massive datasets.

In the realm of quantum computing research, the current landscape is dominated by
noisy intermediate-scale quantum (NISQ) devices. These devices, although constrained in
their computational capacity, can effectively handle small-to medium-scale data problems.
Among the most studied approaches, the one used for hybrid frameworks is particularly
promising, as it combines classical and quantum methodologies. Due to their capacities to
leverage quantum properties and mitigate the limitations of existing quantum hardware,
hybrid models represent a practical step forward. Although these technologies are not
yet capable of delivering significant speed-ups for large-scale data problems, they lay the
groundwork for developing future algorithms tailored to data-intensive challenges.

4.1. Incremental Learning

One prominent category of data-intensive problems in classical computing research
is the incremental learning of predictive models. Incremental learning, or more generally
lifelong learning, represents a category of machine learning tasks focused on the ability
to learn, perpetually maintains model capabilities, and eventually adapts them as needed,
depending on whether the learning context changes [73]. In this scenario, the quantum
machine has to process data continuously as the data arrive, typically as data blocks, rather
than working on the whole dataset. It involves processing data instances sequentially,
without the benefit of accessing the entire dataset simultaneously, as in batch learning.
This requires models that can make real-time predictions, dynamically adapt to evolving
data distributions (concept drifts), and maintain computational efficiency. Even advanced
research on deep learning is struggling with these challenges, as evidenced in the literature
on catastrophic forgetting [74]. This phenomenon describes the abrupt loss of previously
learned knowledge that can occur when a model is exposed to new data. Consequently,
the focus on incremental learning shifts from optimising algorithms for massive computa-
tion to maintaining high-quality predictions over unbounded data sequences.

Incremental learning aligns well with the current constraints of QC devices. Unlike
computationally intensive tasks, incremental learning imposes fewer demands on quan-
tum hardware, making it a promising candidate for implementation on NISQ devices.
Although NISQ systems lack the robustness of fully fault-tolerant quantum computers,
their computational capacity is sufficient for moderate-scale data problems, positioning
them as viable platforms for applications in incremental learning.

Despite its potential, incremental learning remains underexplored in the field of
quantum machine learning, in part due to the inherent complexities of the paradigm.
However, QC offers unique advantages that can be leveraged to address these challenges,
as explained below:

• Unitary nature. Quantum states evolve reversibly, meaning that updates do not erase
previously acquired knowledge unless a measurement is performed. Additionally,
the intrinsic modularity of quantum circuits may facilitate the selective updating of
subspaces within the represented Hilbert space.
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• Enhanced representational space. Classical data can be encoded as quantum states
corresponding to points in the Hilbert space. This encoding provides access to expo-
nentially larger representation spaces. For example, a classical feature vector with
three entries can be mapped to an eight-dimensional quantum space (23), enabling
richer data representations that may better capture real-world distributions.

• Model adaptability through VQAs. Incremental learning necessitates the use of models
that can adapt to new data. Variational quantum circuits are composed of param-
eterised quantum gates whose parameter values are tuned through a refinement
process that embeds the properties of data through the gradual processing of data.
Thus, when concept drift occurs, existing quantum models can be adjusted by up-
dating their parameters, ensuring adaptability and extendibility without requiring
retraining from scratch. Moreover, quantum circuits often rely on a smaller number
of parameters compared to classical neural networks. This can lead to reduced op-
timisation effort when updating parameters, in contrast to what typically occurs in
classical computation.

• Capturing evolving interrelationships. In incremental learning, data often violate the
assumptions of independence and identical distributions. Features may be interrelated,
and these relationships can evolve over time. Classical deep learning approaches,
such as convolutional neural networks, address this property through specialised
architectures. In contrast, QC inherently accounts for feature interdependencies using
gate-based operations for qubit registers. For instance, controlled gates have the ability
to handle relationships of the form event–action. Entanglement circuits, a hallmark
of quantum computing, are particularly effective in capturing nonlocal correlations,
offering a natural mechanism for modelling complex dependencies without explicitly
modelling all pairwise interactions. They have been demonstrated to be accurate in
the real-world application of document classification thanks to the accommodation of
high-dimensional correlations among words.

