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Zusammenfassung

In den letzten Jahren wurde der Fortschritt der Künstlichen Intelligenz (KI)
maßgeblich durch die Skalierung der Modellgröße und -komplexität vorange-
trieben. Dieser stetige Anstieg der Parameterzahlen und der daraus resultie-
rende enorme Ressourcenverbrauch stellen die Skalierbarkeit klassischer Archi-
tekturen infrage und erfordern fundamental neue, parametereffiziente Ansätze.
Das Quantencomputing stellt hierbei eine vielversprechende Alternative dar,
die leistungsfähige Modelle mit signifikant weniger Parametern ermöglicht. In
der heutigen Ära des Noisy Intermediate-Scale Quantum Computing etablie-
ren sich variationelle Quantenalgorithmen (VQAs) als führender Ansatz für
reale Hardware. Ihre Anwendung wird jedoch durch mehrere grundlegende
Herausforderungen eingeschränkt: instabile Trainingsdynamiken, flache Lö-
sungslandschaften, welche die Skalierbarkeit erschweren, sowie den mühsamen
manuellen Entwurf von Quantenschaltungen.
Diese Dissertation begegnet diesen Herausforderungen mit der Entwick-
lung systematischer Methodiken für den gesamten VQA-Entwicklungszyklus.
Es werden robuste Trainings- und Optimierungstechniken wie Weight Re-
Mapping, exponentielle Lernratenanpassung, strukturelles Pruning und me-
taheuristische Optimierung eingeführt, um Konvergenz zu steigern und fla-
che Lösungslandschaften zu vermeiden. Zudem werden Verfahren zur auto-
matisierten Architektursuche für Quantenschaltungen mittels Reinforcement
Learning und evolutionärer Algorithmen entwickelt, um die Abhängigkeit von
manuellen Entwürfen zu verringern. Der praktische Nutzen dieser Metho-
dik wird in mehreren anspruchsvollen KI-Domänen demonstriert. So werden
VQAs genutzt, um hochgradig parametereffiziente Agenten für das Quanten-
Reinforcement-Learning zu konstruieren. Ferner werden neuartige Quanten-
modelle für generative KI und die Anomalieerkennung vorgestellt. Über die-
se Anwendungen hinaus wird eine Methode zur fairen Bewertung hybrider
Systeme entwickelt und das Verhältnis zwischen Parametereffizienz und Trai-
ningszeit quantifiziert. Zusammengenommen ergeben diese Beiträge validierte,
systematische Ansätze, die VQAs von theoretischen Konzepten zu robusten,
praxistauglichen Werkzeugen für den Einsatz von Quanten-KI auf Hardware
der nahen Zukunft weiterentwickeln.
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Abstract

In recent years, the progress of artificial intelligence (AI) has been largely
driven by scaling the size and complexity of its models. This strategy, however,
has led to ever-increasing parameter counts and unsustainable resource de-
mands, raising questions about the future scalability of classical architectures
and creating a clear need for more parameter-efficient approaches. Quantum
computing offers a promising alternative, capable of creating powerful models
with significantly fewer parameters. In the current noisy intermediate-scale
quantum (NISQ) era, variational quantum algorithms (VQAs) have emerged
as the leading strategy to realize this potential on near-term hardware. How-
ever, several foundational challenges limit the practical use of VQAs: unstable
training dynamics, the barren plateau phenomenon, which inhibits scalability,
and the manual, heuristic-based process of circuit design.
In this thesis, we address these challenges by developing a systematic frame-
work for the entire VQA development lifecycle. We introduce robust training
and optimization techniques—including weight re-mapping, exponential learn-
ing rate decay, structural pruning, and metaheuristic optimization—to ensure
stable convergence and mitigate barren plateaus. Furthermore, we establish
methods for automated circuit architecture search using reinforcement learn-
ing and evolutionary algorithms to reduce the reliance on manual design. We
demonstrate the practical value of this framework in several demanding AI
domains. We use VQAs to create highly parameter-efficient quantum rein-
forcement learning agents and introduce novel quantum models for generative
AI and anomaly detection. Beyond these applications, we provide an analy-
sis of the models’ real-world trade-offs, establishing a method to fairly assess
hybrid systems and quantifying the balance between parameter efficiency and
training time. Taken together, these contributions provide a set of validated,
systematic approaches that advance VQAs from theoretical concepts toward
robust, practical tools for near-term quantum AI.
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1. Introduction

We cannot solve our problems with the same
thinking we used when we created them.

Albert Einstein (attributed [149])

1.1. Motivation

Artificial Intelligence (AI), particularly Deep Learning (DL), has achieved ma-
jor successes in the last decade, delivering state-of-the-art performance in
domains ranging from scientific discovery [65] and medical diagnostics [41]
to complex decision-making [134] and natural language processing [19, 152].
These breakthroughs have led to widespread use and economic growth [7],
making AI a key part of modern life. Much of this progress has been driven by
a strategy of scaling, achieving performance gains by dramatically increas-
ing model complexity. The number of trainable parameters, especially in
transformer-based generative models, has expanded from millions to hundreds
of billions, establishing a clear correlation between a model’s scale and its ca-
pabilities [19, 67]. However, this reliance on scaling has raised concerns about
its long-term viability. The computational resources required to train these
massive models have grown faster than improvements in hardware efficiency,
leading to questions about the future scalability of classical architectures [5,
129]. While the economic benefits currently justify the investment, the esca-
lating resource demands suggest that continued progress cannot rely on scaling
alone and call for new, more parameter-efficient computational paradigms.

Quantum Computing (QC) presents such an inherently different approach to
information processing, rooted in the principles of quantum mechanics [44]. By
using phenomena such as superposition and entanglement, quantum computers
are capable of navigating and manipulating information within an exponen-
tially large computational state space [110]. A register of just n quantum bits
(qubits) can represent 2n classical states simultaneously, offering a potential
pathway to algorithmic speedups for certain classes of problems that are in-
tractable for even the most powerful classical supercomputers [110]. For AI,
this paradigm is particularly promising, as quantum algorithms have the po-
tential to improve Machine Learning (ML) by executing complex linear algebra
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1. Introduction

operations in high-dimensional Hilbert spaces, thereby offering a potential so-
lution to the scaling and resource bottlenecks that currently constrain classical
DL [15]. Despite its theoretical promise, the practical realization of large-scale,
fault-tolerant QC remains a distant goal. The current landscape is defined by
the Noisy Intermediate-Scale Quantum (NISQ) era, characterized by hardware
with a limited number of qubits, high sensitivity to environmental noise and
a lack of robust quantum error correction [118]. In this constrained reality,
a purely quantum-based approach is infeasible for complex AI tasks. Con-
sequently, a pragmatic compromise has emerged in the form of Variational
Quantum Algorithms (VQAs) [23]. VQAs employ a hybrid architecture, lever-
aging shallow1, parameterized Variational Quantum Circuits (VQCs) (similar
to classical Artificial Neural Networks (NNs)) to perform computationally in-
tensive tasks while relying on classical optimizers to navigate the noisy hard-
ware and train the model’s parameters. Although it does not have a proven
computational speedup, this hybrid approach represents the most viable and
promising strategy for using the power of near-term quantum devices for prac-
tical Quantum Machine Learning (QML) applications.
Though VQAs present a promising direction, their transition from theoret-
ical concepts to robust, practical tools is hindered by a set of unaddressed
challenges that can be grouped into three core areas. First, at the level of
training and optimization, their development is notoriously difficult [99]. The
training process is often unstable, a difficulty increased by the barren plateau
phenomenon, where gradients vanish exponentially with system size, rendering
gradient-based training ineffective for all but the smallest models [99]. Second,
in architectural design, the structure of a VQC—its ansatz—is a primary factor
influencing its performance, yet the design of these circuits remains a largely
manual and heuristic process, creating a significant bottleneck in discovering
optimal, task-specific structures [66]. Finally, the field lacks methodological
consistency in its evaluation [17]. In many hybrid systems, it is unclear how
much each component contributes to performance, making it difficult to as-
sess claims of quantum superiority. Furthermore, there is a distinct lack of
systematic studies that quantify the real-world trade-off between the claimed
parameter efficiency of VQCs and their training costs.

1.2. Scope and Research Questions

In this thesis, we systematically confront the aforementioned challenges in
training, design and evaluation, aiming to mature VQAs from a promising
theoretical framework into a set of practical and effective tools for ML. To this
end, we present a series of contributions that address the full VQA develop-
ment lifecycle. We begin by developing techniques to improve the stability
1In this context, shallow refers to circuits with a low depth, meaning a small number of
sequential gate operations.
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1.2. Scope and Research Questions

and robustness of the training process, and then establish methods for auto-
mated circuit synthesis to replace manual design. These enhanced methods
are then applied to demanding domains like Quantum Reinforcement Learn-
ing (QRL) and generative modeling to test their efficacy. Finally, we provide a
systematic, data-driven analysis of the performance and parameter efficiency
of VQAs to build a more methodologically sound approach to Quantum Ar-
tificial Intelligence (QAI). This research agenda is guided by the following six
questions:

Q1 How can VQAs in the NISQ era be designed to mitigate data ca-
pacity and convergence limitations? This question is motivated by the
need to make VQAs practical on current hardware. We investigate hy-
brid architectures that use classical dimensionality reduction to manage
the limited qubit count of current quantum hardware, enabling the pro-
cessing of high-dimensional data. We also explore methods to stabilize
the often unreliable training process by adapting classical optimization
techniques to the unique properties of quantum circuits and by system-
atically evaluating training heuristics.

Q2 How can VQAs be made more robust and resilient to challenges
like barren plateaus? This question examines strategies to overcome
the barren plateau phenomenon, a major obstacle to scaling VQAs. In
this work, we investigate two different approaches: first, circumventing
the vanishing gradient problem by employing gradient-free metaheuristic
algorithms for optimization and second, simplifying the model’s complex-
ity by applying structural pruning to remove redundant parameters and
identify smaller, more trainable subcircuits.

Q3 How can the manual process of VQC design be automated to dis-
cover more efficient, task-specific architectures? This question is
motivated by the limitations of manual, intuition-driven quantum cir-
cuit design, which is a labor-intensive process constrained by human
heuristics. It explores the development of automated methods that can
systematically search the large space of possible circuit architectures. In
this work, we examine two ML approaches for this task: Reinforcement
Learning (RL) and Evolutionary Algorithms (EAs). The goal is to dis-
cover novel and efficient circuit designs.

Q4 How can VQCs be effectively integrated into QRL agents to address
challenges in stability, optimization and scalability? This question ex-
plores applying QC to the computationally demanding domain of RL.
The motivation is to determine if the properties of VQCs can enhance
the performance of RL agents. We examine several challenges by de-
veloping hybrid quantum-classical agents to improve training stability,
evaluating metaheuristic algorithms for optimization and using the pa-
rameter efficiency of VQCs to show a path toward scalable quantum
multi-agent systems.

3



1. Introduction

Q5 How can quantum models be designed and adapted to address ad-
vanced generative and discriminative ML tasks? This question is
motivated by the goal of testing quantum models on advanced ML tasks
beyond simple classification and RL. For generative modeling, we explore
the design of parameter-efficient quantum circuits for diffusion models, a
leading class of generative architectures. For discriminative tasks, we ex-
amine the computational scaling of quantum kernel methods in anomaly
detection, developing techniques to make them more suitable for real-
world datasets.

Q6 What is the empirical trade-off between the parameter efficiency of
VQCs and their training time compared to classical NNs? This ques-
tion aims to quantitatively evaluate a central claim of QML: that quan-
tum models can achieve comparable performance with fewer parameters.
The motivation is to move beyond theoretical arguments and provide a
data-driven analysis of the practical advantages and current limitations
of VQCs. This is done through a systematic comparison where we ana-
lyze the differences in parameter counts and training durations between
performance-matched VQCs and classical NNs.

These six questions define a comprehensive research agenda that addresses
the end-to-end VQA development process from foundational training mechan-
ics and automated design to high-level application performance and empirical
analysis. They are not addressed in isolation but form an integrated study into
building more effective QML models. The remainder of this thesis is structured
to systematically answer these questions, with each chapter building upon the
last to construct a complete and practical framework for QAI.

1.3. Thesis Structure

We begin by establishing the necessary theoretical groundwork in AI and QC
in chapter 2. With this foundation in place, chapter 3 directly confronts im-
portant VQA training challenges, introducing techniques to improve stability
and presenting methods to mitigate barren plateaus. Building on this, chap-
ter 4 moves beyond manual heuristics by detailing automated circuit synthesis
frameworks using RL and EAs.
We then demonstrate the practical efficacy of these enhanced methods. chap-
ter 5 explores the demanding domain of QRL, highlighting the parameter effi-
ciency of VQC-based agents and validating gradient-free optimizers. Chapter 6
broadens this scope to more advanced tasks, including generative diffusion
modeling and scalable anomaly detection. This chapter also introduces an ar-
chitecture for better differentiating the contributions of quantum and classical
components in hybrid models. Finally, we summarize the key findings, syn-
thesize the contributions and discuss future directions for QAI in chapter 7.

4



1.3. Thesis Structure

Table 1.1.: An overview of the main technical contents of this thesis, research
questions and publications.

Thesis chapter Question Publications
3. Training Optimization Techniques Q1 75, 76, 78–80, 87

Q2 75, 76, 78, 84
4. Automated Circuit Design and Synthesis Q3 73, 81–83
5. Quantum Reinforcement Learning Q4 77, 84, 86, 87
6. Advanced Models and Applications Q5 72, 79, 80, 85

Q6 74

Table 1.1 maps the main chapters of this thesis to the specific research ques-
tions they address. To maintain a focused narrative, the following chapters
summarize the key findings from each publication. The full text of each paper,
which includes a more comprehensive review of related work as well as detailed
information on credits, author contributions, and the purpose of each study,
is provided in appendix A.
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2. Foundations

Nature isn’t classical, dammit, and if you want to
make a simulation of nature, you’d better make it
quantum mechanical.

Richard P. Feynman, 1981 [44]

2.1. Artificial Intelligence

AI has pursued the scientific goal of equipping machines with the ability to
think, learn and act autonomously—qualities that were long considered ex-
clusive to human cognition. However, the idea predates modern computers:
in his seminal essay on AI in 1950, Alan Turing posed the famous question
“Can machines think?” [151]. Six years later, in 1956, AI was declared an of-
ficial scientific discipline in the Dartmouth Workshop organized by McCarthy,
Minsky, Shannon and others. Initial optimism focused on symbolic reasoning
and rule-based systems [20, 107]. However, the field experienced alternating
phases of rapid progress and so-called AI winters [31, 121], which were mainly
caused by inappropriate expectations and computational limitations. The late
1980s saw a resurgence of the field, rekindling interest in adaptive systems
capable of learning from data—in particular, the backpropagation algorithm
for training multilayer perceptrons [120]. The following decades brought ex-
ponential growth in data availability, computing power [5, 104] and algorithm
design [92].

These conditions favored ML as a data-driven approach that enables machines
to improve through experience rather than explicit programming. Any ma-
chine learning paradigm—be it supervised, unsupervised, or reinforcement—
can be formally described by four elements. It consists of a dataset D =
{zi}Ni=1 ⊆ Z, which is drawn independently from an unknown distribution
PZ . A model, a parametrized hypothesis family {fθ}θ∈Θ, with θ denoting
the set of trainable parameters—typically, in modern ML, a NN acting as a
universal function approximator1 [32, 60]; or in QAI, this role can also be

1A universal function approximator is a model that, given enough capacity (e.g., neurons),
can approximate any continuous function to an arbitrary degree of accuracy.

