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Abstract

Quantum computing has advanced rapidly throughout the past decade, both from a hardware and
software point of view. A wvariety of algorithms have been developed that are suitable for the
current generation of quantum devices, which are referred to as noisy intermediate-scale quantum
devices. Amongst them is the variational quantum algorithm, a hybrid quantum-classical algorithm
that optimizes the parameters of a parameterized quantum circuit using optimization methods
from classical machine learning. Previous research has shown that this approach requires fewer
trainable parameters and fewer time steps to find a solution to certain problems compared to various
classical machine learning algorithms. This is particularly interesting in the case of reinforcement
learning, which is a powerful type of machine learning, although its algorithms are notoriously
difficult to train. They often require many training steps to converge to a solution, leading to
large computational costs. Therefore, this work investigates the effect of replacing the deep neural
networks of the Deep Q-learning algorithm with various parameterized quantum circuits. For the
first time, a simulated TurtleBot equipped with a LiDAR sensor is trained to move through three
environments containing fixed obstacles, each with a different size and complexity. The influence
of different configurations of input data on the performance of both classical and quantum models
is investigated. Furthermore, the expressibility, entanglement capability and effective dimension of
the quantum circuits were computed to investigate the correlation between these metrics and the
performance of the quantum models. Finally, the effect of depolarizing noise on the performance of
one of the quantum models was investigated. Results showed that in the smallest environment, the
quantum algorithm had a higher chance to converge and required fewer time steps to do so compared
to a classical network containing a similar number of trainable parameters. In addition, the best
quantum model performed equally well compared to the largest classical model, even though the
latter has an order of magnitude more trainable parameters. In general, the data encoding strategy
had a strong impact on the performance of the quantum models. Furthermore, there seemed to be
no strong correlation between the quantum metrics and the performance of the quantum models.
Finally, depolarizing noise at the a relatively low error rate did not influence the performance of the
tested model. These results constitute a useful and practical base for further research into training
sensor-assisted agents using quantum reinforcement learning. Further investigation into the the
performance of the models in larger and more complex environments, as well as their performance
in non-static environments, is required. Additionally, the correlation between the quantum metrics,
especially the normalized effective dimension, and the quantum model performances requires further
analysis. Lastly, noise models incorporating two-qubit gate errors, as well as different types of noise,

should be further investigated.



List of Abbreviations

Abbreviation Term

SR Success Rate

ASTC Average (number of) Steps To Convergence
CNN Classical Neural Network

DNN Deep Neural Network

DQN Deep Q-Network

ED Effective Dimension

FIM Fisher Information Matrix

LiDAR Light Detection and Ranging

ML Machine Learning

MSE Mean Squared Error

NED Normalized Effective Dimension
NISQ Noisy Intermediate-Scale Quantum
PQC Parameterized Quantum Circuit
QML Quantum Machine Learning

QNN Quantum Neural Network

QRL Quantum Reinforcement Learning
RL Reinforcement Learning

ASQ Average Solution Quality

VQA Variational Quantum Algorithm
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1 Introduction

This work investigates the application of quantum reinforcement learning on a robot navigation
task. Since the work presented here lies at the intersection of various fields of research, the
introduction is structured as follows. Section 1 focuses on the fundamental principles behind
quantum computing and the corresponding notations, followed by a brief overview of the current
state of the art of quantum computing in Section 2. Section 3 introduces reinforcement learning
as one of the three main paradigms in machine learning and discusses the specific algorithms
used. Next, Section 4 builds on the previous sections to lay out the fundamentals of quantum
reinforcement learning. Section 5 focuses on the specific methods used to conduct and evaluate
the performance of the quantum reinforcement learning algorithm, and Section 6 provides a

brief literature review of prior quantum reinforcement learning research.

1.1 Quantum Computing
1.1.1 Fundamentals

In a classical computer, the smallest piece of information is called a bit (derived from binary
digit), which can either be 0 or 1. The value of a bit is retained in the hardware of the
computer using electrical circuits of which the measured voltage indicates which of the two
values is represented. Any piece of information stored on a classical computer is described by a
sequence of bits, referred to as a bit string. Similarly, the most elementary piece of information
on a quantum computer is called a quantum bit, or qubit, for short. In contrast to classical
bits, however, qubits are two-level quantum systems that can exist in an infinite number of

states, described by a complex two-dimensional unit state vector:

V) = al|pr) + bloa) (1)

where the vectors |¢1) and |¢py) are two arbitrary, orthonormal vectors that span the Hilbert
space H=C? and a,b € C? are complex numbers, referred to as the amplitudes of the quantum
system. The probabilities of measuring the states |¢;) and |¢s) are |a|* and |b|?, respectively.
As the only two possible measurement outcomes are |¢1) and |¢p), the normalization condition
la]? +[b]*> = 1 must hold. The inner product on H is defined as (.| .) and the orthonormality of
the states imposes that (¢, | ¢n) = dmn-

The state of a single qubit is usually denoted as:

[¥) = al0) +b[1) (2)

where the quantum states |0) := ({) and |1) := () highlight the analogy with classical bits [1].
The set {|0),|1)} is referred to as the computational basis.