• Simultaneous evaluation of hypothesis. To keep the model up-to-date with time,
multiple model adaptations or feature-combination strategies are often needed. Su-
perposition enables the evaluation of all these candidate hypotheses in parallel,
which can accelerate the search for an optimal update and reduce the overhead of
sequential testing.

To our knowledge, there are very few works on this series of challenges, with most
focusing on the specific problems of task-incremental learning, where new class labels
are introduced over subsequent learning tasks. For instance, reference [75] explores the
learning of multiple quantum-state classification tasks using a variational quantum clas-
sifier. The authors propose constraining the model updates by projecting the gradient
direction onto the region defined by past task gradients. They retain a subset of training
data from prior tasks, which is stored in the so-called gradient episodic memory. In [76],
it was observed that when quantum classifiers are exposed to new classification tasks,
their performance on previously learned tasks tends to degrade. To counteract this ef-
fect, the elastic weight-consolidation method has been proposed. This technique operates
by identifying and preserving the most important parameters from previously learned
tasks, preventing them from undergoing significant modifications during model updates.
However, task-incremental learning assumes that the learner is informed when a new task
arrives, which turns out to be of little practical use in real-world applications.

Recent research investigated the challenges of quantum-based incremental learning
and developed quantum gate-based predictive models that adapt to changing data without
knowing when the learning task (to which the data refer) changes [77,78]. Specifically, they
design two types of quantum circuits:
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• Supervised Learning, used to train and update classification models;
• Unsupervised Learning, used to detect significant data changes, triggering model

adaptation when necessary.

A novel aspect of that work is the combined use of different data encodings for
the supervised and unsupervised quantum algorithms. This approach strikes a balance
between classification accuracy and computational efficiency.

4.2. Sequence Modelling

The continuous computation over data blocks required in incremental learning may
necessitate repeated executions of VQAs to keep the model updated. However, this
can conflict with real-world applications that require data processing to be completed
within strict time constraints. Specifically, adapting the model to each data block requires
tuning the PQC (Parameterised Quantum Circuits) parameters through costly optimisation
iterations, which may not align with practical time limits. Moreover, the efficiency of
parameter optimisation is highly dependent on how the parameters are initialised and
refined. In particular, the process is susceptible to vanishing gradients, which can hinder
training completion and make it difficult to meet time requirements [78].

Several works in the literature have proposed machine learning algorithms to effi-
ciently search for optimal values and improve the execution of quantum algorithms. Indeed,
they are able to systematically estimate parameters thanks to the capabilities of exploring
complex high-dimensional spaces and unveiling hidden correlations within the data [79].
Notably, they are characterised by robustness to noise and error. For instance, in [80] the
authors propose a meta-learning flexible strategy that trains neural network-based model
from families of PQC problems in order to initialize parameters in similar PQC problems.
The flexibility lies in the possibility of carrying out predictions on new PQCs differing in
the number of qubits, circuit depth, and number of parameters compared to those used
during training. This is achieved with an agnostic PQC encoding-decoding scheme that
can describe parameters, circuit sizes, and objectives. The PQC families are built either by
varying the circuit sizes while keeping the objective fixed, or by varying the cost function
while keeping the same ansatz. The method aims at capturing and exploiting patterns in
the parameter space that are present in the context of QAOA for max-cut problems. In [81],
the authors aim at exploiting the concentration effect, which is the property that arises
when optimal parameters identified for a QAOA problem can be reused for another QAOA
problem. They consider an unsupervised approach that performs clustering on several
inputs, namely, the angle values of training QAOA problems, their features and representa-
tion from a graph autoencoder. A fixed number of clusters provide centroids, which are
then used as initial indications for the parameters of new QAOA problems. Their findings
demonstrated that a machine learning method can effectively estimate QAOA parameters,
reducing optimizer calls while maintaining a minimal decrease in the approximation ratio.
The results were comparable to those achieved through exhaustive angle optimisation,
leading to significant reductions in the required circuit calls.