7



2. Foundations

fulfilled by a VQC as described in section 2.3.2. A loss function ℓ is cho-
sen to quantify the difference between model predictions and desirable out-
comes. An optimization procedure selects parameters that minimize the ex-
pected risk R(fθ) = Ez∼PZ

[
ℓ
(
fθ(z)

)]
. Because the underlying distribution

PZ is by definition unknown, the expected risk is approximated by the em-
pirical risk R̂N(fθ) = 1

N

∑N
i=1 ℓ

(
fθ(zi)

)
, defined over the dataset D. In the

supervised setting a sample of D is of the form z = (x, y), whereas in an unsu-
pervised setting the label y is absent; RL, by contrast, operates on experience
tuples (s, a, r, s′) as discussed in the following sections.

A particularly successful field of ML is DL, where deep NNs with many layers
of nonlinear transformations learn hierarchical representations directly from
raw data. Concretely, an L-layer feed-forward network implements the map-
ping fθ(x) = gL◦ gL−1◦ · · ·◦ g1(x), gℓ(z) = σℓ

(
Wℓz + bℓ

)
, where x ∈ X ⊆ Rd0

is the input, Wℓ ∈ Rdℓ×dℓ−1 is the weight, bℓ ∈ Rdℓ is the corresponding bias
and θ = {Wℓ, bℓ}Lℓ=1 denotes the trainable parameters. A non-linear activa-
tion σℓ (e.g., Rectified Linear Unit (ReLU) [106], Gaussian Error Linear Unit
(GELU) [58], or sigmoid [153]) makes the overall function non-linear in its
input and parameters. The depth of the network allows it to express hierar-
chical features: early layers capture (local) low-level patterns, whereas deeper
layers learn increasingly abstract representations. Under mild conditions, even
a single hidden layer network is a universal approximator [32, 60]. Neverthe-
less, stacking many layers often leads to a dramatic improvement of statistical
and computational efficiency [101]. Training deep NNs requires stochastic op-
timization in a high-dimensional, non-convex landscape. Let Bt ⊂ D be a
mini-batch of cardinality B. Stochastic Gradient Descent (SGD) updates the
parameters at iteration t using the gradient of R̂N(fθ) via the back-propagation
algorithm [120] according to θt+1 = θt − ηt∇θ[

1
B

∑
(x,y)∈Bt

ℓ
(
fθ(x)

)
], where

ηt > 0 denotes the learning rate. The vanilla SGD can be improved through
momentum [142] or adaptive learning-rate schedules, such as Adaptive Moment
Estimation (Adam) [69] or Root Mean Square Propagation (RMSProp) [150].

2.1.1. Supervised Learning

In Supervised Learning (SL), a model learns a mapping from inputs to desired
outputs using a set of labeled examples. Typical tasks include classification
(predicting a discrete label) and regression (predicting a continuous value).
Formally, the problem is defined as follows. Let D = {(xi, yi)}Ni=1 ⊆ X ×
Y be an independent and identically distributed sample from an unknown
distribution PX×Y . The goal is to find parameters θ of a hypothesis fθ :
X → Y that minimize the expected risk R(fθ); in practice we optimize its
empirical counterpart R̂N(fθ). A model is then trained and its parameters θ
are updated at iteration t using a mini-batch Bt ⊂ D according to: θt+1 =
θt − ηt∇θR̂|Bt|(fθ)|θ=θt , where ηt is the learning rate. For model evaluation,

8



2.1. Artificial Intelligence

domain-specific metrics are used. For classification, accuracy, precision, recall,
F1-score and area under the Receiver Operating Characteristic (ROC) curve
(Area Under the Curve (AUC)) are common [116]. Regression tasks often
use Mean Absolute Error (MAE), Mean Squared Error (MSE) or Root Mean
Squared Error (RMSE) [24].

2.1.2. Reinforcement Learning

Modern RL emerged in the 1980s from three major research fields: optimal
control [11], trial-and-error learning [145] and Temporal-Difference (TD) learn-
ing [144]. It aims to solve sequential-decision-making problems under uncer-
tainty. In RL, an agent learns to make decisions by interacting with an en-
vironment [143], receiving feedback in the form of rewards and improving its
behavior over time in order to maximize its cumulative reward. Markov Deci-
sion Processes (MDPs) [62] provide a standardized framework for formalizing
sequential decision-making scenarios, representing the interaction between an
agent and its environment as states, actions, transitions and rewards.

Markov Decision Processes A sequential decision-making scenario can be
formalized as an MDP [62]. An MDP is defined as a 5-tuple (S,A, P,R, γ),
where S is the set of possible states, A is the set of available actions, P (s′ | s, a)
is the state transition probability function specifying the likelihood of reaching
state s′ from state s after taking action a, R(s, a, s′) is the reward function
that assigns a scalar feedback for each transition and γ ∈ [0, 1] is the discount
factor that weighs future rewards. Within this framework, the agent follows
a policy π(a | s), which defines the probability of taking action a in state s.
The goal of the agent is to learn a policy π(a | s) that maximizes the expected
cumulative reward E[Gt] = E [

∑∞
i=0 γ

i · rt+i]. The state-value function V π(s) =∑
a∈A π(a | s)

∑
s′∈S P (s

′ | s, a) [R(s, a, s′) + γV π(s′)] evaluates the expected
return starting from state s and following policy π thereafter. The action-value
function Qπ(s, a) =

∑
s′∈S P (s

′ | s, a)
[
R(s, a, s′) + γ

∑
a′∈A π(a

′ | s′)Qπ(s′, a′)
]

represents the expected return of taking action a in state s and subsequently
following policy π. An important objective in RL is to find an optimal policy π∗

that maximizes the expected return from every state. The optimal state-value
function V ∗(s) = maxa∈A

∑
s′∈S P (s

′ | s, a) [R(s, a, s′) + γV ∗(s′)] and action-
value function Q∗(s, a) =

∑
s′∈S P (s

′ | s, a) [R(s, a, s′) + γmaxa′∈AQ
∗(s′, a′)]

satisfy the Bellman optimality equations.

Temporal-Difference Learning While exact solutions to the Bellman equa-
tions require knowledge of the transition and reward functions, TD learning
methods estimate value functions directly from sampled experience. Value
estimates are updated based on the difference between successive predictions
using the TD error δt = rt+1 + γV (st+1) − V (st) in the TD(0) update rule
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2. Foundations

V (st) ← V (st) + αδt [144], where α is the learning rate. TD methods enable
incremental learning techniques that form the basis for many RL algorithms,
including value-based methods like Q-Learning (QL), which is discussed in the
next section.

Value-Based Methods Value-based approaches attempt to approximate the
optimal action-value function Q∗(s, a), from which the optimal policy π∗(s) =
argmaxa∈AQ

∗(s, a) can be derived by selecting the action with the highest
value in each state. These methods do not require an explicit model of the en-
vironment and instead update estimates from experience. One common value-
based algorithm is QL [154]. QL employs a greedy action selection strategy,
choosing the action that maximizes the estimated future return. The update
rule is given by Q(st, at)← Q(st, at) +α[rt+1 + γmaxa′ Q(st+1, a

′)−Q(st, at)].
This forms the basis for extensions such as Deep Q-Networks (DQNs) [103],
which approximate Q-values using NNs or VQCs in high-dimensional or con-
tinuous state spaces.

Policy Gradient Methods In contrast to value-based methods that learn a
value function and derive a policy from it, policy gradient methods directly
parametrize and optimize the policy itself. The policy is represented by a
function πθ(a | s) with parameters θ. The core idea is to perform stochastic
gradient ascent on an objective function J(θ) = Eπθ

[Gt] that measures the
expected cumulative reward of the policy πθ [146]. Its gradient ∇θJ(θ) =
Eπθ

[∇θ log πθ(at | st)Qπθ(st, at)], where ∇θ log πθ(at | st) is the score function
and Qπθ(st, at) is the action-value function, is used to adjust the parameters θ
of the policy to increase the likelihood of actions that lead to higher returns.
To improve the stability and efficiency of this optimization, the action-value
function Qπθ(st, at) is often replaced by the advantage function [102, 127],
A(st, at) = Q(st, at) − V (st), which quantifies how much better a particular
action is compared to the average action at a given state. This substitution
reduces variance in the gradient estimates and typically results in more stable
and faster learning.

Actor–Critic Methods Actor-Critic methods unite the strengths of policy-
based and value-based approaches by maintaining two separate structures:
an actor, which updates the policy πθ(a | s) in the direction suggested by
policy gradients and a critic, which estimates the value function V π(s) or
action-value function Qπ(s, a) to provide feedback on the actor’s performance.
The critic helps reduce the variance of policy gradient estimates by serving
as a baseline, while the actor uses this information to improve the policy.
Typically, the advantage function A(st, at) is computed using the critic’s esti-
mates and is used to weight the policy gradient update. This structure allows
for more sample-efficient and stable learning, especially in environments with
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high-dimensional or continuous action spaces. Popular implementations in-
clude Advantage Actor-Critic (A2C) [102], which uses synchronous updates
across multiple agents to stabilize training and Proximal Policy Optimiza-
tion (PPO) [128], which introduces a clipped objective to keep policy updates
within a safe limit.

2.1.3. Evolutionary and Heuristic Optimization

While gradient-based methods such as SGD form the basis of modern ML, their
effectiveness depends on the existence of a well-defined, differentiable objective
function. Evolutionary and heuristic optimization methods offer a powerful
class of gradient-free alternatives that work without these requirements. This
family of methods includes classic single-solution heuristics such as Simulated
Annealing (SA) [70] and Tabu Search (TS) [49], as well as population-based
EAs such as Genetic Algorithms (GAs). Their usefulness is most notable for
problems with non-differentiable or discontinuous loss functions, discrete or
mixed search spaces and complex optimization landscapes. Such landscapes,
which are full of local minima or phenomena such as barren plateaus, pose a
well-known challenge in areas such as QAI [99]. Therefore, these methods are
frequently used in ML for tasks such as architecture search, hyperparameter
tuning and the direct optimization of VQCs, where gradient-based approaches
may be infeasible or perform poorly. Most heuristics and EAs can be explained
by a set of core functional components that define their search behavior.

Solution Representation The first component is the solution representation.
Here, a candidate solution is encoded as a point x within a defined search
space X and the structure of X usually depends on the problem. Examples
include binary vectors x ∈ {0, 1}n for subset selection or permutations for
ordering problems [50]. In a GA, this representation is often referred to as the
“chromosome” of an individual.

Objective Function The search is guided by an objective function f : X →
R, which assigns a scalar value to each solution to measure its quality (or cost).
The optimization goal is to find a solution x∗ = argmaxx∈X f(x)

2 [1]. In the
context of EAs, this is usually referred to as the “fitness function”, because it
measures the viability of an individual solution within its environment.

Generation Mechanism New candidate solutions are created by generation
mechanisms, which are stochastic operators designed to navigate the search
2Note that if the objective function represents costs, the function needs to be minimized
instead of maximized: x∗ = argminx∈X f(x) or equivalently the function value inverted
x∗ = argmaxx∈X −f(x)
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space by balancing exploration (diversification) and exploitation (intensifica-
tion). GAs, for instance, employ two primary mechanisms: crossover (recom-
bination) and mutation. Crossover is a binary operator (o1, o2) = c(p1, p2) that
combines information from two parent solutions, whereas mutation is a unary
operator x′ = m(x) that introduces small, random changes to a single solution
to maintain diversity [50]. This contrasts with simpler mechanisms like the
neighborhood perturbation operator in SA [70].

Selection Strategy The selection strategy determines which solutions persist
and impact future search directions. As the name suggests, population-based
methods like GAs maintain a population at every generation t. Each popu-
lation is a set of N solutions P (t) = {x(t)1 , . . . , x

(t)
N }. From this set, selection

operators choose parents for reproduction, usually based on their fitness. In
contrast, single-solution heuristics like SA use an acceptance criterion (e.g.,
the Metropolis criterion P (accept) ∝ e−∆f/T [100]) to decide whether to switch
from the current solution to a newly generated one [70].

Initialization and Termination Finally, the entire process is governed by
initialization and termination criteria. The algorithm starts with an initial
solution or population P (0), often generated uniformly at random from X .
The process is stopped based on preset conditions, such as reaching a max-
imum number of function evaluations, exceeding a computational budget, or
detecting convergence of the best-found objective value [54].

2.2. Quantum Computing

QC investigates how information can be encoded in, manipulated and ex-
tracted from physical systems that obey the laws of quantum mechanics. Since
Feynman’s 1982 proposal to simulate physics with “quantum computers” [44],
the field has progressed from theoretical constructs such as the universal quan-
tum Turing machine [35] to early-stage processors with qubits numbers in the
order of O(103) [3]. Milestones such as Shor’s polynomial-time factoring al-
gorithm [131] and Grover’s quadratic search speed-up [53] have established
hope of asymptotic advantages over classical computation. Today, the current
state of NISQ devices is driving research more toward algorithms that tolerate
imperfections [118], such as variational algorithms explored in section 2.3.1.

2.2.1. Quantum-Mechanical Principles

Quantum mechanics forms the basis for QC, enabling qubits to behave in ways
inherently different from classical bits fixed in states 0 or 1. A single qubit
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can exist in a superposition of basis states, while multiple qubits can become
entangled, producing correlations that exceed classical logic. Quantum ampli-
tudes can also interfere constructively or destructively based on their complex
phases, allowing algorithms to amplify correct outcomes while suppressing in-
correct ones [53]. The following presents the quantum-mechanical phenomena
that enable quantum computation.

Superposition Superposition is the principle that a quantum system can
exist simultaneously in multiple states until it is measured. This means that
a single qubit can be in a linear combination of its computational basis states
|0⟩ and |1⟩, written as |ψ⟩ = α |0⟩ + β |1⟩ with complex amplitudes α and β
satisfying |α|2+ |β|2 = 1 where |α|2 and |β|2 are the probabilities of measuring
the qubit in each respective state. The linearity of quantum mechanics allows
these combinations to remain in coherent superposition, enabling a register of
n qubits to encode amplitudes for all 2n basis states simultaneously [105]. This
exponential state space is the basis of quantum parallelism, where quantum
algorithms evaluate functions across many inputs at once within a single step,
before interference and measurement select the final outcome.

Entanglement Entanglement is a quantum correlation in which the state of
one qubit is inseparably linked to the state of another, regardless of spatial
separation. Formally, a multi-qubit system is entangled if its overall state can-
not be written as a tensor product of single-qubit states. A canonical example
is the Bell state [10]: |Φ+⟩ = 1√

2
(|00⟩ + |11⟩), which shows correlations that

cannot be explained by any classical theory with local hidden variables. En-
tanglement plays a central role in QC: it enables quantum speed-ups [53, 131],
robustness in error-correcting codes [45, 51, 133], quantum teleportation [12]
and it underlies protocols in secure communication [40]. It is widely regarded
as one of the most important resources differentiating quantum from classical
information processing.

Interference Interference refers to the way quantum probability amplitudes
combine when different computational paths lead to the same outcome. Unlike
classical probabilities, which simply add up, quantum amplitudes can add up
constructively or destructively depending on their relative phases. This allows
quantum algorithms to increase the probability of measuring correct results
while suppressing incorrect ones. The use of interference is integral for many
quantum speed-ups, including Grover’s algorithm [53] for unstructured search
and the phase estimation routines underlying Shor’s algorithm [131].