There exists a convenient parameterization of Eq. 2 in terms of spherical coordinates. The
state vector contains two complex numbers a and b, which corresponds to four real numbers.
The normalization condition |a|* +]b]* = 1 reduces the four real numbers to three, and the fact
that two state vectors that only differ by a global phase effectively represent the same physical
system leaves two real numbers, which can be denoted as ¢ € [0,27) and 6 € [0, 7]. They can

be chosen such that a = cosg and b = sin g. Then, the state vector can be rewritten as:

0 0 .
|¢)) = cos 2 |0) + sin 56“75 1), (3)

which can conveniently be visualized on the Bloch sphere, illustrated in Figure 1. The poles
represent the two computational basis states, and any other state vector on the surface of the
sphere represents a superposition of these two states. Superposition is one of the phenomena
that makes quantum computing interesting and potentially advantageous for solving certain
problems, as the number of states that can be represented grows as 2", where n describes the
number of qubits. In a quantum computer, such superpositions are created by acting on the
qubit with qubit gates, which are unitary operators acting on a qubit (single-qubit gates), or
multiple qubits simultaneously (multi-qubit or n-qubit gates). A common single-qubit gate to

create superposition is the so-called Hadamard gate:

1 ({1 1

which acts on a single qubit as shown below:

0) +[1)

V2
0)— 1) ©)

V2

These two orthogonal states form the basis states of the Hadamard basis, also referred to as |+)

H0) =

HI1) =

and |—), respectively. In terms of Bloch sphere representation, they are the vectors pointing

along the x-axis of the Bloch sphere.

Another phenomenon that sets quantum computers apart from their classical counterparts
is entanglement. This refers to a situation in which two quantum systems are correlated in
such a way, that they can no longer be described independently. This correlation remains
intact over arbitrarily large distances. More formally, a pure state of multiple qubits is said to
be entangled when it cannot be written as a tensor product of the individual qubit states, i.e.,
when a decomposition of the form [1)) = |¢1) @ |p2) @ -+ @ |py,) is not possible. This implies
that changing or measuring the state of one of the entangled qubits can directly alter the state

of the others. For that reason, entanglement is a fundamental building block of many quantum



Figure 1: The Bloch sphere. Source: [2]

computing algorithms, for example Grover’s algorithm for searching unsorted databases [3]. A
common way of entangling two qubits is by applying a Hadamard gate on one qubit, referred to
as the control qubit, followed by a CNOT-gate on both qubits. A CNOT-gate is a multi-qubit
gate that flips the state of the target qubit(s) if the control qubit is in state |1) and leaves the
target qubit(s) unchanged otherwise. The combination of a Hadamard and CNOT gate results
in a maximally-entangled Bell state (Eq. 8), as shown below.

1000
0100

CNOT = (6)
0001
0010

100y = (P8 ) o) = o0y + 10y @

1 1
CNOT-_=([00) +[10) = —5

This is merely one example of how qubits can be entangled. Many different ways exist,

(100) +[11)) (8)

leading to different types of entanglement [4, 5]. An overview of commonly used quantum

gates, their diagram symbols and matrix forms can be found in Appendix I.

1.2 Quantum Computing State of the Art

This section briefly turns to the physical implementation of quantum computers today, referred
to as the noisy intermediate-scale quantum computing (NISQ) devices and the implications of

the current status of the technology on the possible applications.



1.2.1 Quantum Computing Hardware

Research in quantum computing hardware progressed rapidly over the last decades. The vari-
ous hardware implementations of quantum systems are based on different physical phenomena
and have their own benefits and drawbacks. Currently, the most easily accessible type of quan-
tum computing is superconducting quantum computing. This technology, provided by IBM [6]
and Google [7], amongst others, relies on superconducting circuits, interrupted by Josephson
junctions !, to act as qubits at near-zero temperatures [9]. The quantum gates are microwaves
that excite the qubits to higher energy levels. The benefits of this technology are the relatively
high gate speed and fidelity, as well as the overlap with current microelectronic processing tech-
nology [10]. The cryogenic temperatures, however, make operation more difficult, and qubit
connectivity is limited as the qubits are placed in a 2D lattice configuration.

Other types of quantum hardware leverage actual atoms to act as qubits, for example trapped
ions. This technology is currently being developed by companies such as Quantinuum [11]
and TonQ [12]. The qubits are laser-cooled ions trapped in electromagnetic fields, where the
internal electronic states of the ion are leveraged as two-level systems. The quantum gates are
implemented through laser pulses [13]. This leads to a technology with high-fidelity gates, long
coherence times and no need for cryogenic cooling. However, these benefits come at the cost of
relatively slow gate times and the need for an ultra-high vacuum [13].

Neutral atoms technology, currently being developed by Pasqal [14], amongst others, has similar
(dis)advantages as trapped ion quantum computers, but uses neutral atoms trapped in optical
lattices as qubits instead. The qubit gates are implemented through laser pulses. As the atoms
have no charge, they can be moved closely together, which makes it relatively easy to scale the
technology.

Another leading technology is photonic quantum computing, currently being developed by com-
panies such as Xanadu [15] and PsiQuantum [16]. They use the properties of photons, such as
their polarization, and make use of mirrors, beam splitters and phase shifters to manipulate
them. As photons tend to hardly interact with their environment, no special environment such
as cryogenics or vacuum are required for operation. However, this also means that two-qubit
gates are challenging as photons do not interact directly, in addition to the noise induced by
photon-loss [17].

LA simple superconducting circuit consists of a capacitor and an inductor, connected by superconducting
wires. To create unevenly spaced energy levels of the circuit, the inductor is replaced by a Josephson junction,
which consists of a thin piece of an insulating material placed between two superconducting metals. The Cooper
pairs in the superconducting circuit can tunnel through the Josephson junction, and as a result, the energy levels

of the superconducting circuit become unevenly spaced, allowing gate operations to be executed successfully [8].