A common limitation of these methods is that they operate in batch mode, making
them unsuitable for incremental learning. Specifically, they struggle to handle changing
data, account for time-based properties such as temporal correlations, and update the model
over time. Therefore, having tools that can provide reliable estimations sequentially, while
avoiding repeated execution of time-consuming optimisation processes, becomes crucial.

A recent research effort explored the contribution of sequential modelling [82] to
supporting conventional optimizers in the parameter estimation. They propose a method
that combines VQAs and neural networks to forecast the parameter values of the PQC
underlying the same VQAs over sequential data [83]. Specifically, the VQA is executed over
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initial data blocks and identifies refined parameterisation configurations, which become
training data to learn a data-driven optimising function. Indeed, these configurations
constitute sequences of parameter values (in the form of multi-variate time-series) that
feed a sequential neural network. The resulting forecasting model is therefore used in the
next data blocks for initialising the parameters (used to start the PQC) and refining the
parameters (used to guide the optimisation process).

4.3. Perspectives

QAI envisions leveraging quantum mechanical principles to create new forms of
intelligent systems that surpass classical computing. By harnessing phenomena such as
superposition, entanglement, and quantum interference, quantum AI could potentially
redefine how learning, reasoning, and decision-making tasks are executed, opening up
pathways for solving problems that are intractable for classical machines. Within this broad
panorama, quantum machine learning (QML) can be considered one of the most active
and promising directions. QML is an emerging field but has a promising future, driven
by technological advances in quantum hardware and a deeper understanding of machine
learning problems through the application of quantum properties and phenomena. A
particularly relevant frontier concerns the development of quantum circuits capable of
building robust and generalizable models from limited data, exploiting quantum phenom-
ena, such as entanglement and superposition, with the aim of representing and processing
information more compactly than classical models can do. Future QML approaches could
integrate these quantum resources to achieve greater sampling efficiency, providing oppor-
tunities for new applications in contexts where data acquisition is expensive or impractical,
at least with current quantum machines. Furthermore, the intersection of QML with recent
machine learning paradigms, such as incremental and continual learning, represents a
particularly exciting direction. As the stability and scalability of quantum devices improve,
the implementation of such learning paradigms may enable the design of quantum circuits
that intrinsically avoid, or at least effectively mitigate, catastrophic forgetting by exploiting
unitary (reversible) updates or by encoding multi-task knowledge within high-dimensional
Hilbert spaces. This could also transform long-term learning scenarios, such as those in
adaptive robotics or evolving medical diagnostics. On the other hand, as quantum hard-
ware continues to mature, it will become increasingly important to develop benchmarking
frameworks and standardised datasets specific to QML to enable rigorous comparisons
with classical methods. This will include schemes to assess learning stability, resilience to
noise, and the ability to generalize to unseen data. Additionally, integrating QML with
other emerging computational paradigms, such as tensor networks, neuromorphic architec-
tures, and HPC, could lead to synergistic approaches that further push the boundaries of
efficiency in model training. Exploring such an interdisciplinary approach could redefine
how complex models are trained and deployed, unlocking entire classes of algorithms that
go beyond the capabilities of classical AI. Thus, although significant challenges remain,
with these including hardware noise, scalability issues, and the question of actual quantum
advantage, current research promises to gradually transform QML from a largely theoretical
curiosity to a potentially game-changing tool within the machine learning landscape.

5. The Quantum-Circuit Compilation Problem and Qubit Routing
The execution of quantum circuits on NISQ devices poses significant challenges due to

hardware constraints. One of the fundamental problems in this domain is quantum-circuit
compilation, which includes quantum-circuit routing, a process essential for mapping
logical qubits onto physical qubits while satisfying connectivity constraints and minimising
gate errors. The compilation process is crucial to ensuring that quantum algorithms can be
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executed efficiently on real quantum hardware, where noise and connectivity restrictions
present significant obstacles.

Basically, quantum-circuit compilation entails transforming an ideal quantum circuit
into a form that can be efficiently executed on a specific quantum processor, and thus it is
generally a crucial step in the process of preparing quantum algorithms for their execution
on real quantum hardware. One of the most significant challenges in quantum-circuit
compilation is the problem of qubit routing, which ensures that quantum gates are applied
to qubits that are physically connected by the architecture’s topology.