Measurement Measurement is the process by which a quantum state is pro-
jected onto one of the eigenstates of a specified measurement operator, result-
ing in a classical outcome. Formally, a measurement is described by a set of
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ẑ = |0⟩
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Figure 2.1.: Bloch sphere visualization of a single-qubit state before and after
applying a quantum gate.

measurement operators {Mm} satisfying
∑

mM
†
mMm = I, where each Mm cor-

responds to a possible outcome m. For a single qubit in state |ψ⟩ = α |0⟩+β |1⟩,
a projective measurement in the computational basis {|0⟩ , |1⟩} results in 0
with probability |α|2 and 1 with probability |β|2. However, measurements can
also be performed in other bases, such as the Hadamard basis {|+⟩ , |−⟩} or
any arbitrary eigenbasis, depending on the choice of observable. Since mea-
surement outcomes are probabilistic and destroy the quantum state, quantum
algorithms must be deliberately designed so that the desired result emerges
with high probability when measured in the chosen basis.

2.2.2. Quantum Gates

Quantum gates are the basic operations that transform the state of a quantum
system to a subsequent state. Each gate is defined as a unitary matrix acting
on one or more qubits, preserving the norm of the state vector. Due to their
unitary nature, quantum gates are reversible operations. Single-qubit gates
are defined as 2× 2 matrices and can be visualized as rotations on the Bloch
sphere (see fig. 2.1). Common examples include the Pauli gates X, Y and Z,
the Hadamard gate H, which creates superpositions and the phase gates S
and T that apply fixed phase shifts. Mathematically, these are given by:

X =

(
0 1
1 0

)
, Y =

(
0 −i
i 0

)
, Z =

(
1 0
0 −1

)
,

H = 1√
2

(
1 1
1 −1

)
, S =

(
1 0
0 i

)
, T =

(
1 0
0 eiπ/4

)
.
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Multi-qubit gates act on two or more qubits and can be used to create en-
tanglement and thus can enable quantum computational speedups [110]. The
most commonly used entangling gate is the controlled-NOT (CNOT), which
flips the state of the target qubit conditioned on the control qubit being in the
state |1⟩:

CNOT =


1 0 0 0
0 1 0 0
0 0 0 1
0 0 1 0

 .

Other two-qubit gates include controlled-Z [110], iSWAP [123] and the Mølmer-
Sørensen XX gate [140], depending on the quantum hardware platform. A
gate set is called universal if it can approximate any unitary operation to ar-
bitrary precision. One example of a universal set is the Clifford + T gate
set {H,S,CNOT, T}, which is sufficient to construct any quantum circuit
when combined appropriately [9]. However, current hardware implementa-
tions of quantum gates are not ideal; they suffer from various forms of noise
such as depolarizing or amplitude-damping channels [110] and coherent over-
rotations [56]. These imperfections are quantified using metrics like average
gate fidelity [109] and motivate the use of error-correcting codes [45, 133] and
fault-tolerant constructions [132] to ensure reliable computation on noisy hard-
ware.

2.2.3. Quantum Circuits

Quantum circuits provide a graphical and mathematical representation of
quantum algorithms by arranging quantum gates in a sequence that oper-
ates on a register of qubits. Each horizontal wire in the diagram represents
the state of a single qubit and gates are applied in order from left to right,
as illustrated in fig. 2.2. Formally, a quantum circuit consists of a sequence
of layers, where each layer is a tensor product of gates that can be applied in
parallel. The overall unitary transformation of the circuit is constructed by
composing the unitaries of each layer. An m-gate circuit on n qubits creates
a unitary U = Um · · ·U2U1 ∈ SU(2n) followed by a measurement on a chosen
subset of qubits. Important structural properties of a circuit include its width
(the number of qubits used), depth (the number of sequential gate layers)
and total gate count. These parameters influence the algorithm’s efficiency
and sensitivity to noise, especially in the NISQ era where coherence time is
limited.
Quantum circuits must first be transpiled into the specific gate set and topol-
ogy unique to the device in order to operate on actual hardware. This involves
inserting SWAP gates for connectivity constraints [94], decomposing unitaries
into native gates [9] and applying optimizations like peephole rewriting or gate
fusion [136]. Many circuit identities, such as HXH = Z and Euler decompo-
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|q0⟩ H

|q1⟩ Z

Figure 2.2.: Example quantum circuit with Hadamard, CNOT and Z gates,
followed by a measurement on q0.

sitions, help reduce depth and error accumulation. Some devices support mid-
circuit measurements [30] and classically controlled operations, which enables
error correction, teleportation and adaptive protocols. Logical qubits can be
encoded using quantum error correction codes, such as the surface code [45].
This allows for fault-tolerant gates and exponentially suppressed error rates
through the use of lattice surgery [61] and transversal gates [38].

2.3. Quantum Artificial Intelligence

QAI investigates how QC can be used to enhance or accelerate AI and, vice
versa, how AI methods can support the development and operation of quan-
tum technologies. It represents a rapidly evolving interdisciplinary field that
bridges the principles of quantum mechanics and the methodologies of com-
putational intelligence. The idea of combining quantum computation with AI
has been explored theoretically for decades, driven by the promise of simu-
lating complex probabilistic systems using quantum mechanics [44, 131]. By
harnessing superposition, entanglement and interference, quantum computers
realize inherently different computational capabilities than classical machines.
This has the potential to enable speedups for tasks that are otherwise infea-
sible or inefficient. Practical progress, however, remained limited until the
emergence of programmable quantum hardware and algorithmic frameworks
tailored to NISQ devices [118], which has since sparked renewed interest in
quantum-enhanced learning, reasoning and decision-making.
The field of QAI covers a wide range of subareas, most notably QML, which
investigates how quantum algorithms, like variational circuits or quantum ker-
nels, can accelerate tasks like classification, clustering and generative modeling.
Beyond QML, QAI includes quantum approaches to automated planning [37],
natural language processing [155], computer vision [57, 91] and multi-agent
systems [39], with applications ranging from logistics optimization and drug
discovery to finance and climate modeling [34]. Each of these domains explores
if quantum resources can provide computational advantages, improved model
expressivity, or better generalization compared to their classical counterparts.
In addition to these efforts, AI methods themselves are increasingly used to
support the development and operation of quantum technologies. This includes
the use of ML for quantum control [111], error mitigation [22], circuit design
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[27, 33, 159] and transpilation [117, 147]. Such “AI for quantum” techniques
are especially valuable in the current era of NISQ devices, where intelligent
adaptation and optimization are essential to deal with hardware limitations.
This thesis covers both directions of QAI: the use of QC to enhance AI and the
application of AI techniques to support QC. The latter, commonly referred to
as AI for quantum, includes methods for optimizing quantum circuits and the
automated design of quantum circuits, and draws on foundations introduced in
the preceding sections on classical AI and ML (see section 2.1). The remainder
of this chapter, however, focuses on the former direction: quantum algorithms
for AI tasks. In particular, it examines variational quantum models, which
form the backbone of many near-term QAI approaches. The following sec-
tions introduce the core components of these models, including VQCs, input
encoding schemes and ansatz design.

2.3.1. Variational Quantum Algorithms

VQAs are a popular class of hybrid quantum-classical algorithms designed to
make effective use of current NISQ hardware [23]. They operate by parameter-
izing a quantum circuit, referred to as a VQC, whose parameters are optimized
by a classical computer to minimize a loss function defined over measurement
outcomes. The general architecture of a VQA is illustrated in fig. 2.3, where
quantum and classical components interact iteratively. This framework enables
the use of quantum circuits as expressive, trainable models while leveraging
classical optimization to guide the learning process.
VQAs emerged in the mid-2010s as a response to the limitations of QC hard-
ware, with early examples including the Variational Quantum Eigensolver [114]
and the Quantum Approximate Optimization Algorithm (QAOA) [42]. These
methods demonstrate how useful information can be extracted from shallow
quantum circuits by iteratively tuning gate parameters to minimize a loss
function3. Since then, VQAs have been widely adopted across QML, quan-
tum chemistry and optimization, becoming an essential algorithm design in
the NISQ era.
A VQA consists of three main components: a VQC U(θ), a classical loss
function L and an optimization algorithm. The circuit prepares a quantum
state of n qubits, |ψ(x, θ)⟩ = U(x, θ) |0⟩⊗n, where x denotes input data and
θ the trainable circuit parameters. Measurements on this state produce clas-
sical outcomes from which the value of L is estimated4. The parameters θ
are then updated using a classical optimizer, such as SGD, to minimize the
loss. Gradients can be computed using the parameter-shift rule [124], which
3The loss function is in some cases also referred to as a cost function or objective function
(see section 2.1.3).

4The estimation is commonly obtained through the expectation value of a chosen observable,
or through a task-specific loss function, such as classification error.
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θ
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Figure 2.3.: General structure of a VQA. Blue boxes represent quantum com-
ponents, while green boxes indicate classical components. The
parameters of the circuit are denoted by θ, while θ′ refers to the
updated parameters produced by the classical optimizer.

enables analytic differentiation of quantum gates by evaluating the circuit at
shifted parameter values. This feedback loop continues until convergence or a
predefined stopping criterion is met.
The effectiveness of a VQA critically depends on the design of its variational
circuit, the encoding of classical data into quantum states and the choice of
ansatz. These aspects influence the expressivity of the model, the landscape
of the loss function and the feasibility of optimization. The following sec-
tions therefore explore each of these components in detail, beginning with the
structure and properties of VQCs.

2.3.2. Variational Quantum Circuits

VQCs, also called Parametrized Quantum Circuits (PQCs), are the core com-
ponent of VQAs. They consist of parametrized quantum gates arranged in a
fixed architecture, whose parameters are optimized to minimize a loss func-
tion. A VQC can be understood as a quantum analog of a NN. It defines a
function fθ that maps inputs to quantum states, with trainable parameters θ
controlling the unitary evolution. The expressive power and trainability of a
VQC are determined by its structure, the choice of input encoding and the
form of the variational ansatz.
A typical VQC consists of multiple layers of quantum gates applied to an initial
state—usually |0⟩⊗n. These layers include data encoding gates, parametrized
single-qubit rotations and entangling operations. The circuit outputs a quan-
tum state from which classical information is extracted via measurement. Due
to the unitarity of quantum gates (section 2.2.2), quantum transformations
are norm-preserving and maintain the total probability amplitude. Learning
is achieved by adjusting gate parameters to exploit constructive and destruc-
tive interference in the Hilbert space [23], guided by classical optimization
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Figure 2.4.: General structure of a VQC with n qubits and l variational layers.
The input data x = {x1, x2, . . . , xn} is first embedded into the
quantum circuit using an embedding strategy (e.g., Angle Em-
bedding) represented by the blue block. The data is then pro-
cessed by l variational layers (depicted in green), each consisting
of parametrized single-qubit rotations and entangling gates (layer
indices are omitted for clarity). Finally, the red block denotes the
measurement stage, where the circuit is repeatedly measured to
extract classical information.

routines (as discussed in section 2.3.1). The following sections describe two
important design choices in constructing VQCs: how classical input data is
encoded into quantum states and how the variational ansatz is structured.

Input Embedding The input embedding, also referred to as data encoding
or feature mapping, specifies how classical data is translated into quantum
states. Since quantum algorithms operate only on quantum states, the first
step is to encode an input vector x ∈ Rd into a quantum state |ϕ(x)⟩. Several
encoding strategies exist, each with trade-offs in expressivity, implementation
cost and circuit depth. The most common methods include basis encoding,
amplitude encoding [105] and angle encoding (depicted in fig. 2.4). Basis en-
coding maps bits of classical data directly onto computational basis states, but
requires many qubits for high-dimensional data. Amplitude encoding repre-
sents classical data using the amplitudes of a quantum state, allowing 2n real
values to be stored in the amplitudes of an n-qubit system, thereby offering ex-
ponential compression of its representation. However, this advantage depends
on the ability to efficiently prepare such quantum states [130], which is usually
not trivial in practice. In contrast to amplitude encoding, angle encoding uses
data values as rotation angles in parametrized gates (e.g., Ry(xi)) and is widely
used in VQCs due to its simplicity and compatibility with hardware-native gate
sets. In practice, input encoding is typically integrated into the first layer of
the circuit and may be repeated across layers (called data-reuploading [113])
to increase expressivity.
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Ansatz The ansatz or variational layer (depicted green in fig. 2.4) defines the
structure of the parametrized part of a VQC, i.e., the template of quantum
gates with trainable parameters. A well-chosen ansatz is important: it must be
expressive enough to approximate the target function or quantum state, but
structured enough to allow efficient optimization and implementation. The
ansatz determines the hypothesis class that the variational algorithm can ex-
plore. Ansätze are often composed of alternating layers of parametrized single-
qubit rotations and entangling gates, such as controlled-NOT or Ising-type
couplings. Two common design approaches are hardware-efficient ansätze [66],
which are tailored to the connectivity and gate set of a specific quantum de-
vice and problem-inspired ansätze [42], which embed domain-specific struc-
ture into the circuit, e.g., from chemistry or combinatorial optimization. The
depth and entanglement structure of the ansatz influence both the expressivity
and the optimization landscape. Deep or highly entangled circuits can suffer
from barren plateaus, where gradients vanish exponentially with the number of
qubits [99]. Its design, possibly incorporating symmetries or adaptive schemes,
is therefore essential for practical performance.

20



3. Training Optimization
Techniques

Perfection is achieved, not when there is nothing
more to add, but when there is nothing left to
take away.

Antoine de Saint-Exupéry, 1939 [122]

The development of QAI models in the NISQ era is inherently limited by the
capabilities of available quantum hardware [118]. These devices suffer from
noise1 [71, 118] and a lack of fault-tolerant error correction [148], which col-
lectively hinder scalability. As introduced in sections 2.3.1 and 2.3.2, VQAs
offer a practical framework to mitigate these issues by using relatively noise-
resilient VQCs within a hybrid quantum-classical optimization loop. Although
these architectures present a promising direction, the QAI software ecosystem
remains less mature than that of classical AI. In practice, current approaches
in the NISQ era still face significant challenges that reduce their applicability.
One of the biggest obstacles includes the limited number of qubits available
on present-day devices, which severely restricts the complexity of the models.
In addition, the training of VQAs is often hindered by barren plateaus, i.e.,
areas with vanishing gradients that make optimization inefficient or even in-
feasible [99]. These issues are amplified by instabilities in the hybrid training
process, which often leads to poor convergence and unreliable performance
across problem instances.
To address these limitations, we introduce several contributions to training op-
timization techniques in this chapter. First, we develop an approach for weight
re-mapping [75, 76], in which the quantum parameters are restricted to their
natural periodic range. This approach aligns the optimization with the phys-
ical properties of quantum circuits. Second, we propose exponential learning
rate decay [87] to improve stability and robustness in variational QRL. This
is complemented by a systematic assessment of common heuristics, including
data re-uploading [113], input and output scaling [137] and alternative initial-
1Quantum noise refers to uncontrolled variations in a quantum system that corrupt the
stored or processed information. It comes from interactions with the environment (de-
coherence) and imperfect gate operations, and is a primary obstacle to building reliable
quantum computers [118].
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Figure 3.1.: The weight re-mapping technique integrates a non-linear function
between the classical optimizer and the VQC. This function con-
strains the optimizer’s unbounded outputs to a physically mean-
ingful angular interval, such as [−π, π], before they are used to
parameterize the quantum gates. Figure adapted from Kölle et al.
[75].

ization techniques. Finally, we present a structural pruning method inspired
by the Lottery Ticket Hypothesis (LTH). Here, subcircuits are systematically
selected to reduce redundancy and improve trainability [78].

Beyond the scope of this chapter, we have made several more training opti-
mization contributions. Gradient-free optimization strategies are investigated
as alternatives to gradient-based training, with a particular emphasis on meta-
heuristic methods (see section 5.22). To address the constraint of limited
qubit counts, we propose a quantum-hybrid architecture in which inputs are
compressed prior to quantum processing, extending the applicability of NISQ
hardware to more complex tasks such as image and audio classification (see
section 6.33). Finally, we optimize the VQC architecture itself through auto-
mated synthesis and circuit optimization techniques, enabling more efficient
and scalable model construction in chapter 4.