The last technology worth mentioning is quantum computing based on solid-state quantum
systems, such as NV-centers ? [18] or defect centers including rare-earth ions [19]. Benefits of
this technology include long coherence times and a high qubit density, as well as their capability
to interact strongly with light. On the other hand, a drawback is the scalability, as qubit-qubit

interactions are limited.

1.2.2 Noise

One of the biggest obstacles for current quantum computing technologies is the severe impact
of noise. In this work, noise is defined as any undesired disturbance of the quantum system.
There are multiple types of noise, depending on the physical phenomenon that generates it. For
example, readout noise leads to a qubit to be measured in the |1) state, while actually being
|0), and vice versa [20]. Another prominent source of noise are gate errors. Generally, gate
errors can be divided into two categories, coherent and incoherent errors [20]. The latter is a
stochastic type of noise, resulting from unwanted entanglement of the quantum system with
the environment, and destroys the coherence of the quantum system, i.e., it maps pure states to
mixed states. The latter is defined as a statistical ensemble of pure states. In terms of density
operators, a mixed state can be written as ppizea = > _; Di |¢:) (¢i], in contrast to a pure state,
which is defined as ppure = [¢) (¥|. Radiation, light, magnetic fields, sound vibrations etc. are
all sources of incoherent noise. In contrast, coherent noise leaves the coherence of the quantum
state intact, but introduces slight deviations from the ideal quantum state. For example, in
the case of superconducting hardware, miscalibrations, unwanted qubit-qubit interactions and
crosstalk are possible sources of coherent noise [21]. Evidently, noise is a complex topic and
it would be beyond the scope of this work to do a full analysis on this matter. However, the
average noise of large circuits that involve many qubits or many gate operations is fairly well
described by depolarizing noise models [22]. Although this type of noise model does not cover
coherent errors very well [22], the approximation can nevertheless provide first insights regard-

ing the robustness of a quantum circuit.

1.2.3 Quantum Computing in the NISQ Era

Currently, no fault-tolerant quantum computers exist on any of the hardware platforms men-
tioned in section 1.2.1. Each implementation suffers, to some degree, from limited qubit co-

herence times, qubit and gate fidelities, scalability and connectivity, ultimately limiting the

2Nitrogen-Vacancy (NV) centers in diamond are atomic-scale defects where a nitrogen atom replaces a carbon
atom in the crystal lattice, accompanied by a missing neighboring carbon atom. These defects exhibit electronic
spin states that can be manipulated and measured using microwave and optical techniques. These spin states
are highly sensitive to their local environment, particularly to magnetic fieldd, which allows for the execution

of quantum gates [18].



size of the quantum computers in terms of number of logical qubits. Therefore, these NISQ
devices are not suited for fault-tolerant algorithms, such as Shor’s algorithm for factorization
[23] or Grover’s search algorithm [3]. However, that has not stopped research groups from find-
ing algorithms that are NISQ-compatible, such as Variational Quantum Eigensolvers (VQE)
[24], the quantum approximate optimization algorithm (QAOA) [25], and variational quantum
algorithms (VQA) [26]. In addition, error-mitigation techniques have shown remarkable suc-
cess in enhancing the performance of NISQ devices [27]. In view of these developments, this
work focuses on quantum computing suitable for NISQ devices, which means the approach to
the problem at hand should perform well with a limited number of qubits, and deliver desired

results even in the presence of imperfect qubits and gate operations.

1.3 Reinforcement Learning

Together with supervised and unsupervised learning, reinforcement learning (RL) is the third
main paradigm of machine learning (ML) [28]. The fundamental idea behind RL is to train
an agent to make decisions based on interactions with its environment in such a way, that it
maximizes a certain reward. One significant difference between RL and other ML paradigms
is that the input data is not in a collected data set of the form X = {x; = fi, fo, ..., fim,i €
{1,2,...,n}}, with n samples of m features each. Instead, a trial-and—error approach is used,
through which the agent learns from its interactions with the environment [28]. The general

algorithm follows the procedure outlined in Figure 2.

state s;
;f
o Agent
L
A
reward r;
action a,
w1
Y .
' Stas Environment
! &
T N

1 A

Update decision
model OR

Figure 2: Schematic of the basic reinforcement learning process.

Initially, the agent is placed in an environment at state so. At each time step ¢, the envi-
ronment is in state s;, and the agent takes an action a;. This action changes the environment
relative to the agent. As a result, the environment outputs a reward 7,,; and then transitions
into the new state s;;1. The agent updates its decision model based on the reward and the new
state it just observed. After this, the agent decides its next action a;,; according to its policy,

and the loop continues. The sequence of multiple time steps is referred to as an episode. The



episodes can theoretically be infinite, but in most implementations end either when the goal is
reached, or when the agent exceeded the maximum number of steps it is allowed to take. After
an episode ends, the agent and environment are reset to their original state and a new episode
starts. This process is repeated until the agent successfully learns to take the best action in

any state in order to reach the desired result [28].

1.3.1 Q-learning

There exist many different types of RL algorithms. This work uses Q-learning, which is a
model-free, value based approach. Model-free means that the model does not have any prior
knowledge about the environment. In computer science jargon, the model does not compute the
transition probability for the world to go from one state to the next, based on the action taken.
Instead, the model must experience the outcome of all actions purely through trial-and-error.
Value-based refers to the quantity that the model aims to estimate, namely the quality-value,

or Q-value for short, which is discussed in the next paragraph.