This section provides an overview of the current state of the art in quantum-circuit
routing, summarising key methodologies, frameworks, and strategies proposed in the
literature. More specifically, our contribution will focus on the following issues:

• a synthesis of recent developments, technologies, and emerging ideas that have shaped
the field so far;

• a description and comparison of existing techniques and approaches, highlighting
their main characteristics and reported performance;

• a presentation of relevant contributions that provide a foundation for understanding
current challenges and potential future directions.

5.1. The Need for Quantum-Circuit Compilation

Quantum circuits are typically designed using an abstract model in which all qubits
can interact freely. However, in real quantum hardware, qubit connectivity is limited by
the device topology. Most quantum processors, such as those developed by IBM, Rigetti,
and Google, impose restrictions on which qubits can perform two-qubit operations directly;
consequently, logical circuits must be transformed to conform to these constraints via
compilation, which includes the following steps:

• Initial Mapping: Initially assigning logical qubits to physical qubits such that the
execution is optimised.

• Routing: Ensuring that all two-qubit gates can be executed by inserting additional
SWAP gates if necessary.

• Optimisation: Minimising depth, gate count, and error rates to improve execution fidelity.

As in the classical case, the necessity of compilation in quantum circuits arises from the
fundamental mismatch between algorithmic abstractions and hardware implementations.
Without an efficient compilation process, logically correct but ideal quantum circuits may
be impossible to run (and thus require routing), while even theoretically efficient quantum
algorithms may become impractical due to excessive error accumulation and execution
delays (and thus require mapping and optimisation).

In addition, noise plays a crucial role in determining the effectiveness of quantum-
circuit compilation. The insertion of SWAP gates and additional routing operations in-
creases the number of two-qubit gates, which are typically the noisiest elements in a
quantum circuit. Unless the compilation process is not aimed at ideal (i.e., noiseless)
quantum hardware backends, a well-designed compilation strategy must not only satisfy
connectivity constraints but also minimize noise accumulation to preserve the fidelity
of quantum computations. Decoherence times, gate infidelity, and crosstalk errors must
be accounted for when designing routing strategies to ensure that compiled circuits can
execute within the coherence window of the quantum processor.

5.2. Routing Techniques and Compilation Strategies

Several approaches have been developed to perform quantum-circuit routing effi-
ciently; these techniques can be broadly classified as follows:
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1. Heuristic-Based Approaches: Heuristic methods aim to find good, but not necessarily
optimal, qubit mappings within a reasonable runtime. Examples include:

• Qiskit’s SABRE (Swap-Based Reordering Algorithm): An iterative heuristic that
dynamically selects SWAP gates to optimize circuit depth and reduce overall
gate overhead [84]. SABRE is an algorithm designed for NISQ devices regardless
of their qubit-connectivity structure. Its high performance is guaranteed by the
use of three key strategies that can be individually selected: (i) optimising each
individual search step, (ii) refining the initial qubit placement with a unique
reverse traversal method, and (iii) incorporating a decay effect to balance circuit
depth and gate count. By leveraging these improvements, SABRE has increased
its speed considerably compared to the best-known approaches at the time of its
presentation.

• t|ket> by Cambridge Quantum Computing: Almost simultaneously with the previ-
ous procedure, another routing algorithm was proposed in [85] by the name of
t|ket>. t|ket> is a graph-based hardware-agnostic quantum compiler developed
by Cambridge Quantum Computing Ltd. that performs qubit allocation and
routing efficiently, focusing on minimising the circuit depth. At the time of its
introduction, the heuristic method employed in t|ket> achieved circuit mappings
that were competitive with or superior to those produced by other systems,
minimising both circuit depth and total gate count; it was particularly effective
for larger quantum circuits.