2Note that we discuss metaheuristic methods in section 5.2 because they are especially
important to the training success in QRL.

3Since the emphasis is on the applications and the quantum and classical component con-
tributions, this publication is discussed in section 6.3.
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3.1. Adapting Classical Optimization Paradigms

A core problem in training VQCs lies in the mismatch between the optimiza-
tion tools developed for classical systems and the physical realities of quantum
circuits. To address this problem, in Kölle et al. [75, 76] we introduce the
method of weight re-mapping, motivated by the inherent inefficiency of ap-
plying classical optimizers to quantum parameters. Most classical optimizers
operate in an unbounded Euclidean space, whereas the parameters of VQCs
are periodic rotational angles. Standard gradient updates that are not aware
of this periodicity can cause large, unstable jumps in the parameter space (e.g.,
from an angle of π − ϵ to π + ϵ), which complicate smooth and efficient con-
vergence. The main idea is to enforce this physical constraint directly within
the model’s architecture to create a more well-behaved optimization landscape.
Our methodology, illustrated in fig. 3.1, involves inserting a non-linear mapping
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Figure 3.2.: Training and validation curves of the top 3 approaches for datasets
Iris, Abalone, Diabetes and Seeds with Angle Encoding. Figure
adapted from Kölle et al. [76].
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3. Training Optimization Techniques

function between the classical optimizer’s parameter output and the rotational
gate’s input. This function constrains the optimizer’s unbounded output to a
physically meaningful and non-redundant angular interval, typically [−π, π],
before it is used to parameterize a gate. We systematically evaluate seven dif-
ferent mapping functions (e.g., tanh, arctan and sigmoid) by integrating them
into a variational classifier and testing their performance on eight standard
classification datasets, using both angle and amplitude embedding.

Our results demonstrate that weight re-mapping consistently accelerates train-
ing convergence across all tested datasets (see fig. 3.2). A key contribution
is the finding that this simple architectural modification not only speeds up
training but, in several cases, also leads to statistically significant improve-
ments in the final test accuracy. This is particularly notable when using angle
embedding, where the final accuracy was often higher for models employing a
re-mapping function. By creating a more structured optimization landscape,
this technique also serves as an effective strategy for mitigating the barren
plateau phenomenon [141], a benefit that is explored in section 3.3. Instead of
standard QML approaches that treat VQC parameters analogously to classi-
cal NN weights, weight re-mapping respects the angle periodicity. While other
methods focus on developing entirely new quantum-aware optimizers or com-
plex initialization strategies, we offer a simple, low-overhead solution that is
agnostic to the choice of optimizer. It can be seen as an analog to data normal-
ization in classical ML, a simple but highly effective technique for improving
model trainability.

3.2. Training Heuristics

Beyond individual parameter adjustments, the overall stability and perfor-
mance of a VQA depend heavily on the heuristics used [113, 137]. To clarify
their effectiveness, in Kölle et al. [87] we conduct a systematic evaluation of
established techniques for improving VQC performance, particularly in the
sensitive setting of QRL. Within a unified framework using a Quantum Prox-
imal Policy Optimization (QPPO) agent, data re-uploading, learning rates,
initialization strategies, input scaling and output scaling are tested in the
Frozen Lake and Cart Pole environments (fig. 3.3). This enables a compara-
tive assessment of their individual contributions to overall training dynamics
and long-term stability. During this investigation, the strong hyperparame-
ter sensitivity of VQCs in QRL became apparent; agents often require a high
learning rate for initial exploration but a much lower one for stable conver-
gence. To address this, we introduce exponential learning rate decay. As
shown in fig. 3.4, this schedule provides the optimizer with an appropriately
high learning rate at the start of training, which is then systematically reduced
according to the decay schedule to allow for stable convergence.
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Figure 3.3.: Training architecture of a hybrid quantum-classical actor-critic
agent. Evaluated training heuristics are highlighted in green. Fig-
ure adapted from Kölle et al. [87].

Our results provide a comprehensive assessment of the evaluated heuristics.
The study confirms that data re-uploading (fig. 3.4a) and the newly introduced
exponential learning rate decay (fig. 3.4b) enhance hyperparameter stability
and overall agent performance. In contrast, input scaling does not improve
parameter efficiency, while output scaling proves effective for managing policy
greediness, leading to faster and more robust learning. This work’s primary
contribution is both an evidence-based comparison of popular training heuris-
tics and the introduction of exponential learning rate decay as a practical and
effective strategy for stabilizing VQC training in the notoriously unstable RL
context.

3.3. Strategies for Mitigating Barren Plateaus

The barren plateau phenomenon—where the optimization landscape of a VQA
becomes exponentially flat and featureless, causing gradients to vanish as sys-
tem size increases—remains one of the most significant barriers to scaling
VQAs. In this section, we present several methods to tackle this problem.
Although not demonstrated in this thesis, prior work suggests that the weight
re-mapping technique introduced in section 3.1 can also help reduce barren
plateaus. In particular, Stenzel et al. [141] provide evidence that constraining
the effective parameter space through re-mapping counteracts the exponen-
tial flattening of the loss landscape by keeping gradients more pronounced.
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Figure 3.4.: Performance of the training heuristics introduced in fig. 3.3 for
FrozenLake, along with a detailed comparison of learning-rate
schedules in CartPole. Figure adapted from Kölle et al. [87].

On this basis, we investigate two additional strategies for mitigating barren
plateaus: gradient-free optimization methods that circumvent the vanishing
gradient problem directly4 and model simplification techniques that reduce
the complexity of the optimization landscape. In particular, in Kölle et al.
[84] we explore the integration of various metaheuristic algorithms into QRL
frameworks, which constitute a central component of the approach in this the-
sis and are discussed in more detail in section 5.2. Another effective strategy
is to reduce the complexity of the VQC itself. Our work in Kölle et al. [78] is
motivated by the idea that over-parameterization is a key contributor to bar-
ren plateaus. We apply the LTH from classical ML to the quantum domain,
proposing that a large, dense VQC contains a smaller, trainable subcircuit (a
“winning ticket”) capable of matching its performance, thereby simplifying the
optimization landscape. The weak LTH states that after training and pruning,
there exists a sparse subnetwork which, when reset to its original initialization
and retrained, can match the performance of the full model, while the strong
LTH claims that such subnetworks can be found without any training by learn-
ing only a pruning mask. To evaluate this, the weak LTH is tested using a
train–prune–retrain methodology: a full, over-parameterized VQC is trained,
low-magnitude weights are pruned and the remaining sparse subcircuit is re-
set to its original initialization and retrained. Both iterative and one-shot
pruning strategies are applied to two VQC architectures and a classical NN
baseline on variants of the Iris and Wine classification datasets. In contrast,

4Note that gradient-free approaches do not eliminate the barren plateau problem, as the
cost function remains unchanged. Instead, they avoid vanishing gradients by relying on
optimization strategies not prone to this issue, such as population-based algorithms, which
can explore a larger search space at the expense of increased computational resources.
Nevertheless, barren plateaus can still pose a challenge if the optimization landscape is so
large and flat that even population-based methods cannot sufficiently explore it.
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3.3. Strategies for Mitigating Barren Plateaus

the strong LTH is investigated with a custom EA that directly searches for
effective pruning masks without any gradient-based training.
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Figure 3.5.: Performance comparison of a pruned VQC (winning ticket, orange
line) against its unpruned counterpart (blue line) on the Wine
dataset. The pruned model, retaining only 32.7% of its weights,
significantly outperforms the unpruned model, demonstrating that
pruning can be an effective strategy to escape a barren plateau and
improve generalization. Figure adapted from Kölle et al. [78].

Table 3.1.: Summary of winning tickets, showing the percentage of remain-
ing weights required for a pruned subcircuit to match or exceed
the performance of the unpruned model across different datasets
and VQC architectures. BVQC denotes a binary-classifier VQC,
MVQC a multi-class-classifier VQC and SNN a simple multi-class
NN. Table adapted from Kölle et al. [78].

Dataset BVQC MVQC SNN
Simplified Iris 33.3% 26.1% 20.8%
Iris 26.0% 32.1%
Simplified Wine 51.3% - 51.4%
Wine 32.7% 21.1%

Our results confirm that the weak LTH holds for VQCs, identifying win-
ning tickets with as few as 26% of the original parameters while matching
or exceeding the full model’s performance, as summarized in table 3.1. The
most significant contribution is the demonstration that pruning can serve as
a powerful optimization technique to escape barren plateaus. As illustrated
in fig. 3.5, on the Wine dataset, a pruned VQC (fig. 3.5a) achieved 80% ac-
curacy, drastically outperforming the unpruned model’s 45% accuracy, which
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3. Training Optimization Techniques

was presumably trapped in a barren plateau. Importantly, we observe this
improvement also when compared against classical sparse NNs (fig. 3.5b), sug-
gesting that the benefit is not only due to reduced model complexity. Our
approach contrasts with other methods for mitigating barren plateaus that fo-
cus on initialization strategies, local cost functions, or alternative optimizers.
By formulating the problem as one of structural redundancy, the LTH provides
a novel, architecture-focused solution. It connects to the broader field of NN
pruning but is one of the first works to systematically apply this hypothesis
to VQCs and explicitly demonstrate its utility in overcoming a failed training
process.
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4. Automated Circuit Design and
Synthesis

What I cannot create, I do not understand.

Richard P. Feynman, 1988 [48]

As detailed in section 2.3.1, the VQC is the core of a VQA. Its architecture
determines both the circuit’s expressiveness and its trainability, making it de-
cisive for the overall performance. However, designing suitable architectures is
often a challenging and labor-intensive task [23]. Traditionally, the field has re-
lied on manual, heuristic methods [13] to construct ansätze. These are typically
either hardware-efficient, designed to minimize costly gates and connectivity
for feasibility on specific quantum devices [66, 93], or problem-inspired, embed-
ding knowledge of the problem’s underlying physics directly into the circuit [98,
114]. While these approaches provide useful starting points, they are inher-
ently constrained by human intuition and often require substantial domain
expertise [52]. This dependence on manual design therefore represents a bot-
tleneck, limiting the scalability and broader applicability of QAI. Automated
design offers a way to systematically explore the extensive combinatorial space
of possible circuits [158]. This paradigm shift, similar to how DeepMind’s Al-
phaTensor [43] discovered novel matrix multiplication algorithms, formulates
circuit design as a search problem to be solved by intelligent algorithms [158].
By automating this discovery process, non-intuitive yet highly efficient archi-
tectures can potentially be uncovered that, in DeepMind’s case, even surpassed
their human-designed counterparts. In this chapter, we investigate two pow-
erful approaches for this task: RL, where an agent learns a sequential policy
to construct circuits gate by gate, and EAs, which apply principles of natural
selection to evolve populations of circuits toward higher performance. Build-
ing on the methods for training a given circuit established in chapter 3, this
chapter focuses on finding the right circuit to train.

29



4. Automated Circuit Design and Synthesis

4.1. State Preparation using Reinforcement
Learning

A central challenge in many areas of quantum research is the preparation
of specific quantum states, where ML has emerged as a promising tool for
automation [88, 89, 96]. Recently, Gabor et al. [46] developed an RL approach
to generate unitary transformation matrices, but their method’s reliance on a
costly QR-decomposition and the use of density matrices limits its efficiency.
In Kölle et al. [83], we develop a new RL framework for automated quantum
circuit design that improves efficiency by using only unitary transformations
and a computationally streamlined state vector representation of the quantum
state, at the cost of accuracy. The motivation is to move beyond manual and
often ad-hoc circuit design and to establish a systematic, automated method
for discovering the sequence of quantum gates required to prepare a specific
target quantum state. This is a foundational task in QC [130] and automating
it provides a building block for more complex algorithmic design. We develop
a comprehensive and open-source RL environment where an agent learns to
construct a quantum circuit. The environment is formulated as an MDP: the
state space consists of a vector representation of the current quantum state
and the target state. The action space is discrete and includes the set of
universal gates (the Clifford+T set) and all possible qubit locations to which
they can be applied. At each step, the agent selects a gate and a location,
applies it to the current state and receives a reward. The reward function is
designed to guide the agent toward the target state with high fidelity while
penalizing excessive circuit length. A PPO agent is used to learn a policy for
this sequential construction task.

Table 4.1.: The 2-qubit benchmark set, showing the probability that the best-
performing agents successfully generated the target quantum state.
The high success rates demonstrate the agent’s ability to find ef-
fective circuit designs for a variety of states. Table adapted from
Kölle et al. [83].

State Gen. probability [%]
1
2
(|00⟩+ |01⟩+ |10⟩+ |11⟩) 100
1√
2
(|00⟩+ |11⟩) 100

|01⟩ 96
|10⟩ 98
1√
2
(|00⟩ − |11⟩) 76

|11⟩ 99
1√
2
(|01⟩+ |10⟩) 96

The primary contribution of this work is the development of an integrated and
scalable RL environment for quantum circuit synthesis, as shown in fig. 4.1.
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4.2. Ansatz Design using Reinforcement Learning

Figure 4.1.: Performance of RL agents on state preparation tasks for vary-
ing qubit numbers (n) and circuit depths (λ). Each data point
shows the average performance of three agents, demonstrating the
framework’s modularity to handle different system sizes. Figure
adapted from Kölle et al. [83].

Our results demonstrate that a trained PPO agent can consistently find cir-
cuits with minimum circuit depth that correspond to creating common 2-qubit
states, such as the Bell states. The discovered circuits match the efficiency of
known, manually designed optimal solutions, as detailed in table 4.1. This
validates the RL approach as an effective method for automating small cir-
cuit synthesis tasks. However, applying the method to circuits with more
qubits or greater depths remains difficult and will require further improve-
ments. Our approach is fully automated, data-driven, and differs from other
ML approaches that generate potentially non-unitary matrices and require
costly post-processing (e.g., QR-decomposition [46]) to ensure physical valid-
ity. By operating directly with a discrete, universal set of unitary quantum
gates, this method guarantees by construction that the synthesized circuits
are valid and can be implemented on quantum hardware. It serves as a foun-
dational step from which more complex architecture search methods can be
built.

4.2. Ansatz Design using Reinforcement Learning

In Kölle et al. [81], we extend the scope from simple state preparation to the
more complex task of designing VQC ansätze for specific QML problems. Since
the performance of a VQC is highly dependent on its architecture, or ansatz,
manually creating an effective design that is both expressive and trainable
remains a key challenge in QML. This work addresses the need to automate this
design process, allowing an agent to discover architectures tailored to a specific
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Figure 4.2.: The overall architecture of the RL-QAS framework. The outer
loop, managed by an RL agent, is responsible for constructing
candidate VQC architectures. The inner loop evaluates the per-
formance of these architectures by training them as a VQC on a
given task. Figure adapted from Kölle et al. [81].

ML task, improving performance and reducing the need for manual heuristics
by creating a Quantum Architecture Search (QAS) framework driven by RL.
We introduce an RL-QAS framework, depicted in fig. 4.2, which employs a
two-loop structure. In the outer loop, an RL agent constructs a candidate
VQC architecture by sequentially placing gates. The state is represented by
a 3D binary tensor that encodes the structure of the circuit similar to Patel
et al. [112]. The action space is multidiscrete, where gate types and qubit
indices can be selected. In the inner loop, the constructed circuit is used as
the ansatz within a VQC, which is then trained and evaluated on a specific
QML classification task (e.g., Iris or binary Modified National Institute of
Standards and Technology (MNIST)). The performance on the task (i.e., test
accuracy) is used to calculate a reward for the RL agent, which is also penalized
for circuit complexity (gate count and depth). This reward guides the agent
in the outer loop to discover better architectures over time.