At the core of Q-learning lies the Q-function, which aims to estimate the Q-value. This
quantity represents the expected cumulative reward that the agent can collect when it takes an
action a; in a state s; and follows an epsilon-greedy policy, where R is a uniformly distributed

random number between [0, 1]:

max(Q(s,a:60), ifR>e.
a = (9)
Random action, otherwise.

In the simplest case, the Q-function is updated after every interaction with the environment,
based on the obtained reward and the loss, which describes the difference between the predicted
Q-value and the actual Q-value obtained at the next step. For discrete and relatively small
environments, the Q-function can be realized in the form of a lookup table, or Q-Table, in which
all possible combinations of actions and states are listed. Typically, the Q-values are initialized
as fixed values, or as values drawn from a random distribution. Through each interaction with
the environment, the agent tries to learn the true Q-values for each of these state-action pairs

by updating the initial Q-values using equation 10, which is based on the Bellman equation [29]:

Qir1(s,a) = Qy(s1, ar) + a(ry + y(max(Qy(si11, arr1)) — Qi (1, ar)) (10)

Here, Q;(s,a) is the Q-value for taking action a at state s, «v is the learning rate, r repre-
sents the immediate reward that is acquired after taking action a in state s, v is the discount
factor, and max(Q:(S¢+1,a1+1)) is the maximum Q-value that can be acquired in the next
state, which is a prediction made by the model. For example, in the case of a Q-table, the term

max(Q:(S¢+1,a:11)) can be acquired by searching through the table entries corresponding to the



state-action pairs (Syy1,a;41) and simply selecting the pair with the highest Q-value. Hence,
the function updates the current Q-value with the sum of the reward and the highest possible
Q-value obtainable in the next state, where the latter is multiplied by the discount factor that
decides the importance of future Q-values relative to the immediate reward. To summarize,
the Q-function can be understood as the memory of the agent, enabling it to keep track of past
interactions and to predict the value of future interactions. As it is a cumulative, discounted
and weighted sum of previous rewards, the Q-value predicted by the Q-function is always an
approximation to the true Q-value, which remains unknown. However, the approximations

approach the true Q-value over time, leading the agent to find a solution to the problem.

1.3.2 Deep Q-network Algorithm

The Q-table is arguably the simplest and perhaps the most transparent form of the Q-function.
However, for problems with large or continuous state-spaces, this approach is clearly not suit-
able, as the Q-table would become infinitely large. Instead, one can use a function approximator
to estimate the Q-function. In this case, the Q-function is a parameterized function that takes
the current state s; as an input and predicts the expected reward for each of the possible ac-
tions. Typically, the function approximator is a deep neural network (DNN), in which case the
algorithm is referred to as a Deep-Q Network (DQN). DQN was first developed by DeepMind
in 2015 [30], initially to play Atari 2600. Since then, DQN has found a wide range of real-life
applications, such as autonomous driving [31], treatment and diagnosis pathways of various dis-
eases [32], vehicle navigation and planning [33, 34], and robotics [35, 36, 37]. However, despite
their wide variety of applications, it should be noted that the success of RL algorithms highly
depends on the settings of their hyperparameters, defined as all non-trainable parameters that
are set by the user, such as the learning rate, reward, discount factor, and others. This has
shown to make deep reinforcement learning algorithms notoriously difficult, and thus compu-

tationally expensive, to train [38].

The pseudocode for the DQN algorithm is shown in Algorithm 1. Although its overall struc-
ture is similar to that of traditional Q-learning, there are some noteworthy differences. First of
all, the DQN does not store nor update any Q-values explicitly. Instead, the DNN predicts the
Q-values for each of the available actions, given a certain observation. Once a prediction has
been made, the network either selects the action with the highest Q-value with a probability e,
which is referred to as the exploration rate, or it selects an action at random with probability
1 — e. The exploration rate is a hyperparameter that is usually set to 1 at the beginning of
the training and decreases linearly or exponentially throughout the training process. This way,
the agent explores its environment at the start of a training by taking actions that it might
deem sub-optimal. As time passes, the exploration of the environment decreases and the agent

starts exploiting the environment instead, gaining higher rewards by selecting actions based on



previous experiences.

Analogous to Q-learning, the goal of Deep Q-learning is finding parameters that optimize
the prediction of the Q-values, such that the policy, which is selecting the action with the
highest Q-value at each time step, is optimal. To this end, the parameters of the deep neural
network, also referred to as the online network, are updated every n time steps using a specified
optimization algorithm. The update requires calculating the gradient of the loss function, in
this algorithm defined as the mean squared error (MSE) between the Q-value predictions of the
network Q(¢;, a;;0) and the 'true’ Q-values, y;:

L = (y; — Q(¢,a;:0)) (11)

The latter is written between quotation marks because the DQN algorithm does not have access
to any labeled data, which means that there are no true Q-values to compare the prediction

with. Instead, an approximation of the true Q-value is based on the Bellmann equation (10),

y; =1y +ymax Q(s;11,a;607) (12)

where the Q-value Q(s;41,a,07) is provided by a second network, also referred to as the target
network Q with parameters 6—. The target network is essentially a copy of @), initialized with
the same random weights and producing predictions based on the same samples whenever the
online network () is updated. However, the parameters of Q are not updated via gradient
descent; rather, the parameters of () are copied to Q every mn number of steps, with m > n.

This mechanism ensures stabilization of the training process, regulated by the choice of m.