• ZX-Calculus Methods: Techniques that use graphical calculus for quantum cir-
cuits to optimize and transform circuit layouts [86]. In slightly more detail,
ZX-Calculus represents quantum circuits using a diagrammatic notation that
makes use of Z-spiders and X-spiders diagrams, with each denoting specific
quantum operations. These diagrams enable algebraic manipulations that sim-
plify circuits, making it easier to optimize and transform them for hardware
execution. The utilisation of ZX-Calculus for quantum compilation goes typically
beyond the acceptance of routing and is particularly useful for the following ap-
plications: (i) circuit optimisation, as it allows for algebraic rewrites that reduce
gate count and circuit depth; (ii) gate synthesis, as it facilitates the decomposition
of high-level quantum operations into hardware-native gates; and (iii) error
reduction, as it minimizes the number of error-prone operations like SWAP gates,
improving fidelity on NISQ devices.

These heuristics work well in practical scenarios where exact solutions are compu-
tationally prohibitive, offering an effective trade-off between compilation time and
circuit efficiency. Additionally, some of these methods integrate error-aware routing
strategies, selecting paths that minimize the use of particularly noisy qubits or gates.

2. Exact Optimisation Methods: Some approaches use combinatorial optimisation tech-
niques to find the best possible routing solutions. These include the following:

• Integer Linear Programming (ILP): Formulating the routing problem as an ILP
and solving it using standard solvers to find globally optimal solutions. One
remarkable result of this approach is presented in [87], where the goal of adapting
a logical quantum circuit to a hardware architecture characterised by constrained
two-qubit connectivity is tackled by formulating the problem as an integer
linear program (ILP) and employing a network flow-based approach with binary
decision variables to simultaneously determine both the initial qubit placement
and the routing strategy. The model used here incorporates multiple optimisation
objectives, including approximations of circuit fidelity, overall depth, and cross-
talk mitigation, all of which can be flexibly integrated. Through numerical
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experiments on various synthetic datasets and diverse hardware configurations,
the authors demonstrate that circuit depth and error rate can be jointly optimised
with minimal trade-offs. Additionally, the approach is evaluated on an extensive
set of quantum volume circuits, prioritising both fidelity and depth reduction.
Obtained results indicate the feasibility of using the method to both decrease
the number of CNOT (Controlled-NOT) gates compared to Qiskit’s standard
transpilation algorithm, SABRE (see above), and exhibit superior fidelity when
executed on real quantum hardware.

• SAT Solvers: Encoding the routing problem as a Boolean satisfiability problem
to determine optimal solutions. A representative example of this approach is
in reference [88]. In this work, the authors propose a novel approach to circuit
mapping that leverages a hybrid incremental and parallel Boolean Satisfiability
(SAT) solving strategy. The proposed method introduces an advanced SAT
encoding tailored specifically for circuit mapping, significantly enhancing the
efficiency of solver-based techniques while offering a flexible balance between
compilation speed and output quality. To assess its effectiveness, an extensive
benchmarking on 78 test cases was conducted, covering three different quantum
algorithms and two distinct quantum hardware architectures. Experimental
results show that the proposed approach significantly accelerates compilation
compared to existing solver-based methods, reducing processing times from
impractical durations to much more feasible ones. Additionally, it outperforms
leading heuristic techniques by effectively minimising the number of SWAP
gates, thereby enhancing execution fidelity on near-term quantum hardware.

• Constraint Programming (CP) Approaches: Methods that leverage constraint-
satisfaction techniques to ensure the best qubit allocation and gate reordering.
Beyond the integer linear programming models that solve the qubit-assignment
problem and the routing problem optimally by mathematically encoding both
constraints and objective functions and leveraging automated solvers to generate
hardware-compliant circuits with minimal overhead, alternative approaches that
exploit a different optimisation framework, such as constraint programming (CP),
can be explored. In [89], the authors use the CP approach and benchmark their
results against the ILP for minimising circuit depth. The evaluation was con-
ducted on randomly generated instances across both linear and two-dimensional
grid-based hardware architectures and demonstrated that CP-based methods
not only achieve superior solution quality but also outperform ILP models in
computational efficiency.

Although exact methods provide optimal solutions, they are often computationally
expensive and may not scale well for larger circuits. Moreover, these approaches must
also be adapted to account for noise, ensuring that optimality in terms of depth or
gate count does not come at the cost of excessive error accumulation.