The main contribution is a complete, end-to-end RL framework for QAS in
a QML context. Our results, summarized in table 4.2, show that the agent
autonomously discovers low-complexity circuit designs that achieve high test
accuracy on the Iris and binary MNIST datasets. The discovered architectures
consistently achieve comparable or superior performance to hardware-efficient,
manually designed ansätze, such as strongly entangling layers [125], while using
significantly fewer gates. This demonstrates that RL is a viable and power-
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Table 4.2.: Comparison of VQCs designed by RL-QAS versus manually de-
signed Strongly Entangling Layer (SEL) [125] ansätze across five
datasets. The metrics include gates, parameters, CNOTs, circuit
depth, training accuracy (TrA) and test accuracy (TeA). The RL-
QAS circuits consistently achieve comparable or superior perfor-
mance with lower complexity. Table adapted from Kölle et al. [81].

Dataset Approach Gates Param. CNOT Depth TrA TeA
Iris 2 (0,1) RL-QAS VQC 1 1 0 1 1.0 1.0

SEL VQC (1) 8 6 2 4 0.98 1.0
Iris 2 (0,2) RL-QAS VQC 1 1 0 1 1.0 1.0

SEL VQC (1) 8 6 2 4 0.98 1.0
Iris 2 (1,2) RL-QAS VQC 3 2 1 2 1.0 1.0

SEL VQC (1) 8 6 2 4 0.98 1.0
Iris RL-QAS VQC 4 3 1 3 0.95 1.0

SEL VQC (1) 8 6 2 4 0.66 0.66
SEL VQC (2) 16 12 4 8 0.84 0.82

MNIST2 RL-QAS VQC 14 6 8 7 0.84 0.91
SEL VQC (1) 20 15 5 8 0.77 0.77
SEL VQC (2) 40 30 10 16 0.86 0.93

ful approach for automated architecture search in QML, but again reveals
challenges when extending to more complex and deeper circuits. This work
represents a significant step up in complexity from the discrete state prepa-
ration task in the previous section, moving into the parameterized domain of
VQC for ML. Different from other QAS methods like EAs [47] or differen-
tiable search [26, 156], our work uses an RL agent, which can learn a more
structured construction policy. The two-loop approach is a well-established
pattern in classical NN Architecture Search and this work successfully ports
and validates this approach in the quantum domain.

4.3. Ansatz Design using Evolutionary Strategies

In Kölle et al. [82], we explore EAs as an alternative paradigm for auto-
mated circuit design, focusing on the co-evolution of both circuit architecture
and parameters in a complex Quantum Multi-Agent Reinforcement Learning
(QMARL) setting. The primary motivation is to overcome two major hurdles
in QRL: the barren plateau problem, which plagues gradient-based training
and the reliance on fixed, manually designed circuit architectures. The core
idea is to use a gradient-free, population-based EA that can simultaneously
optimize a VQC’s parameters and evolve its underlying structure, allowing for
a more flexible and robust search for high-performing agents. We propose and
compare three distinct evolutionary strategies for representing and evolving

33



4. Automated Circuit Design and Synthesis

circuit architectures: a ‘Layer-Based’ approach, where entire layers of gates
are treated as genetic blocks for mutation and recombination; a more granular
‘Gate-Based’ approach, where individual gates are manipulated; and a hybrid
‘Prototype-Based’ approach, where a prototype (template) layer is built out of
individual gates. A population of VQC agents, each with a potentially differ-
ent architecture, is then evaluated in the cooperative Coin Game environment.
The fitness of each agent is determined by its performance (score) in the game.
The GA then uses selection, crossover and mutation operators tailored to these
representations to produce the next generation of circuits.

(a) Best and average score for the differ-
ent architectural approaches.

(b) Best and average score of Gate-Based
approach and baseline approach.

Figure 4.3.: Comparison of the performance of different evolutionary strate-
gies for architectural design in (a). Comparison showing that the
flexible, gate-based evolutionary approach outperforms a baseline,
non-evolving architecture [125] in (b). Figure adapted from Kölle
et al. [82].

The main contribution is the introduction and systematic comparison of these
different architectural evolution strategies within an EA framework. Our re-
sults, shown in fig. 4.3, reveal several insights: Strategies based solely on mu-
tation are more effective than combining mutation with recombination for
this task. The flexible ‘Gate-Based’ approach (fig. 4.3a) significantly outper-
forms the more rigid ‘Layer-Based’ and ‘Prototype-Based’ methods. Agents
are discovered that achieve higher scores with more compact circuits and even
outperform a static (non-evolving) architecture (fig. 4.3b). This clearly demon-
strates the benefit of allowing the architecture itself to evolve. Unlike many
applications of GA in QC that focus solely on parameter optimization, our
method allows the circuit structure to be part of the evolutionary search. The
finding that flexible, gate-level manipulation is superior to layer-level manip-
ulation provides important guidance for designing future automated design
frameworks, suggesting that fine-grained control over the architecture is key
to discovering novel and efficient solutions.
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4.4. Mutation Strategies for Circuit Design

In Kölle et al. [73], we provide a deeper investigation into an important com-
ponent of the GA approach: the mutation operator. The performance of a GA
is highly dependent on how it explores the solution space and mutation is the
main mechanism for adding new variation. This work addresses the fact that
while GAs have been proposed for circuit design, there has been little system-
atic analysis of which mutation strategies are most effective for manipulating
quantum circuits. Understanding this is crucial for designing efficient and
powerful EAs for this domain. We create a comprehensive GA framework to
systematically test different mutation strategies and their combinations. The
operators include: ‘change’ (replace a gate with another), ‘delete’ (remove a
gate), ‘add’ (insert a new gate) and ‘swap’ (reorder two gates). The fitness
function is designed to balance three objectives: maximizing the fidelity to a
target quantum state while minimizing both the circuit depth and the count
of resource-intensive T-gates. The experiments are conducted on the task of
synthesizing circuits for randomly generated 4- and 6-qubit target states.

Figure 4.4.: A histogram of the average final fitness scores for various mutation
strategy combinations on 6-qubit state preparation tasks. The
results highlight which combinations effectively balance fidelity
and resource efficiency. Figure adapted from Kölle et al. [73].

The key contribution is a detailed, empirical analysis and comparison of muta-
tion operators for quantum circuit synthesis. Our results, illustrated in fig. 4.4,
reveal that a combined strategy of ‘swap, addition, deletion’ offers the best
balance between performance and resource efficiency, delivering near-optimal
fidelity while also having the potential to reduce circuit depth. In contrast,
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the ‘swap, addition’ strategy achieves the highest fidelity scores but consis-
tently does so at the cost of increasing circuit depth. This work provides
concrete, actionable guidance for designing more effective GAs for quantum
circuit optimization. This work provides a deep dive into the mechanics of the
EA approach presented in the previous section. While many papers on evo-
lutionary quantum circuit design exist, they often use a fixed set of operators
without a comparative study. This paper provides that missing analysis and
contributes knowledge to the field. It contrasts with methods that focus on the
high-level structure of the algorithm (like island models) by instead focusing
on the low-level operators that drive the evolutionary search, showing that the
choice of these operators can have a significant impact on the outcome.
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[...] in theory there is no difference between
theory and practice, while in practice there is?

Benjamin Brewster, 1882 [18]

The integration of QC into AI applications has the potential to address fun-
damental challenges in computational complexity. By utilizing principles like
superposition and entanglement, quantum algorithms may offer significant ad-
vantages in time and space efficiency for certain problems [15]. A particularly
promising domain for quantum enhancement is RL, a paradigm where an agent
learns to make optimal decisions through trial-and-error by interacting with
an environment to maximize a cumulative reward signal, as detailed in sec-
tion 2.1.2. RL is often characterized by computationally intensive tasks, such
as navigating vast state-action spaces [143] and learning from high-dimensional
inputs [103]. QC has the potential to improve RL by providing more powerful
and parameter-efficient function approximators. The current state of QRL is
an active and rapidly developing area of research [25], where early results sug-
gest that replacing classical NNs with more compact VQCs enables agents to
learn complex policies with significantly fewer parameters [29]. In this chapter,
we explore the practical application and further development of QRL. Building
on the foundational training heuristics evaluated in chapter 3 (e.g., in Kölle et
al. [87]), which provide the necessary tools for stable optimization, three core
contributions are explored in the following sections. First, we examine the
development of hybrid quantum-classical actor-critic agents, which represents
an important step toward improving performance and stability in continuous
control tasks. Second, we investigate the use of gradient-free metaheuristic
strategies as a direct and practical solution to overcome training obstacles such
as barren plateaus. Finally, we extend QRL to the multi-agent domain, allow-
ing quantum models to be tested with regard to scalable, parameter-efficient
learning in complex, distributed systems.
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5.1. Hybrid Quantum-Classical Actor-Critic
Agents

In Kölle et al. [77], we investigate the integration of VQCs into the A2C algo-
rithm to address the scalability concerns of classical RL, where the size of NNs
can become a bottleneck. This work tests whether the parameter efficiency of
VQCs can be leveraged to create more compact yet high-performing agents for
continuous control tasks by replacing classical actor and critic networks with
quantum counterparts. The study systematically replaces the actor network,
the critic network, or both within a classical A2C framework with VQCs. To
address the limitations of using a pure quantum output, a hybrid architecture
is also proposed and tested. In this hybrid model, as illustrated in fig. 5.1,
the measurement outcomes from all qubits of the VQC are fed into a classical
linear-layer for post-processing1. This architecture can be configured as a hy-
brid actor (fig. 5.1a) or hybrid critic (fig. 5.1b), allowing the model to scale the
quantum output to the desired size (e.g., two actions for the actor, one value
for the critic). All configurations are empirically evaluated in the continuous
state space of the Cart Pole environment.

(a) Hybrid VQC used as hybrid actor

(b) Hybrid VQC used as hybrid critic

Figure 5.1.: The hybrid VQC architecture used for the actor (a) and critic (b).
The output of the variational circuit is passed to a classical post-
processing NN. Figure adapted from [77].

1This post-processing layer is not to be confused with a Dressed Quantum Circuit (DQC),
where a quantum circuit is sandwiched between two classical NNs, or a transfer learning
approach discussed in section 6.3. This methodology is more similar to output scaling
introduced by Skolik et al. [137] or Jerbi et al. [64].
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The results reveal that the pure quantum A2C configurations fail to learn effec-
tively, due to barren plateaus [99]. The central contribution of this work is the
finding that the hybrid quantum-classical strategy results in a substantial per-
formance increase, as shown in fig. 5.2. Both the hybrid actor and the hybrid
critic configurations significantly outperform not only the pure quantum vari-
ants but also the purely classical A2C algorithm that has a comparable num-
ber of trainable parameters. This work contrasts with purely theoretical QRL
proposals by emphasizing the practical necessity of classical post-processing in
the NISQ era to compensate for the limited output space of quantum circuits.
The success of the hybrid model ties in with the overarching theme of hybrid
quantum-classical computing and demonstrates a practical way to use the ex-
pressive power of quantum circuits while relying on classical layers to process
their outputs into a form that is stable and useful for the RL algorithm.

Figure 5.2.: Performance comparison of the hybrid A2C (HA2C) configura-
tions against the classical A2C baseline in the Cart Pole envi-
ronment. The hybrid approaches demonstrate superior learning.
Figure adapted from [77].

5.2. Metaheuristic Optimization for QRL Agents

In Kölle et al. [84], we address the challenge of training VQC-based agents in
the presence of flat and deceptive optimization landscapes. This work seeks to
find a robust alternative to gradient-based optimization methods, as they are
often inefficient for VQCs due to the barren plateau phenomenon, by system-
atically investigating and comparing a variety of gradient-free, metaheuristic
algorithms as optimizers for QRL agents. The study evaluates six different
metaheuristic algorithms in particular: Particle Swarm Optimization (PSO),
SA, Ant Colony Optimization (ACO), TS, GA, and Harmony Search (HS).
Each algorithm is used to optimize the parameters of a VQC agent. Their
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performance is evaluated on two different RL environments: a discrete 5 × 5
MiniGrid navigation task and the continuous Cart Pole control task. The al-
gorithms are compared based on performance, convergence speed and stability.
All tested algorithms in the MiniGrid environment successfully guide the agent
to near-optimal results, with SA and PSO performing best (fig. 5.3a). In the
more complex Cart Pole environment (fig. 5.3b), SA, GA, and PSO again
achieve optimal results, while the other methods perform only slightly bet-
ter than random, as shown in fig. 5.3. The key contribution of this work is
a comparative study showing that metaheuristic optimization is a highly ef-
fective strategy for training QRL agents. It provides clear evidence for the
potential of PSO and SA as efficient optimizers in QRL and underscores the
importance of careful algorithm selection. This approach offers an alternative
to the majority of the QRL literature that relies on gradient-based optimizers
like Adam. It builds upon the initial promise of evolutionary methods shown
in works like [28], but significantly expands the scope by evaluating a much
wider range of metaheuristics. It provides a practical, gradient-free solution
to the barren plateau problem discussed in chapter 3, establishing a validated
set of alternative optimizers for QRL.

(a) 5× 5 MiniGrid (b) Cart Pole

Figure 5.3.: Performance of the six metaheuristic algorithms in the 5× 5 Min-
iGrid (a) and Cart Pole (b) environments. PSO and SA consis-
tently emerge as top performers. Figure adapted from [84].

5.3. Evolutionary Multi-Agent Quantum
Reinforcement Learning

In Kölle et al. [86], we extend the application of QRL from single-agent settings
to the more complex and scalable domain of Multi-Agent Reinforcement Learn-
ing (MARL). Multi-agent systems often suffer from an exponential growth in
the joint state-action space [21], demanding large and complex models for each
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agent. This work leverages the potential of VQCs to mitigate this scalability
challenge through their inherent parameter efficiency by demonstrating that a
team of agents represented by compact VQCs can learn to solve a cooperative
task as effectively as classical agents that require vastly more parameters. Our
study uses a gradient-free EA to train a population of VQC-based agents in
a multi-agent setting. Each agent’s policy is represented by a VQC. Instead
of using gradients, the agents’ collective performance (the total score in the
cooperative Coin Game environment) serves as the fitness function. The EA
uses selection and mutation to iteratively improve the population of agents
over generations. The performance of the VQC agents is compared against
two classical baselines: a NN with a similar number of parameters and a much
larger NN.
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Figure 5.4.: Average score of the VQC agent compared to a small NN with a
similar parameter count and a much larger NN. The VQC performs
comparably to the large NN with significantly fewer parameters.
Figure adapted from [86].

Our results, shown in fig. 5.4, demonstrate that the VQC agents significantly
outperform the classical NN of a similar size. The VQC agents achieve a
performance comparable to that of the large NNs while using 97.88% fewer
parameters. The main contribution is the clear demonstration of a massive
parameter-efficiency advantage for VQCs in a multi-agent context. This shows
that the benefits of quantum models are not confined to single-agent tasks but
can be a powerful tool for creating more scalable MARL systems. This work
extends the single-agent, gradient-free QRL paradigm to the multi-agent do-
main. The use of an EA connects it to the metaheuristic approaches discussed
in the previous section, confirming the power of gradient-free optimization in
a more complex setting.
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6. Advanced Models and
Applications

We are not students of some subject matter, but
students of problems. And problems may cut
right across the borders of any subject matter or
discipline.