Another important characteristic of the DQN algorithm is that the Q-values are predicted
based on so-called transitions. These transitions are small subsets of data that describe a single
interaction between the agent and the environment. They contain a state ¢, corresponding to
the state ¢ at time step ¢, the action a; taken at this time step, the reward r; obtained as a
result from this action, and the next state ¢, + 1. Each transaction is stored in the so-called
replay memory D. At every n steps, a fixed number of transitions, also referred to as a mini-
batch, is uniformly sampled from D and used to update the network. Using a mini-batch rather
than single transition ensures a more efficient use of training experiences and avoids learning
unwanted correlations between consecutive steps [30]. D has a limited capacity, so when the
maximum capacity has been reached, the oldest transitions are discarded to free up space for

the latest transitions.

1.4 Quantum Machine Learning

As mentioned in previous sections, quantum computing has been a fast-growing field of re-

search for several years, both on the hardware and algorithmic side. At present, fault-tolerant



Algorithm 1 Deep Q-learning with experience replay

Initialize replay memory D to capacity N
Initialize action-value function () with random weights 6
Initialize target action-value function Q with random weights 6§~ = 6
For episode=1, M do
Initialize sequence s; = {x1} and preprocessed sequence ¢; = ¢(s1)
Fort=1,T do
With probability e select a random action a;
otherwise select a; = argmax,Q(¢(sy), a;0)
Execute action a; in the emulator and observe reward r; and observation x4
Set Si11 = Sy, Ay, T4 1 and preprocess ¢y = P(Sp41)
Store transition (¢y, as, 1y, ¢p1) in D

Sample random minibatch of transitions (¢;, a;j, 7}, ¢;4+1) from D

Tj, if episode terminates at step j+1
Set Y; =

~

r; + ymaxy Q(¢;41,a’;07) otherwise

Perform a gradient descent step on (y; — Q(¢;, a;; 0))* with respect to 6
Every C' steps reset Q=0
End For
End For

quantum computers with sufficient logical qubits to fully support algorithms such as Grover’s
algorithm or the HHL algorithm on are not yet available [39]. Instead, the current generation
of quantum computers, referred to as noisy intermediate-scale quantum (NISQ) generation,
contains relatively few qubits (in the order of 10% — 103 physical qubits) and is subject to noisy
operations and limited coherence times. However, this has not stopped both research groups
and industry players from finding potential applications for NISQ devices in various fields of
research [40]. Quantum machine learning (QML) is one of the research directions that has re-
ceived substantial attention [41]. In this hybrid quantum-classical approach, a NISQ device is
used to run a variational quantum algorithm (VQA), which replaces the mechanisms of the deep
neural network within a classical machine learning algorithm. In case of the DQN algorithm,
this means that the deep neural network is replaced by a quantum circuit. In the following
subsections, the mechanisms behind VQA will be explained and its potential benefits in the

context of quantum reinforcement learning will be discussed.
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1.4.1 Variational Quantum Algorithms

At the core of a VQA lies its parameterized quantum circuit (PQC), which is the quantum ana-
logue of a classical deep neural network (DNN). A PQC is essentially a sequence of quantum
gates U(#, z), applied to the computational basis state |0)*™ to obtain a final state [¢))®™ that
represents the solution to the problem [42]. A schematic overview of a PQC is shown in Figure
3. Generally, the first step is to encode the classical input data onto the quantum circuit. To
this end, a set of parameterized gates U(z), where x represents the input data, is applied to a set

of qubits that are initialized in the ground state |0)®™. For example, in case of angle encoding,
3
values are used as input parameters for rotation gates, which encode the transformed data onto

the input data is first transformed such that it lies within [7, —7]. Afterwards, the transformed
the qubits. Next, a trainable layer consisting of several trainable, parameterized, single-qubit
gates U(6) acts on the qubits, where the parameters # can be considered as the quantum ana-
logue of the trainable weights in a classical neural network. This layer also includes a qubit
entangling scheme. Typically, the encoding and trainable layers are executed several times in
alternating fashion, which is referred to as data re-uploading (Figure 3). This technique allows
the quantum model, which can be written as a partial Fourier series in the data, to access an
increasingly rich frequency of spectra [43] — in other words, it increases the ability of the circuit
to approximate any function [44]. Previous experiments have indeed shown data re-uploading

to enhance the performance of the algorithm [45].

After executing the quantum circuit, one measures the expectation value of a certain ob-
servable, often Pauli-Z, for each of the qubits. The measured outcomes represent the solutions
that the PQC predicts. In the case of the DQN algorithm, the expectation values represent the
Q-values for each of the available actions. It should be noted that while (Z) takes values between
-1 and 1, the problem at hand may deal with Q-values that fall outside this range. It is there-
fore necessary to post-process the expectation values, either by scaling with a constant, or by

implementing a small, fully connected neural network that learns the proper scaling factors [46].