3. Machine Learning-Based Methods: Recent advances suggest that reinforcement learning
and deep learning techniques can enhance routing strategies by learning optimal
SWAP insertion policies from data. Notable contributions include:

• Graph Neural Networks (GNNs) for Compilation: Graph Neural Networks (GNNs)
have emerged as powerful tools for tackling the quantum- compilation prob-
lem through leveraging of their ability to model the intricate connectivity con-
straints of quantum hardware, enabling optimised qubit allocation and the
implementation of routing decisions that enhance circuit fidelity and execution
efficiency. In [90], the authors address the qubit-allocation problem, leveraging re-
inforcement learning (RL) with techniques from graph neural networks (GNNs).
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By modelling the quantum hardware’s connectivity as a graph and applying
GNN-assisted decision-making, the proposed method identifies optimal initial
layouts that reduce error rates. Empirical results demonstrate that this strategy
improves output fidelity compared to traditional allocation methods. Another
significant example is reference [91], in which a solution is proposed that incor-
porates Monte Carlo Tree Search (MCTS), allowing an intelligent exploration of
routing decisions. Augmented by graph neural networks, this approach evalu-
ates action probabilities and state values, effectively guiding the search toward
depth-minimised solutions. Additionally, a novel mutex-lock-inspired technique
is introduced to enhance parallelisation, further reducing circuit depth. By re-
spectively integrating GNNs for qubit allocation and MCTS for optimised qubit
routing, both previous compilation strategies significantly enhance quantum
circuit fidelity and reduce execution overhead. Moreover, the hardware-agnostic
nature of these methods ensures broad applicability across various quantum ar-
chitectures, allowing them to outperform conventional techniques in benchmark
evaluations.

• Reinforcement Learning for Circuit Compilation: Using deep Q-networks (DQN) to
optimize qubit placement dynamically, this approach reduces the need for man-
ual heuristics. In the literature, there exist some examples in which DQN is being
employed for quantum-circuit compilation and routing tasks. One relatively
recent example is [92], where the authors present a modified deep Q-learning
framework in which actions are represented as sets of parallelisable SWAPs
and gates. To efficiently navigate this combinatorial decision space, the agent
employs simulated annealing for action selection. To evaluate the effectiveness
of the presented method, the authors benchmark their DQN-based routing sys-
tem against the qubit-based routing strategies implemented in state-of-the-art
quantum compilers. The core question driving this research was whether a DQN-
based approach could successfully perform qubit routing and, if so, whether it
could compete with leading techniques in the field. The results answer both ques-
tions in the affirmative. Interestingly, the presented approach not only achieves
competitive performance but also outperforms traditional methods in realistic
near-term scenarios. Unlike more rigid, pre-defined strategies, reinforcement
learning seems to provide a high degree of adaptability, making it particularly
advantageous as quantum hardware continues to evolve. The only drawback of
this approach seems to be the long runtime, which is much longer than those of
other systems such as Qiskit or t|ket>.

Machine learning-based approaches are promising as they can generalize across differ-
ent hardware architectures, potentially providing adaptable and efficient compilation
strategies. Noise-aware ML models are now being explored, where reinforcement-
learning agents consider real-time noise information to make routing decisions that
reduce error rates.

4. Meta-Heuristic Approaches: Like the heuristic methods, meta-heuristics can be used to
effectively approximate optimal solutions of complex combinatorial problems such
as the quantum-circuit routing problem. The literature includes examples in which
such techniques have been used to perform the routing of Quantum Approximate
Optimisation Algorithm (QAOA) [61] circuit instances. Solving the routing problem
in QAOA instances is particularly challenging, as the typical structure of QAOA
circuits entails the presence of commutative gates (i.e., the Phase-shift and Mix gates
of the problem Hamiltonian); hence, the routing procedure is called not only to apply
the optimal (e.g., minimum) number of SWAP gates to minimise the circuit’s depth,
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but also to decide the order of the circuit Phase-shift and Mix gates needed to enable
the optimal SWAP selection. Below, we list a few significant examples of works
in which different meta-heuristics have been tested against the same benchmark,
showing how the results have constantly improved over time:

• Rollout-based heuristic: inspired by the approach proposed in [93,94], the authors
tackle the quantum-circuit-compilation problem (QCCP) by introducing two
different heuristics: the first is a roll-out-based sequential decision-making strat-
egy, which selects the next operation to schedule based on makespan estimates
provided by a guiding priority rule; the second approach is a stochastic variant
of the roll-out heuristic that alternates between roll-out and a basic priority rule
to enhance search space exploration. When compared to the results for the same
benchmarks in the recent literature at the time of this work’s publication, the
proposed approach demonstrated notable reductions in makespan across various
problem instances.