Karl Popper, 1962 [115]

While the previous chapter focused on the specific domain of QRL, this chapter
broadens the scope to examine practical applications of VQAs across diverse
ML paradigms. The central motivation is to explore the potential of quantum-
enhanced models in modern AI applications, investigating whether their unique
properties, as discussed in section 2.2, can be effectively leveraged in more ad-
vanced scenarios. In this chapter, we present four contributions across different
QML applications. First, we explore quantum-enhanced generative modeling
through diffusion models. Although these models represent the state of the art
in generative AI for image synthesis [8, 157], their performance comes at a high
computational cost, characterized by large NNs and a slow sampling process
requiring numerous iterative steps [59, 108]. In the first section, we propose
quantum-native diffusion architectures that leverage the unitarity of quantum
circuits for more efficient generation. Second, we investigate quantum kernel
methods for anomaly detection, where such methods show promise by captur-
ing subtle correlations in high-dimensional spaces [55]. However, prior work
like Kyriienko and Magnusson [90] faced quadratic scaling limitations, which
we address using efficiency techniques that reduce complexity from quadratic to
approximately linear scaling. Third, we present a methodological contribution
by addressing a central issue in hybrid quantum–classical models: the frequent
use of classical pre- and post-processing—known as DQCs [14, 97]—can ob-
scure the actual contribution of the quantum components to performance. To
address this, we develop a transparent architecture in which classical compres-
sion techniques are applied for dimensionality reduction. This architecture
enables quantum methods to be used with more complex datasets, such as
audio and images, while ensuring that the effects of the quantum model are
clearly distinguished from those of classical processing. Finally, we conclude
the chapter by addressing a foundational claim in QML: that VQCs can out-
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Figure 6.1.: A visual comparison of the iterative denoising process for the pro-
posed Q-Dense model against classical and other quantum coun-
terparts on MNIST digits, illustrating the model’s ability to pro-
gressively generate coherent images from noise. Figure adapted
from Kölle et al. [85].

perform classical NNs with significantly fewer parameters. This promise is
rooted in the high theoretical expressivity of quantum models [135] and has
been supported by targeted studies [2] and experiments in this thesis. However,
the practical trade-offs of this parameter efficiency, particularly when weighed
against training times on real quantum hardware, remain largely unquantified
in systematic, head-to-head comparisons. The final section of this chapter ad-
dresses this gap, providing data-driven analysis of the real-world advantages
and current limitations of VQCs.

6.1. Quantum Denoising Diffusion Models

Venturing into the domain of generative AI, in Kölle et al. [85] we explore
the integration of VQCs into the architecture of denoising diffusion models, a
state-of-the-art class of generative models [8, 157]. Classical diffusion models,
while powerful, face two significant challenges: they are often computationally
intensive, requiring many sampling steps to generate an image [59, 138] and
their underlying NNs can be extremely large and parameter-heavy [119]. This
work leverages the potential of QC to address both issues by replacing the
classical U-Net1, the standard workhorse of diffusion models, with more com-
pact and potentially more powerful VQC-based architectures. We introduce
two novel quantum architectures: a Q-Dense model, which uses a strongly en-
1A U-Net is a convolutional neural network architecture originally developed for biomedical
image segmentation. Its characteristic U-shaped design, consisting of a contracting path
to capture context and a symmetric expanding path for precise localization, has made it a
standard for many image-to-image tasks.
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tangling VQC [125] as a direct replacement for a dense classical network and
a more sophisticated Quantum U-Net (QU-Net), which incorporates a novel
quantum convolution layer. Furthermore, a “unitary single-sampling” architec-
ture is proposed. This method uses the inherent unitarity of quantum circuits
to concatenate the entire iterative denoising process into a single unitary ma-
trix, allowing for one-shot image generation analogous to classical consistency
models [139]. These models are benchmarked against classical counterparts on
the MNIST, Fashion MNIST and Canadian Institute for Advanced Research
(CIFAR)-10 datasets.

(a) QU-Net architecture
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Figure 6.2.: (a) An illustration of the QU-Net architecture, which incorporates
novel quantum convolutional layers. (b) A comparison of the FID
score for the Q-Dense model and its classical counterparts, demon-
strating competitive performance. Figure adapted from Kölle et
al. [85].

The primary contribution is the successful design and implementation of the
first quantum-native U-Net, as depicted in fig. 6.2a, and a unitary consis-
tency model for diffusion-based image generation. Our results, visualized in
fig. 6.1, show that both the Q-Dense and QU-Net models surpass the per-
formance of classical models with similar parameter counts across all metrics
(FID, Structural Similarity Index Measure (SSIM), and Peak Signal-to-Noise
Ratio (PSNR)), as demonstrated in fig. 6.2b. The unitary single-sampling
model is also successfully demonstrated on both simulators and real IBMQ
hardware, proving its viability. This work marks a notable advance in the ap-
plication of QAI to state-of-the-art generative modeling. Unlike much of the
existing QML literature, which has primarily addressed discriminative tasks,
this contribution extends quantum approaches to the challenging domain of
image synthesis. While earlier efforts in quantum diffusion models exist [68],
the architectures introduced here are more sophisticated, featuring quantum-

45



6. Advanced Models and Applications

250 500 750 1000 1250 1500
Training data size

0

2500

5000

7500

10000

12500
T

ra
in

in
g

T
im

e
[s

]

(a) Synthetic Data by Size

250 500 750 1000 1250 1500
Training data size

0

20000

40000

60000

80000

(b) Credit Card Fraud Data by Size

0 2 4 6 8 10 12 14 16 18 20
Number of qubits/features

0

50000

100000

150000
(c) Credit Card Fraud Data by Features

250 500 750 1000 1250 1500
Training data size

0

1000

2000

T
es

ti
n

g
T

im
e

[s
]

250 500 750 1000 1250 1500
Training data size

0

5000

10000

15000

0 2 4 6 8 10 12 14 16 18 20
Number of qubits/features

0

20000

40000

60000

Classical RBF

IT

VS with Max Score

VS with Average Score

Unmitigated RM

Mitigated RM

VS with Max Score and RM kernel

VS with RFB, Max Score and RM kernel

Figure 6.3.: Training and testing time in seconds as a function of training data
size, showing the computational efficiency gains of the proposed
methods (randomized measurements and variable subsampling)
over the standard inversion test (IT). Figure adapted from Kölle
et al. [72].

native U-Net designs and unitary consistency models. These findings indicate
that the unique properties of VQCs can be effectively harnessed for complex
generative tasks, opening new avenues for quantum-enhanced generative AI.

6.2. Efficient Quantum Anomaly Detection

In Kölle et al. [72], we address an important scalability bottleneck in the ap-
plication of quantum kernel methods to anomaly detection. Quantum kernels,
particularly those based on feature maps that are hard to simulate classi-
cally [55, 95, 124], have shown promise for enhancing kernel-based algorithms
like Support Vector Machines (SVMs). However, their practical application
is severely limited by the computational cost of constructing the kernel ma-
trix, which scales quadratically with the number of data points [16, 124, 126].
This work addresses the need to make quantum kernel methods for anomaly
detection computationally feasible for real-world datasets. The study focuses
on an One-Class Support Vector Machine (OC-SVM) using a quantum ker-
nel. To mitigate the quadratic time complexity, we investigate two distinct
efficiency-enhancing techniques. The first is the use of randomized measure-
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Figure 6.4.: Performance metrics for the different anomaly detection methods
on the Credit Card Fraud dataset, evaluated by the number of
features (qubits). The results show that the efficiency-enhancing
techniques maintain competitive performance. Figure adapted
from Kölle et al. [72].
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Figure 6.5.: The proposed hybrid architecture, which consists of a classical
Auto-Encoder (AE) for unsupervised dimensionality reduction and
a VQC for classification. This design allows for a clear separation
of tasks between the classical and quantum components. Figure
adapted from Kölle et al. [80].

ments to estimate kernel entries [63], a quantum-native approach that reduces
the number of required circuit executions. The second is an adaptation of
a classical ensemble method, variable subsampling [36], where multiple OC-
SVMs are trained on smaller, random subsets of the data and their results are
aggregated. Both methods are evaluated on synthetic data and a real-world
credit card fraud detection dataset.

The key contribution is the successful application and validation of two meth-
ods that reduce the time complexity of quantum OC-SVMs from quadratic to
approximately linear with respect to data size. As shown in fig. 6.3, the exper-
imental results demonstrate a substantial reduction in training and inference
times—up to 95% and 25%, respectively. While the randomized measurements
approach proves somewhat unstable, the variable subsampling method is able
to maintain the performance of the full quantum kernel, as seen in fig. 6.4,
while providing significant speedups. This work directly tackles a well-known
limitation of quantum kernel methods. By adapting both a quantum-native
(randomized measurements) and a classical (variable subsampling) technique,
the paper provides a practical comparison of different paths toward making
these powerful models more efficient and applicable to real-world anomaly de-
tection problems.

6.3. Disentangling Hybrid Quantum-Classical
Models

In Kölle et al. [80] and its extended version Kölle et al. [79], we provide a
systematic analysis of hybrid quantum-classical models, aiming to clarify the
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true source of their performance. Hybrid models that use a classical NN to
compress high-dimensional data before feeding it to a VQC have become a
popular strategy for applying quantum circuits to large-scale problems. How-
ever, it is often unclear whether the model’s performance comes from the
quantum component or if the classical pre-processing network is doing most
of the classification work. This work addresses the need for a more transpar-
ent methodology to disentangle the respective contributions of the classical
and quantum parts. We propose a hybrid architecture, which is illustrated in
fig. 6.5. Instead of using a pre-trained classification network for feature extrac-
tion (as is common in transfer learning approaches), this model uses a classical
AE for dimensionality reduction. The AE is trained only on a reconstruction
loss, meaning it is not explicitly trained to classify. The compressed latent
space representation from the AE’s encoder is then passed to a VQC for the
actual classification task. This design makes it possible to apply quantum clas-
sifiers to complex datasets while isolating their performance from the classical
pre-processing. The architecture is benchmarked against VQCs in combina-
tion with Principal Component Analysis (PCA) and Gaussian Mixture Models
(GMMs), as well as state-of-the-art hybrid transfer learning models (DQC [14,
97], SEQUENT [4]), purely classical models and a purely quantum model using
amplitude embedding.

Table 6.1.: Comparative test accuracies for all models across four datasets,
highlighting the performance of the proposed AE+VQC model
against various hybrid and classical baselines. Ang. denotes An-
gle Encoding, Amp. Amplitude Encoding and comb. indicates
that the models were trained combined instead of separate. Table
adapted from Kölle et al. [79].

Model Banknote Breast Cancer MNIST AudioMNIST Average
AE+VQC (Ang.) 0.79± 0.02 0.82± 0.11 0.51± 0.04 0.24± 0.03 0.59± 0.43
VQC (Amp.) 0.85± 0.04 0.85± 0.02 0.44± 0.03 0.26± 0.03 0.60± 0.47
DQC 0.99± 0.00 0.97± 0.02 0.90± 0.01 0.36± 0.19 0.81± 0.48
SEQUENT [4] 0.98± 0.01 0.97± 0.02 0.51± 0.05 0.39± 0.04 0.71± 0.49
GMM+VQC 0.58± 0.05 0.93± 0.02 0.40± 0.03 0.12± 0.02 0.51± 0.54
PCA+VQC 0.79± 0.02 0.90± 0.03 0.12± 0.00 0.23± 0.04 0.51± 0.62
AE+VQC (comb.) 0.79± 0.03 0.79± 0.12 0.48± 0.03 0.21± 0.04 0.57± 0.44
AE+NN 0.70± 0.08 0.83± 0.12 0.83± 0.04 0.30± 0.03 0.67± 0.40
NN 0.99± 0.01 0.97± 0.02 0.99± 0.00 0.88± 0.04 0.96± 0.08
AE 0.17± 0.03 0.02± 0.02 < 0.01± < 0.01< 0.01± < 0.01 0.05± 0.13

Our main contribution is a clear demonstration that classical pre-processing
components in popular hybrid models play a significant and often dominant
role in classification performance. The analysis, summarized in table 6.1, re-
veals that the high performance of models like DQC and SEQUENT is largely
attributable to their classical layers. The proposed AE-VQC model, where the
classification task is explicitly isolated to the quantum component, performs
comparably to a pure VQC with amplitude embedding. This provides a more
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honest baseline for evaluating quantum classifiers and serves as an important
methodological contribution for the field. Unlike many optimistic reports on
hybrid models, our work provides a more critical evaluation. It highlights a
common pitfall in the field, where performance gains are sometimes incorrectly
attributed to the quantum component. The proposed AE-VQC architecture
provides a template for future research on DQCs that allows for a more trans-
parent assessment of quantum advantage.

6.4. Comparative Analysis of Parameter Efficiency

In Kölle et al. [74], we empirically test a foundational claim of QML—that
VQCs can achieve comparable performance to classical NNs while using signif-
icantly fewer trainable parameters. While this idea is a central motivation for
the field, there is a lack of systematic, head-to-head comparisons that control
for model size and evaluate performance across different learning paradigms.
This work addresses the need to accurately test this claim in a controlled set-
ting. We developed a unified experimental process to evaluate NNs and VQCs
on both SL (classification on Iris, Wine, and WDBC datasets) and RL (QL on
a custom Frozen Lake environment). For each task, a grid search is performed
over different model sizes (number of layers and nodes/qubits) for both NNs
and VQCs. From these results, pairs of NN and VQC models with comparable
final performance are selected for a detailed analysis of their parameter counts
and training times. To make the comparison more realistic, selected VQC
training runs are also executed on real IBMQ hardware to estimate actual
training durations.

Table 6.2.: Mean training times and parameter counts for performance-
matched NNs and VQCs across SL and RL tasks. The results
quantify the trade-off between the superior parameter efficiency of
VQCs and their longer training times, especially on real quantum
hardware. Table adapted from Kölle et al. [74].

Model Training Time (s)

Task NN VQC NN VQC SIM VQC QPU

SL: Iris NN-75 VQC-28 1.8 ± 0.0 92.6 ± 0.2 1806.1 ± 4.1
SL: Wine NN-105 VQC-40 1.7 ± 0.0 313.5 ± 1.3 2437.4 ± 11.6
SL: WDBC NN-101 VQC-63 5.4 ± 0.0 2482.9 ± 12.7 7732.5 ± 37.2
RL NN-112 VQC-41 95.0 ± 30.7 2511.4 ± 219.3 39330.9 ± 3458.8

Our results, summarized in table 6.2, provide strong empirical evidence sup-
porting the claim of quantum parameter efficiency. The study finds that, for a
comparable level of performance, VQCs consistently require significantly fewer
parameters than their classical NN counterparts—up to 63% fewer in some
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cases. However, this parameter efficiency comes at the cost of substantially
longer training times, especially when estimating execution on real quantum
hardware. The main contribution is a clear, quantitative benchmark that
validates the parameter efficiency advantage of VQCs while also highlighting
the current practical challenge of longer training durations. This work pro-
vides a comparative study that is rarely performed with this level of detail
in the QML literature. It contrasts with papers that present a new quantum
model but only compare it to a single, arbitrarily chosen classical baseline.
By systematically searching over model sizes for both paradigms and finding
performance-matched pairs, our study offers a much fairer and more insight-
ful comparison, grounding the theoretical promise of parameter efficiency in
concrete, empirical data.
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7. Conclusion

The purpose of computing is insight, not
numbers.