Finally, the post-processed predictions of the PQC are used to evaluate the loss and update
the parameters of the PQC using a classical computer. To update the circuit parameters using
gradient descent, the gradients of the PQC with respect to its trainable parameters are required.
The parameter-shift rule is arguably the simplest method to obtain these gradients [47]. In
short, this technique evaluates the loss function at two shifted parameter positions of every
parameterized gate, at every training step. The re-scaled difference between the results forms
an unbiased estimate of the derivative. Using this derivative and the classical evaluation of the
loss function, the gate parameters can be updated, for example via gradient descent [48], in order
to minimize the loss. The whole process of encoding the input data, executing the quantum

circuit, measuring and classically updating the parameters is repeated until the quantum model
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has minimized the loss.

s,A 0 s, A

wa(0a)s 0

:

State s, action a, parameters 6, 4, w

Figure 3: Schematic of the variational quantum circuit. The blue layers encode the data, and

the green layers contain the trainable parameters. Source: [49]

1.5 Quantum Circuit Metrics

In the same way that the architecture of a classical neural network is crucial to the performance
of any machine learning algorithm, the design of the PQC is known to have a significant impact
on the success of a VQA [50]. There are many factors to consider when constructing a PQC,
such as the number of qubits, the number and types of gates, the type of data encoding, and
the number of layers (circuit depth), which makes it a complex task. Therefore, various metrics
have been developed that aim to indicate which circuit architecture could perform better than
others. The quantum circuit metrics that will be discussed in this work are the expressibility,
the entangling capability and the normalized effective dimension. It should be noted, however,
that although these metrics provide a way of comparing different circuit designs, they do not
guarantee good solutions and the exact correlation between the metrics and performance of a

particular PQC architecture seems to depend on the problem at hand [51, 52].

1.5.1 Expressibility

Expressibility refers to the ability of a quantum circuit to produce states that cover the entirety
of the Hilbert space. In the case of a single qubit, this refers to the capability of the qubit to
explore the Bloch sphere. To quantify the expressibility of any parameterized quantum circuit,
one can compare the distribution of state fidelities obtained from executing the PQC with
randomly sampled parameters to a uniform distribution of state fidelities, i.e., state fidelities
obtained from an ensemble of Haar-random states [53]. The expressibility can then be defined
as the Kullback-Leibler (KL) divergence between the two distributions:

Expressibility = DKL(prC(F; || Praar(F)) (13)

where Ppoc(F;8) corresponds to the estimated probability density function (PDF) of the fi-
delity F of the states produced by randomly sampling parameters 6, and Pp,,-(F') indicates
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the PDF of the fidelities of the Haar random states. The analytical form of the latter is known:
PHaar(F) = (N —1)(1 — F)N=2 where N is the dimension of the Hilbert space [53]. A smaller
KL divergence indicates a smaller deviation from the fidelity distribution of the Haar random
states, and thus a higher expressibility. As the experiments have a finite sample size, the prob-
ability distributions in question are approximated with histograms. As a result, the number of
bins influences the upper bound of the expressibility as follows: for the least expressive case,
where a circuit always outputs the same state (e.g., a circuit containing only the identity gate
I), the upper limit for the expressibility is given by (N — 1)In(ny;,) [53]. It is worth noting
that while expressibility by itself does not constitute a definitive measure for the suitability of
a quantum circuit, it may still be used to rule out circuit designs that have (relatively) poor

expressibility.

1.5.2 Entangling Capability

The entangling capability of a circuit describes its ability to produce entangled states, which
has shown to be advantageous in the context capturing non-trivial correlations in the input
data [53]. In addition, a high entangling capability has shown to increase its ability to repre-

sent the solution space for various problems, for example classification problems [54].

One way of quantifying the entangling capability of a quantum circuit is to calculate the
Meyer-Wallach entanglement measure [55]. This global measure is defined as the average of the
bipartite entanglement of one qubit with all others, measured by the purity. In mathematical

form, the measure is defined as follows. Consider a linear mapping:

03(0) [b1-.-bu) = G, [br-. By ) (14)

where |b;...b,) refers to the computational basis of n qubits with b; € {0,1} and " denotes
the absence of the j-th qubit. The Meyer-Wallach entanglement measure () is defined as:

4 n
Ql¢)) = gZDW(O) [¥),2(1) [¥)) (15)
j=1
where the argument of the sum is given by

D(fu) o)) = 5 3 vy = wyoif (16)

One property of this measure is that 0 < @ < 1 and Q(|v)) = 0 if, and only if, |¢) is a
product state. For example, Q(|01)) = 0, whereas Q(%) = 1. For any given PQC,
the entanglement capability can be computed by randomly sampling the circuit parameters

and calculating the average of the measure of the resulting states. As a result, a circuit that
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outputs highly entangled states will have a @) close to 1, while a circuit that exclusively produces

product states will have ) equal to 0 [53].

1.5.3 Normalized Effective Dimension

The third metric that is analyzed in this work is the effective dimension (ED), which describes
how effectively a (quantum) neural network utilizes its parameter space to learn relevant links
and patterns that are present in the data [56]. The ED is computed using the Fisher infor-
mation matrix (FIM). In the context of machine learning, the FIM describes how sensitive the
predictions of a neural network are to changes in its parameters, given a certain input. Statis-
tically speaking, the joint relationship between input and output pairs (x,y) can be described
as p(x,y;0) = p(y|z; 0)p(x), where p(x) is a prior distribution comprised of the input data, and
p(y|z; 0) a conditional distribution that describes the relation between the input x and output
y of the model, given a fixed set of model parameters § € ©. Given these definitions, the FIM

can be calculated as follows:
0 0

In practice, however, the exact distribution over the inputs p(x) is not usually known. Instead,
one can sample independent and identically distributed (i.i.d.) random variables from an ex-
perimentally obtained data distribution p(z,y; #), which leads to the definition of the empirical

Fisher information matrix [57]:

k
1 0
= § logp (25,953 0) 55 log (), 53 0)7 (18)

Before moving on to the calculation of the ED, it is worth noting that the FIM itself holds
valuable information about the trainability of a neural network. The parameter space of a
machine learning model is often flat in most dimensions, except for a few that show clear
distortions [58]. This implies that the value of most parameters does not heavily contribute
towards finding the global minimum of the loss. Additionally, it means that once a model finds
itself in a flat section of the parameter space, it can be difficult, if not impossible, to find a
minimum at all, as the gradients of the loss landscape vanish. This is referred to as the barren
plateau phenomenon [56]. The FIM reflects this phenomenon through the distribution of its
eigenvalues. Large eigenvalues correspond to strong distortions in the loss landscape, whereas
relatively flat dimensions are characterized by eigenvalues very close to 0. Hence, having a
spectrum that is not entirely concentrated near zero may indicate lower risk of barren plateaus,
which is beneficial for training [56].