• Ant-Colony Optimisation: In reference [95], the authors propose an Ant-Colony
Optimisation (ACO)-based algorithm that introduces an innovative pheromone
model and incorporates a heuristic-driven Priority Rule to guide the iterative
placement of quantum gates. The performance of the algorithm is compared
with the results obtained against the same benchmark and used in the previous
works, indicating that the proposed method significantly outperforms state-
of-the-art approaches, achieving superior makespan reductions across a large
set of test cases, and setting the pace for the resolution of hard combinatorial
problems such as the QCCP. Furthermore, the findings highlight the scalability
of the proposed approach, reinforcing its potential for tackling increasingly large
quantum compilation tasks.

• Genetic Algorithms: in [96], the authors introduce an enhanced genetic algorithm
designed to tackle QCCP instances for Quantum Approximate Optimisation
Algorithms (QAOA) that is then specifically applied to solving MaxCut and
graph coloring problems. The proposed algorithm builds upon the existing
Decomposition-Based Genetic Algorithm (DBGA) but incorporates a novel en-
coding scheme that significantly reduces the number of SWAP gates inserted
during the decoding phase, thereby minimising circuit depth. The effectiveness
of this newly developed algorithm (DBGA-X) is then demonstrated through com-
parative experiments against the state-of-the-art methods previously described,
confirming the power of genetic algorithms for resolving complex combinatorial
problems, and showcasing the importance of a clever coding/decoding scheme
to obtain superior performance.

5.3. Perspectives

Regardless of the particular optimisation techniques used, it is clear how quantum
compilation has emerged as one of the central challenges in making the potential of
quantum computers truly usable, especially as architectures become increasingly powerful;
as the number of available qubits grows and their noise decreases, the way is paved for
the execution of increasingly complex circuits. Scientific literature and the most recent
reports converge on one key point: the connection between compilation and hardware
characteristics is set to become increasingly close and decisive. Since full quantum error
correction will not be feasible on NISQ devices [97], algorithms will need to be designed
with noise resilience in mind. In this task, techniques like quantum routing will play
a crucial role. Indeed, routing algorithms will continue to be essential for executing
algorithms on qubits with limited connectivity. As we have seen, strategies based on
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advanced heuristics, classical optimisation methods, and machine learning are emerging
as key tools to tackle these challenges at scale. However, without compilers capable of
optimising depth, gate count, routing, and topology based on the actual hardware, this
progress risks remaining purely theoretical. The dominant trend is toward hardware-
aware compilation, in which compiler decisions are shaped by the real physical and logical
constraints of the target machine.

Another major development involves compilers designed for fault-tolerant archi-
tectures that can estimate the required resources in advance, including logical qubits,
computation time, and error-correction operations. These tools anticipate medium-term
to long-term scenarios in which executable circuits will run on systems with hundreds of
thousands or even millions of logical qubits.

Hybrid platforms (quantum-classical) and quantum cloud computing already demon-
strate how efficient compilers can make the difference between an executable and an
impractical circuit. Looking ahead, compilation will no longer be just a technical step, but a
true enabler of quantum advantage, i.e., the ability to solve problems better or faster than
classical methods. Achieving this goal will require ongoing coordination among hardware
design, software development, and algorithmic innovation within an increasingly mature
and integrated quantum ecosystem.