Richard Hamming, 1962 [6]

7.1. Summary

In the current NISQ era, hybrid quantum-classical approaches like VQAs offer
a promising path for enhancing AI by combining classical optimization with
quantum operations. However, their practical application is limited by founda-
tional challenges—including barren plateaus, inefficient training and the com-
plexities of manual architecture design—which restrict performance on near-
term devices. In this thesis, we address these issues through a comprehensive
research framework designed to mitigate the limitations of VQAs while lever-
aging their unique potential in advanced AI applications. To establish a robust
foundation for VQAs, we first systematically addressed bottlenecks in training
and architecture design. For the training process, we introduced methods to
improve robustness and efficiency, such as weight re-mapping and exponential
learning rate decay. We mitigated the barren plateau phenomenon by formu-
lating it as a problem of structural redundancy, which allowed us to prune
circuits into more trainable subcircuits. As a practical alternative, we also
validated the effectiveness of gradient-free optimizers. To manage the data ca-
pacity limits of NISQ devices, we introduced an architecture based on classical
compression techniques. Building on these training enhancements, we replaced
the manual design process with automated circuit synthesis frameworks, de-
veloping RL and EA approaches that autonomously discover high-performing,
parameter-efficient VQC ansätze. With these foundational methods in place,
we then demonstrated their practical value in more advanced AI applications.
In RL, we used VQAs to create highly parameter-efficient agents, a key ad-
vantage for building scalable multi-agent systems. We further showcased the
versatility of VQAs by designing novel quantum models for generative AI and
by developing techniques to make quantum anomaly detection computation-
ally practical. To ensure a systematic evaluation of these models, we also
established a method to disentangle the contributions of hybrid systems and
conducted a systematic analysis of the trade-off between parameter efficiency
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and training time. While this summary presents the research as a unified nar-
rative, it is built upon a series of individual publications created over several
years. This text integrates their contributions into a comprehensive frame-
work, unifying vocabulary and highlighting the overarching trajectory of the
research. As the individual papers reflect different stages of this process, read-
ers are encouraged to consult the appended publications (appendix A) for
in-depth methodologies, extended discussions and the respective sections on
related work. Following this summary, the guiding research questions intro-
duced in section 1.2 are now revisited and concise answers are provided based
on the consolidated findings of this work.

Q1 How can VQAs in the NISQ era be designed to mitigate data capac-
ity and convergence limitations? We showed that these limitations can
be mitigated through targeted interventions at both the algorithmic and
architectural levels. To address data capacity, an architectural challenge,
we designed a hybrid architecture using classical compression techniques
like AEs for unsupervised dimensionality reduction, which enables the
processing of high-dimensional data like images and audio on hardware
with a limited number of qubits. To address convergence, an algorithmic
challenge, we introduced techniques that stabilize the training process.
By inserting weight re-mapping that constrains parameters to their phys-
ically meaningful, periodic interval, we achieved accelerated convergence
and, in several cases, statistically significant improvements in final test
accuracy. We also found that systematically applying training heuristics
like exponential learning rate decay is important for stable learning.

Q2 How can VQAs be made more robust and resilient to challenges
like barren plateaus? We demonstrated two complementary strategies
to improve resilience to barren plateaus by addressing either the opti-
mization method or the model architecture. First, we showed that the
vanishing gradient problem can be circumvented by replacing standard
optimizers with gradient-free metaheuristic algorithms. In a systematic
comparison, PSO and SA emerged as particularly effective. Second, we
simplified the model’s complexity through structural pruning guided by
the LTH. This approach produces smaller “winning ticket” subcircuits
with as few as 26% of the original parameters. We showed this method
can escape a barren plateau where the full model failed, improving per-
formance on one dataset from 45% to 80% accuracy.

Q3 How can the manual process of VQC design be automated to dis-
cover more efficient, task-specific architectures? We demonstrated
that the manual design process can be successfully automated using both
RL and EAs. In our RL-based QAS framework, we showed that an agent
can autonomously discover low-complexity circuits that outperform man-
ually designed, hardware-efficient ansätze on classification tasks, as well
as synthesize circuits for specific target states. Concurrently, we found
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that EAs provide a powerful alternative, where a fine-grained, gate-based
evolution strategy is empirically shown to be more effective than rigid,
layer-based approaches at discovering compact, high-performing agents.
Both paradigms systematically find efficient, task-specific architectures
that rival or surpass human-designed heuristics.

Q4 How can VQCs be effectively integrated into QRL agents to address
challenges in stability, optimization and scalability? We demonstrated
a successful integration of VQCs into QRL agents by introducing spe-
cific solutions for the challenges of stability, optimization and scalability.
For stability, we developed a hybrid agent architecture with a classical
post-processing layer that significantly improves learning performance
over pure quantum approaches. With respect to optimization, we vali-
dated gradient-free metaheuristic algorithms as a robust replacement for
gradient-based methods in complex control tasks. Concerning scalabil-
ity, we leveraged the inherent parameter efficiency of VQCs; in a multi-
agent setting, our VQC-based agents achieved performance comparable
to larger classical NNs while in total using 97.88% fewer parameters.

Q5 How can quantum models be designed and adapted to address
advanced generative and discriminative ML tasks? For generative
tasks, we designed parameter-efficient replacements for core components
in state-of-the-art architectures. This is demonstrated through the de-
velopment of a quantum-native U-Net (QU-Net) and Q-Dense network
for diffusion models, which outperform classical counterparts of a sim-
ilar size and were successfully demonstrated on real IBMQ hardware.
For discriminative tasks, we adapted quantum models to overcome their
computational scaling bottlenecks. For instance, we applied approxi-
mation techniques like random measurements and variable subsampling
to quantum kernel methods for anomaly detection, reducing their time
complexity from quadratic to near-linear and achieving speedups of up
to 95%.

Q6 What is the empirical trade-off between the parameter efficiency
of VQCs and their training time compared to classical NNs? In
our systematic, head-to-head comparison, we found the empirical trade-
off to be clear: VQCs achieved a desired performance level with signif-
icantly fewer parameters than classical NNs—up to 63% fewer in con-
trolled comparisons—thus confirming their superior parameter efficiency.
However, we found that this efficiency comes at the cost of substantially
longer training times. On classical simulators, VQCs are orders of magni-
tude slower to train and this time penalty is amplified dramatically when
estimating execution on current-generation quantum hardware, identify-
ing training duration as the primary practical bottleneck.
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7.2. Outlook

The research presented in this thesis provides a comprehensive framework for
designing, training and applying VQAs more effectively, moving the field from
heuristic-driven exploration toward a systematic and automated methodol-
ogy. While the findings address important contemporary challenges, they also
highlight the significant obstacles that remain and the opportunities for fu-
ture investigation. It is important to frame these future directions within the
current scientific context. Unlike certain quantum algorithms with mathemat-
ically proven exponential speedups, the advantage of VQAs currently remains
empirical and problem-dependent. This thesis confirmed that while VQAs
offer significant parameter efficiency, this benefit is currently negated by sub-
stantial training times, rendering them impractical for most industrial appli-
cations today. Furthermore, while the techniques presented here mitigate the
barren plateau phenomenon, they do not eliminate it; it remains a persistent
challenge to scaling. These realities suggest that the path forward for QAI
will not be a general replacement of classical methods, but rather a careful
search for specific domains where quantum approaches offer a genuine advan-
tage. Given these constraints, future research should pursue several directions
of improvement. One of the most compelling directions lies in the co-design
of quantum software and hardware. The automated circuit synthesis frame-
works developed in this thesis could be made hardware-aware by integrating
detailed noise models and qubit connectivity maps of specific devices directly
into their optimization objectives. This would allow an RL agent or EA to
find the optimal circuit for a particular piece of hardware, helping to bridge
the simulation-to-reality gap. Algorithmically, the success of the LTH suggests
a new line of inquiry: developing methods that construct sparse-by-design ar-
chitectures from the outset, rather than relying on post-training pruning, to
directly address the training time bottleneck. Ultimately, the contributions in
this thesis integrate into a unified workflow that combines automated design,
robust training and architectural pruning. This approach provides a practical
method for developing effective VQAs today, while also enabling a systematic
search for the specialized domains where they offer a genuine benefit.
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A. Publications

In the appendix, we present all 16 papers forming the core findings of this
thesis. A concise overview of these papers is provided in appendix A.0. For
ease of reference, table 1.1 is reprinted below in table A.1. Finally, the full
texts of all papers, including their core contributions and the corresponding
credit in accordance with the regulations of LMU Munich, are appended.

Table A.1.: An overview of the main technical contents of this thesis, research
questions and publications. Reprinted from table 1.1.

Thesis chapter Question Publications
3. Training Optimization Techniques Q1 75, 76, 78–80, 87

Q2 75, 76, 78, 84
4. Automated Circuit Design and Synthesis Q3 73, 81–83
5. Quantum Reinforcement Learning Q4 77, 84, 86, 87
6. Advanced Models and Applications Q5 72, 79, 80, 85

Q6 74

Use of AI tools The use of AI tools, including large language models, was
strictly limited to polishing and copy-editing purposes, i.e., refining language
for clarity and style. All scientific content, research ideas, analyses, experimen-
tal designs, and conclusions presented in this thesis remain entirely the result
of the author’s independent work and intellectual contribution. All substan-
tive contributions conceived and developed in the publications subject to this
thesis are summarized and appropriately credited in the following chapter.
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A.0. Overview

The papers are listed with their number within the 16 papers, their reference
number in the bibliography and the chapter where they are discussed. The
full texts can be found on the specified pages.
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A.1. Towards Efficient Quantum Anomaly
Detection: One-Class SVMs Using Variable
Subsampling and Randomized Measurements

Publication

Michael Kölle, Afrae Ahouzi, Pascal Debus, Robert Müller, Daniëlle Schuman,
and Claudia Linnhoff-Popien. “Towards Efficient Quantum Anomaly Detec-
tion: One-Class SVMs Using Variable Subsampling and Randomized Mea-
surements”. In: Proceedings of the 16th International Conference on Agents
and Artificial Intelligence - Volume 2: ICAART. INSTICC. SciTePress, 2024,
pp. 324–335
DOI: https://doi.org/10.5220/0012381200003636
URL: https://www.scitepress.org/Papers/2024/123812/
CODE: https://github.com/AfraeA/q-anomaly

Contribution

Focuses on scaling quantum anomaly detection using a one-class Support Vec-
tor Machine with quantum kernels. Proposes randomized measurements and
variable subsampling to reduce time complexity from quadratic to near-linear,
improving practicality while retaining strong average precision.

Credit

Kölle consulted on the core ideas and directed the overall research. Ahouzi
performed experiments under Kölle’s guidance as part of her Bachelor’s thesis.
Debus, Müller, Schuman discussed the approach, provided various ideas and
reviewed the results. Linnhoff-Popien consulted the process and reviewed the
results.

Purpose

Core contribution to chapter 6 regarding the research question Q5 from sec-
tion 1.2.
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A.2. Evaluating Mutation Techniques in Genetic
Algorithm-Based Quantum Circuit Synthesis

Publication

Michael Kölle, Tom Bintener, Maximilian Zorn, Gerhard Stenzel, Leo Sünkel,
Thomas Gabor, and Claudia Linnhoff-Popien. “Evaluating Mutation Tech-
niques in Genetic Algorithm-Based Quantum Circuit Synthesis”. In: Proceed-
ings of the Genetic and Evolutionary Computation Conference. Association
for Computing Machinery, July 2025, pp. 907–915
DOI: https://doi.org/10.1145/3712256.3726402
URL: https://doi.org/10.1145/3712256.3726402

Contribution

Analyzes the influence of different mutation operators in genetic algorithm-
based quantum circuit synthesis. Identifies a combination of addition, deletion
and swap mutations as most effective in balancing circuit fidelity, depth and
T operation usage.

Credit

Kölle conceived the idea, developed the research framework and provided com-
prehensive guidance throughout the project. Bintener conducted experiments
under Kölle’s direction as part of his Bachelor’s thesis. Zorn, Stenzel, Sünkel,
Gabor provided discussions, ideas and reviewed the results. Linnhoff-Popien
consulted the process and reviewed the results.

Purpose

Supporting contribution to chapter 4 regarding the research question Q3 from
section 1.2.
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A.3. Evaluating Parameter-Based Training
Performance of Neural Networks
and Variational Quantum Circuits

Publication

Michael Kölle, Alexander Feist, Jonas Stein, Sebastian Wölckert, and Claudia
Linnhoff-Popien. “Evaluating Parameter-Based Training Performance of Neu-
ral Networks and Variational Quantum Circuits”. In: Computational Science
– ICCS 2025. Ed. by Michael H. Lees, Wentong Cai, Siew Ann Cheong, Yi Su,
David Abramson, Jack J. Dongarra, and Peter M. A. Sloot. Springer Nature
Switzerland, 2025, pp. 275–282
DOI: https://doi.org/10.1007/978-3-031-97635-3_33
CODE: https://github.com/alexander-feist/nn-vqc-params

Contribution

Compares neural networks and variational quantum circuits across supervised
and reinforcement learning tasks, focusing on varying parameter counts and
associated training times. Shows that while variational quantum circuits can
achieve performance on par with neural networks using significantly fewer
parameters, they currently require substantially longer training durations—
underscoring their potential efficiency advantages as quantum hardware ma-
tures.

Credit

Kölle initiated the project, developed the conceptual framework and supervised
the research. Feist carried out the experiments as part of his Bachelor’s thesis
under Kölle’s guidance. Wölckert and Stein discussed the methods and re-
viewed the results. Linnhoff-Popien provided strategic oversight and reviewed
the results.

Purpose

Main focus of chapter 6 regarding the research question Q6 from section 1.2.
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A.4. Improving Convergence for Quantum
Variational Classifiers Using Weight
Re-Mapping

Publication

Michael Kölle, Alessandro Giovagnoli, Jonas Stein, Maximilian Mansky, Julian
Hager, and Claudia Linnhoff-Popien. “Improving Convergence for Quantum
Variational Classifiers Using Weight Re-Mapping”. In: Proceedings of the 15th
International Conference on Agents and Artificial Intelligence - Volume 2:
ICAART. INSTICC. SciTePress, 2023, pp. 251–258
DOI: https://doi.org/10.5220/0011696300003393
URL: https://www.scitepress.org/Papers/2023/116963/
CODE: https://github.com/michaelkoelle/qw-map

Contribution

Introduces weight re-mapping for variational quantum circuits to resolve the
mismatch between trainable parameters and rotational angles. Empirically
shows that weight re-mapping can improve convergence and test accuracy in
quantum classifiers for specific tasks.

Credit

Kölle originated the weight re-mapping concept, developed the theoretical
foundation addressing variational quantum circuit limitations and provided
research direction. Giovagnoli implemented the methodology and conducted
experiments under Kölle’s guidance. Stein, Mansky, Hager discussed the
approach, contributed to the background section and reviewed the results.
Linnhoff-Popien consulted the process and reviewed the results.

Purpose

Core contribution to chapter 3 regarding research questions Q1 and Q2 from
section 1.2.
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A.5. Weight Re-mapping for Variational Quantum
Algorithms

Publication

Michael Kölle, Alessandro Giovagnoli, Jonas Stein, Maximilian Balthasar Man-
sky, Julian Hager, Tobias Rohe, Robert Müller, and Claudia Linnhoff-Popien.
“Weight Re-mapping for Variational Quantum Algorithms”. In: Agents and
Artificial Intelligence: 15th International Conference, ICAART 2023, Lisbon,
Portugal, February 22–24, 2023, Revised Selected Papers. Springer-Verlag,
2024, pp. 286–309
DOI: https://doi.org/10.1007/978-3-031-55326-4_14
URL: https://doi.org/10.1007/978-3-031-55326-4_14
CODE: https://github.com/michaelkoelle/qw-map

Contribution

This is a substantially extended version of Kölle et al. [75], presenting a broader
set of weight re-mapping functions, more comprehensive experimental datasets
and a deeper analysis of their impact on convergence speed and overall classi-
fication accuracy in variational quantum circuits.

Credit

Kölle led this extension of previous work, conceptualized the expanded frame-
work, designed the experimental protocol and conducted all extended experi-
mentation and analysis. Giovagnoli, Stein, Mansky, Hager, Müller and Rohe
contributed additional discussions, conceptual refinements and helped review
the results. Linnhoff-Popien consulted the process and reviewed the results.