The effective dimension, as it is defined in [56], incorporates the empirical FIM by integrating

over its determinant. This way, the ED estimates the size that a model Mg occupies in the
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space of all possible functions for a given class of models, also referred to as the model space,
where the empirical FIM acts as the metric. For the derivation of the formula for the ED, the
interested reader may refer to [59]. The definition of the effective dimension presented in [56]

is as follows:

. (5 Jo \fdetUda + 53 P (0))d0) N
‘y,n( @) T IOg( n ) ) ( )
2mwlogn

where Mg = {p(.,.,;0) : 0 € ©} refers to the neural network, here defined as a statistical

model with respect to the the d—dimensional parameters space © C R? and data samples
n € N,n > 1. Furthermore, Vg := fe df € R, refers to the volume of the parameter space and

A

F(6), which is the normalized FIM defined as:

Yo E0) (20)

Fz‘j(@) = dW ij

The purpose of the normalization is to ensure that Vio Jo tr(F(0))dd = d, such that the ED
is scaling invariant in 6 [56]. To ease interpretation, the ED can be normalized by dividing it
by the parameter space d. The normalized effective dimension (NED) has values between 0
and 1. If the neural network efficiently uses its capacity to learn features and patterns from
the data, i.e., if most of its parameters contribute meaningfully to the network’s predictions,
the NED will be close to 1. Conversely, a network with an inefficient capacity usage will have
a NED close to 0. The latter may indicate that the network is over-parameterized, which may
come with a higher risk of overfitting [60]. Furthermore, as the NED directly depends on the
number of samples n available to the network, it is a useful tool to see how the NED behaves

for different data set sizes.

1.6 Current Status of Quantum Reinforcement Learning

Using VQAs in the context of quantum reinforcement learning (QRL) is a relatively new area
of research with many open questions. Previous research has mainly focused on benchmarking
QRL performance through Atari games such as Frozen Lake and Cartpole, which is common
practice in reinforcement learning [61]. This has shown that QRL algorithms can produce
the same results as classical RL algorithms using a comparable number of, or even fewer,
trainable parameters [62, 46, 63, 64, 65]. In addition, lower memory consumption has been
observed [66], as well as faster convergence [67, 68, 64]. However, it is poorly understood how
the choice of quantum circuit architecture affects the learning behavior and overall success
of the QRL algorithm. Attempts at understanding have been made in [62], where circuit
metrics such as expressibility, entanglement capability and normalised effective dimension have

been investigated, but there seemed to be little correlation. The authors of [46] observe that
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the increasing the number of trainable parameters in the PQC only improves performance
to a certain point, after which the performance stagnates or even decreases. Additionally,
they note that hyperparameter tuning and the data encoding strategy have a considerably
greater influence on the performance of the algorithm. Furthermore, there is a significant
distinction between performances of certain architectures on simulations and real hardware.
Each hardware technology comes with its own set of native gates and connectivity, which
means that some architectures may need to be converted to fit these requirements, potentially
leading to significant overhead in terms of circuit depth. In addition, NISQ-hardware is subject
to various types of noise. Therefore, shallow architectures with a limited number total gates,
two-qubit gates, and depth, are more likely to be successful on real hardware [69]. This also
means that strategies such as data re-uploading may prove less advantageous when implemented
on real hardware than simulations have shown in e.g., [45]. Moreover, hardly any research has
moved from benchmarking problems to real-life applications. A few examples exists, such as the
application of QRL to energy management scenarios [70], hedging problems [71], and medical

decision-making [72], but the overall number of investigated applications is limited.
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2 Problem statement

2.1 Background Information

This work aims to investigate the potential advantages of using quantum neural networks
embedded in reinforcement learning algorithms in the framework of a simple robot navigation
task. This learning environment is more complex than most of the Atari games that have been
investigated so far and allows the problem size to be scaled up nearly arbitrarily. This use-case
is inspired by the work of [42]. The authors simulate the agent, a TurtleBot, in three different
environments of different sizes and containing different objects. The objective is to train the
robot to walk from its starting position to the goal located diagonally across the environment,
using a quantum DQN. The input to the PQC are the x and y coordinates of the robot, as
well as its z-orientation, which are first transformed to be within the range [27, —7] using the
function 6,, = arctan(z;). The measured expectation value (Z) of each qubit corresponds to
the Q-value obtained by taking one of the three actions straight, left, or right, respectively. The
structure of the PQC used in the paper follows the general structure including data-re-uploading

as shown in Figure 3, and can be summarized as follows:

::]h

(UentUpar (61)Uin (1)) UentUpar (6(0)) (21)