6. Conclusions
Understanding and predicting the behaviour of complex systems has long posed a

significant challenge to science [2,3]. One of the encountered difficulties is computational
complexity: many computational problems regarding complex systems are intractable. An-
other obstacle regards the recognition of variable patterns, which are emergent properties
of complex systems. Therefore, it is an urgent priority to improve the performance of our
computational machines and formulate brand-new algorithms. In this regard, AI and QC
look undoubtedly promising. QAI is even more attractive, as AI and QC merge to refine
themselves in a reciprocal manner. This work shows that QC can boost AI development
through three pathways: (1) offering new materials for computing in hardware and wet-
ware; formulating new algorithms for (2) optimisation problems, and (3) machine learning,
this last being particularly in vogue in AI. Quantum phenomena such as superposition,
entanglement, and tunnelling enhance the capabilities of AI. On the other hand, AI can help
overcome many of the experimental difficulties encountered in implementing QC. In this re-
gard, this work describes the ways in which AI algorithms are valuable for quantum-circuit
compilation, which is a crucial step in implementing quantum computers based on qubits.
A noticeable task in the field of QAI is to develop new algorithms that can exploit the
thermalised quantum mixed states described in this work. They could facilitate the solution
of particular NP (Non-deterministic Polynomial) problems and the recognition of variable
patterns. The manipulation of thermalised quantum mixed states rather than qubits is not
affected by decoherent phenomena. Therefore, their use would reduce the waste of the vast
amounts of energy currently being spent to preserve conventional qubits from decoherent
phenomena. Achieving this goal would be a remarkable feat in the modern world, which
consumes vast amounts of energy.

From a technological standpoint, it is possible to outline a potential development
trajectory for quantum computing that spans at least the next decade [98]. The primary
goal is not to achieve immediate groundbreaking results, but rather to build a reliable
foundation by gradually increasing quantum computers’ ability to perform complex opera-
tions with ever-greater fidelity; this outcome will largely depend on progress in hardware
development. A key early milestone will be surpassing the threshold beyond which clas-
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sical simulation is no longer feasible; this will mark a critical turning point and a new
starting line.

Once this groundwork is laid, the next phase will see theoretical advantages begin
to materialize into practical outcomes. The goal will then be to demonstrate, even on a
small scale, that quantum computing can solve scientific problems more efficiently or faster
than the best classical approaches. This will be a pivotal moment, where theory meets
application. In this context, the emergence of error-tolerant quantum modules will be a
crucial step toward developing scalable architectures. The next challenge will be to make
these benefits more common and accessible across a wider range of application domains.

This will require improvements not only in the coherence and quality of qubits but
also in the speed and complexity of executable operations. The ability to link multiple
stable modules into a single networked system will ultimately enable the construction
of large-scale quantum platforms capable of tackling previously unthinkable tasks. The
end goal of this trajectory, although ambitious, is within reach: the creation of a fully
error-tolerant quantum system, ready for real-world applications and capable of handling
massive computational workloads with unprecedented precision.

Looking even further ahead, it is conceivable that, in the not-too-distant future, these
systems will scale to perform billions of quantum operations with thousands of intercon-
nected qubits. At that point, quantum computing’s full potential will be unlocked, making
available capabilities that previously had been only imagined, fundamentally transforming
how we approach science, industry, and knowledge itself. Although it is not an immediate
objective, this vision appears increasingly attainable within the next technological genera-
tion, provided that investment continues in basic research, systems engineering, and the
development of the skills needed to steer this revolution.
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The following abbreviations are used in this manuscript:

ACO Ant Colony Optimisation
CP Constraint Programming
DBGA Decomposition-Based Genetic Algorithm
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DQN Deep Q-Networks
GNNs Graph Neural Networks
ILP Integer Linear Programming
LSTM Long-Short Term Memory (LSTM) neural network
MCTS Monte Carlo Tree Search
ML Machine Learning
NISQ Noisy Intermediate Scale Quantum
PQC Parameterized Quantum Circuit
QAI Quantum artificial intelligence
QAOA Quantum Approximate Optimisation Algorithm
QC Quantum Computing
QCCP Quantum Circuit Compilation Problem
QUBO Quadratic Unconstrained Binary Optimisation
RL Reinforcement Learning
SABRE Swap-Based Reordering Algorithm
SAT Satisfiability
VQA Variational Quantum Algorithm
VQE Variational Quantum Eigensolver
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