Purpose

Core contribution to chapter 3 regarding research questions Q1 and Q2 from
section 1.2.
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A.6. Quantum Advantage Actor-Critic for
Reinforcement Learning

Publication

Michael Kölle, Mohamad Hgog, Fabian Ritz, Philipp Altmann, Maximilian
Zorn, Jonas Stein, and Claudia Linnhoff-Popien. “Quantum Advantage Actor-
Critic for Reinforcement Learning”. In: Proceedings of the 16th International
Conference on Agents and Artificial Intelligence - Volume 1: ICAART. IN-
STICC. SciTePress, 2024, pp. 297–304

Michael Kölle and Mohamad Hgog contributed equally to this work
DOI: https://doi.org/10.5220/0012383900003636
URL: https://www.scitepress.org/Papers/2024/123839/
CODE: https://github.com/Hajuj/Quantum-A2C

Contribution

Introduces a hybrid quantum-classical actor-critic framework by replacing se-
lect parts of the Advantage Actor-Critic pipeline with variational quantum cir-
cuits. Demonstrates performance gains in Cart Pole, particularly when only
the actor or the critic is quantum.

Credit

Kölle formulated the main idea, initial concepts and provided research guid-
ance. Hgog conducted experiments under Kölle’s supervision as part of his
Bachelor’s thesis. Altmann, Ritz, Zorn, Stein offered additional discussions,
ideas and reviewed the results. Linnhoff-Popien consulted the process and
reviewed the results.

Purpose

Core contribution to chapter 5 regarding the research question Q4 from sec-
tion 1.2.
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A.7. Investigating the Lottery Ticket Hypothesis
for Variational Quantum Circuits

Publication

Michael Kölle, Leonhard Klingert, Julian Schönberger, Philipp Altmann, To-
bias Rohe, and Claudia Linnhoff-Popien. “Investigating the Lottery Ticket
Hypothesis for Variational Quantum Circuits”. In: Proceedings of the 18th
International Conference on Agents and Artificial Intelligence - Volume 3:
ICAART. INSTICC. SciTePress, Mar. 2026, pp. 2433–2440
DOI: https://doi.org/10.5220/0014247600004052
URL: https://www.scitepress.org/Link.aspx?doi=10.5220/0014247600
004052
CODE: https://github.com/916750/lottery-ticket-vqc

Contribution

Investigates the applicability of the Lottery Ticket Hypothesis to Variational
Quantum Circuits. Empirically demonstrates that the weak LTH holds for
VQCs, identifying “winning tickets” with as few as 26% of the original param-
eters. Shows that pruning can serve as an effective strategy to mitigate the
barren plateau phenomenon.

Credit

Kölle conceived the core concept and supervised the project. Klingert con-
ducted the experiments as part of his Bachelor’s thesis under Kölle’s guidance.
Schönberger, Altmann, Mansky and Linnhoff-Popien reviewed the results and
provided feedback.

Purpose

Main focus of chapter 3 regarding the research question Q2 from section 1.2.
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A.8. Quantum Transfer Learning: The Impact of
Classical Preprocessing

Publication

Michael Kölle, Jonas Maurer, Philipp Altmann, Leo Sünkel, Jonas Stein, Julian
Hager, Sebastian Zielinski, and Claudia Linnhoff-Popien. “Quantum Transfer
Learning: The Impact of Classical Preprocessing”. In: ed. by Ana Paula
Rocha, Luc Steels, and Jaap van den Herik. Springer Nature Switzerland,
Apr. 2025, pp. 368–403
DOI: https://doi.org/10.1007/978-3-031-87327-0_18
CODE: https://github.com/javajonny/AE-and-VQC

Contribution

This is a substantially extended version of Kölle et al. [80]. It introduces a
methodologically extended hybrid architecture using a classical autoencoder
for unsupervised dimensionality reduction to fairly evaluate the performance
contributions of the classical and quantum components.

Credit

Kölle developed the core idea and provided research supervision. Maurer con-
ducted the experiments as part of his Bachelor’s thesis under Kölle’s guidance.
Altmann, Sünkel, Stein, Hager, Zielinski and Linnhoff-Popien provided discus-
sions and reviewed the results.

Purpose

Main focus of chapter 6 regarding the research questions Q1 and Q5 from
section 1.2.
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A.9. Disentangling Quantum and Classical
Contributions in Hybrid Quantum Machine
Learning Architectures

Publication

Michael Kölle, Jonas Maurer, Philipp Altmann, Leo Sünkel, Jonas Stein, and
Claudia Linnhoff-Popien. “Disentangling Quantum and Classical Contribu-
tions in Hybrid Quantum Machine Learning Architectures”. In: Proceedings
of the 16th International Conference on Agents and Artificial Intelligence -
Volume 3: ICAART. INSTICC. SciTePress, 2024, pp. 649–656
DOI: https://doi.org/10.5220/0012381600003636
URL: https://www.scitepress.org/Papers/2024/123816/
CODE: https://github.com/javajonny/AE-and-VQC

Contribution

Presents a novel hybrid transfer learning architecture using an autoencoder
for input compression followed by a variational quantum circuit, clarifying the
classical and quantum contributions to the final classification performance.

Credit

Kölle developed the main idea and approach, established the theoretical
framework for the analysis and provided research guidance throughout the
project. Maurer implemented the methodology and performed experiments un-
der Kölle’s supervision as part of his Bachelor’s thesis. Altmann, Sünkel, Stein
provided conceptual discussions and reviewed the results. Linnhoff-Popien con-
sulted the process and reviewed the results.

Purpose

Main focus of chapter 6 regarding the research questions Q1 and Q5 from
section 1.2.
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A.10. Quantum Architecture Search for Solving
Quantum Machine Learning Tasks

Publication

Michael Kölle, Simon Salfer, Tobias Rohe, Philipp Altmann, and Claudia
Linnhoff-Popien. “Quantum Architecture Search for Solving Quantum Ma-
chine Learning Tasks”. In: Proceedings of the 18th International Conference on
Agents and Artificial Intelligence - Volume 2: ICAART. INSTICC. SciTePress,
Mar. 2026, pp. 1254–1263
DOI: https://doi.org/10.5220/0014247700004052
URL: https://www.scitepress.org/Link.aspx?doi=10.5220/0014247700
004052
CODE: https://github.com/916750/qas4ml

Contribution

Introduces RL-QAS, a reinforcement learning framework to automate the dis-
covery of variational quantum circuit architectures for machine learning tasks.
Demonstrates on Iris and binary MNIST datasets that the agent autonomously
finds low-complexity circuits with high test accuracy, outperforming standard
manual designs.

Credit

Kölle conceived the idea, created the methodology and supervised the project.
Salfer conducted the experiments as part of his Bachelor’s thesis under Kölle’s
guidance. Rohe, Altmann and Linnhoff-Popien reviewed the results and pro-
vided feedback.

Purpose

Core contribution to chapter 4 regarding the research question Q3 from sec-
tion 1.2.
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A.11. Architectural Influence on Variational
Quantum Circuits in Multi-Agent
Reinforcement Learning: Evolutionary
Strategies for Optimization

Publication

Michael Kölle, Karola Schneider, Sabrina Egger, Felix Topp, Thomy Phan,
Philipp Altmann, Jonas Nüßlein, and Claudia Linnhoff-Popien. “Architec-
tural Influence on Variational Quantum Circuits in Multi-Agent Reinforcement
Learning: Evolutionary Strategies for Optimization”. In: ed. by Ana Paula
Rocha, Luc Steels, and Jaap van den Herik. Springer Nature Switzerland, Apr.
2025, pp. 50–79
DOI: https://doi.org/10.1007/978-3-031-87327-0_3
CODE: https://github.com/karolaschneider/vqc-opt-arch-evo

Contribution

Extends the previous work Kölle et al. [86] on evolutionary multi-agent quan-
tum reinforcement learning by focusing on architecture optimization. Proposes
and compares three distinct evolutionary strategies (Gate-Based, Layer-Based
and Prototype-Based) for co-evolving a VQC’s structure and parameters, find-
ing that a flexible, mutation-only, gate-based approach performs best.

Credit

Kölle had the original idea, proposed the three evaluated strategies and su-
pervised the research. Schneider conducted the experiments as part of her
Bachelor’s thesis under Kölle’s supervision. Egger and Topp contributed to
the preliminaries and related work sections. Phan, Altmann, Nüßlein and
Linnhoff-Popien provided discussions and reviewed the results.

Purpose

Core contribution to chapter 4 regarding the research question Q3 from sec-
tion 1.2.
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A.12. A Reinforcement Learning Environment for
Directed Quantum Circuit Synthesis

Publication

Michael Kölle, Tom Schubert, Philipp Altmann, Maximilian Zorn, Jonas Stein,
and Claudia Linnhoff-Popien. “A Reinforcement Learning Environment for
Directed Quantum Circuit Synthesis”. In: Proceedings of the 16th Interna-
tional Conference on Agents and Artificial Intelligence - Volume 1: ICAART.
INSTICC. SciTePress, 2024, pp. 83–94
DOI: https://doi.org/10.5220/0012383200003636
URL: https://www.scitepress.org/Papers/2024/123832/
CODE: https://github.com/michaelkoelle/rl-qc-syn

Contribution

Proposes a reinforcement learning environment to synthesize quantum circuits
with the Clifford+T gate set, targeting specific quantum states. Evaluates
solutions generated by Proximal Policy Optimization for 2-qubit Bell states
and extends the environment to higher-qubit benchmarks.

Credit

Kölle conceived the main idea, established the theoretical framework, designed
the specialized environment and provided research direction. Schubert con-
ducted experiments under Kölle’s supervision as part of his Bachelor’s thesis.
Altmann, Zorn, Stein contributed conceptual feedback and reviewed the re-
sults. Linnhoff-Popien consulted the process and reviewed the results.

Purpose

Supporting contribution to chapter 4 regarding the research question Q3 from
section 1.2.
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A.13. Optimizing Variational Quantum Circuits
Using Metaheuristic Strategies in
Reinforcement Learning

Publication

Michael Kölle, Daniel Seidl, Maximilian Zorn, Philipp Altmann, Jonas Stein,
and Thomas Gabor. “Optimizing Variational Quantum Circuits Using Meta-
heuristic Strategies in Reinforcement Learning”. In: 2024 IEEE International
Conference on Quantum Computing and Engineering (QCE). IEEE Computer
Society, Sept. 2024, pp. 323–328
DOI: https://doi.org/10.1109/QCE60285.2024.10300
URL: https://www.computer.org/csdl/proceedings-article/qce/2024
/413702a323/23oqmUz6JjO
CODE: https://github.com/michaelkoelle/metaheuristic-vis

Contribution

Examines metaheuristic algorithms—Particle Swarm Optimization, Ant
Colony Optimization, Tabu Search, Genetic Algorithm, Simulated Anneal-
ing and Harmony Search—for gradient-free quantum reinforcement learning.
Demonstrates robust performance in MiniGrid tasks and Cart Pole, with no-
table success for Simulated Annealing and Particle Swarm Optimization.

Credit

Kölle established the research direction, designed the experimental methodol-
ogy, conducted preliminary investigations and provided supervision through-
out. Seidl implemented the methodologies and performed experiments under
Kölle’s guidance as part of his Master’s thesis. Zorn, Altmann, Stein discussed
the methods and reviewed the results. Gabor and Linnhoff-Popien consulted
the process and reviewed the results.

Purpose

Core contribution to chapter 3 and chapter 5 regarding research questions Q2
and Q4 from section 1.2.
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A.14. Quantum Denoising Diffusion Models

Publication

Michael Kölle, Gerhard Stenzel, Jonas Stein, Sebastian Zielinski, Bjorn Om-
mer, and Claudia Linnhoff-Popien. “Quantum Denoising Diffusion Models”.
In: 2024 IEEE International Conference on Quantum Software (QSW). IEEE
Computer Society, July 2024, pp. 88–98
DOI: https://doi.org/10.1109/QSW62656.2024.00023
URL: https://www.computer.org/csdl/proceedings-article/qsw/2024
/684700a088/1ZMeeEZjPPy
CODE: https://github.com/michaelkoelle/quantum-diffusion

Contribution

Proposes quantum denoising diffusion models to address slow sampling and
large parameter counts in classical diffusion frameworks. Introduces two quan-
tum diffusion architectures and a consistency-model-based single-step sampling
design, surpassing classical baselines on MNIST, Fashion MNIST and CIFAR-
10.

Credit

Kölle developed the quantum diffusion concept, executed initial experiments
and directed the research. Stenzel conducted extended evaluations under
Kölle’s guidance as part of his Master’s thesis. Stein, Zielinski discussed the
methods, contributed ideas and reviewed the results. Ommer and Linnhoff-
Popien consulted the process and reviewed the results.

Purpose

Main focus of chapter 6 regarding the research question Q5 from section 1.2.
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A.15. Multi-Agent Quantum Reinforcement
Learning Using Evolutionary Optimization

Publication

Michael Kölle, Felix Topp, Thomy Phan, Philipp Altmann, Jonas Nüßlein,
and Claudia Linnhoff-Popien. “Multi-Agent Quantum Reinforcement Learn-
ing Using Evolutionary Optimization”. In: Proceedings of the 16th Interna-
tional Conference on Agents and Artificial Intelligence - Volume 1: ICAART.
INSTICC. SciTePress, 2024, pp. 71–82
DOI: https://doi.org/10.5220/0012382800003636
URL: https://www.scitepress.org/Papers/2024/123828
CODE: https://github.com/michaelkoelle/qmarl-evo

Contribution

Extends quantum reinforcement learning to multi-agent settings by combining
variational quantum circuits with evolutionary optimization. Demonstrates
parameter efficiency in the Coin Game, approaching large classical network
performance using only a fraction of its parameters.

Credit

Kölle conceived the main idea, devised the methodology and developed the ex-
perimental design. Topp implemented and executed experiments under Kölle’s
guidance as part of his Bachelor’s thesis. Phan, Altmann, Nüßlein discussed
the approach and reviewed the results. Linnhoff-Popien consulted the process
and reviewed the results.

Purpose

Core contribution to chapter 5 regarding the research question Q4 from sec-
tion 1.2.
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A.16. A Study on Optimization Techniques for
Variational Quantum Circuits in
Reinforcement Learning

Publication

Michael Kölle, Timo Witter, Tobias Rohe, Gerhard Stenzel, Philipp Altmann,
and Thomas Gabor. “A Study on Optimization Techniques for Variational
Quantum Circuits in Reinforcement Learning”. In: 2024 IEEE International
Conference on Quantum Software (QSW). IEEE Computer Society, July 2024,
pp. 157–167
DOI: https://doi.org/10.1109/QSW62656.2024.00031
URL: https://www.computer.org/csdl/proceedings-article/qsw/2024
/684700a157/1ZMefLwAX1m
CODE: https://github.com/michaelkoelle/vqc-opt-rl

Contribution

Investigates the impact of data re-uploading, input/output scaling and intro-
duces exponential learning rate decay in variational quantum proximal policy
optimization. Evaluates how these techniques stabilize hyperparameters, re-
duce parameter usage and bolster performance in Frozen Lake and Cart Pole
tasks.

Credit

Kölle formulated the research approach, established the theoretical founda-
tions, developed the investigation framework and provided direction through-
out the project. Witter implemented methodologies and conducted experi-
ments under Kölle’s supervision as part of his Bachelor’s thesis. Rohe, Sten-
zel, Altmann provided discussions, insights and reviewed the outcomes. Gabor
consulted the process and reviewed the results.

Purpose

Core contribution to chapter 3 and chapter 5 regarding research questions Q1
and Q4 from section 1.2.
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