=1

Here, U,y signifies the entangling operations, U, the layer of trainable parameterized gates
and U;,(x;) corresponds to the parameterized gates that are used to encode the input data.
The authors employ two variations of this quantum circuit for the PQC. The main difference
between them is the way the classical data is embedded in the circuit. The first circuit, PQC-
1, uses a single rotation gate U,(0) to encode each of the three inputs, whereas the second
circuit, PQC-3, encodes the three elements of the input data on each of the qubits using the
rotation gate Uy (6, 0,,0,). The results showed that the QRL achieved results comparable to
the classical RL model, while using fewer trainable parameters. In addition, the QRL model
managed to successfully train the agent using fewer training steps than the classical models for
the larger 4x4 and 5x5 environments. Therefore, one of the suggestions of the paper is further
research into the scaling behavior of QRL algorithms for similar tasks, as increased problem
size and complexity may reveal the effect and potential benefits of using a PQC to substitute

the classical DNN more clearly.

2.2 Research Objectives

The research objective of this work is to see how a QRL algorithm similar to the one used by
Heimann et al. [42] performs under larger and more complex problem conditions. To increase

the complexity of the problem, the implementation of the TurtleBot will be made more realistic
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by adhering to its realistic maximum speed, which implies that the agent will need to learn more
steps in order to reach the goal. In addition, an artificial LIDAR sensor will be introduced to
provide the distance to the nearest objects in various directions. This data will then be treated
as additional input data. The performance of the QRL algorithm will be assessed through
comparison with classical models that are arguably comparable in size with respect to the
number of parameters. In addition, the expressibility, entanglement capability and normalized
effective dimension of the various quantum circuits will be investigated to see whether any
correlations between those measures and the model’s performance can be observed for this
problem. Lastly, a simple depolarizing noise model will be introduced to the sensorless model

to investigate its sensitivity to noise.

2.3 Motivation and Contribution

As discussed in Section 1.6, most research so far has focused on benchmarking Atari games
and similar environments. These problems and their solutions have been studied over the past
decades using classical machine learning techniques, and the available knowledge about nearly
all aspects of these problems has made the Atari games a great candidate for benchmarking
QRL algorithms in their early stages. Throughout the past decade, research has shown that
QRL algorithms yield similar or even better results, such as faster convergence to solutions
and requiring fewer trainable parameters, compared to classical RL algorithms. However, it is
still unknown whether these benefits hold true for more complex and, more importantly, more

realistic problems.

Given this status quo of the field, the motivation for investigating quantum reinforcement
learning in the context of robot navigation tasks is two-fold. Firstly, it provides a more complex
use-case that may answer questions regarding the scalability of the potential benefits of QRL
to more complex problems, as well as the impact of quantum circuit architectures. The investi-
gation of various quantum circuit architectures may provide tangible experimental observations
that can be compared to classical results, whereas the analysis of the corresponding quantum
metrics (Section 1.5) and architectural patterns of the quantum circuits may provide a better
theoretical understanding of how quantum circuit architectures influence the behavior of the
agent in more complex settings. Hence, this work contributes to filling the existing knowledge
gap in using QRL for more complex problems from both a theoretical and experimental point

of view.
Secondly, the specific context of sensor-assisted robot navigation problems enables the appli-

cation of QRL to a problem that is currently highly relevant in the real world. Robot navigation

is a broad field of research and finds applications in transportation, industry, automatization,
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and rescue robots [73, 74]. The complexity of the field is evident from the vast number of
aspects that should be considered when tackling a problem. Each navigation task can be char-
acterized as online, where the robot has access to sensors to perceive its environment, or as
offline, in which case the robot has access to a full model of the room without the ability to
sense its surroundings. In addition, one can consider static navigation, which implies that all
objects remain in place, as opposed to dynamic navigation, which deals with moving objects
and targets [73]. Furthermore, the navigation of the robot can be optimized against many
different parameters, such as the path length, path smoothness, object avoidance, etc.. Consid-
ering these aspects, the robot navigation problem studied in this work falls into the category of
static, online navigation problems, optimized against path length and object avoidance. This
type of problem translates to applications such as warehouse navigation, which is a vital aspect
of automatizing tasks such as packing, sorting, cleaning, surveiling etc. [75]. In this context,
the structure of the environment and the main obstacles inside (counters, elevated floors, scaf-
foldings, doors) are mostly static, but as some smaller objects may obstruct the way (boxes,
forgotten equipment), sensors are still necessary to avoid obstacle collisions. Such a problem
has previously been studied using classical reinforcement learning in e.g., [76] and [77], so this
work will contribute to the field by introducing quantum reinforcement learning as a novel ap-
proach to solving the problem. Exploring this approach may unveil its benefits or drawbacks,

both of which would be valuable knowledge for the research community as well as the industry.

There is, however, one important caveat when using quantum reinforcement learning for
robot navigation tasks: the trained quantum model should somehow be accessible to the robot
once it is deployed in real life. An intuitive idea could be to equip the robot with a small, on-
board quantum computer, but this is nearly impossible to achieve with the currently available
technology (Section 1.2.1). Alternatively, a more realistic solution could to establish a reliable
cloud connection between a classical on-board computer and a remote quantum computer,
although this comes with various challenges as well [78]. Unfortunately, it is beyond the scope
of this work dive into these practical aspects. Nevertheless, the aim is to explore the potential

benefits of QRL in the first place and pave the first steps of the way towards implementation.
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3 Methods

3.1 Simulation
3.1.1 Agent and Environment

The agent and its training environment are simulated using PyBullet, an open-source Python
library that is widely used for robotics simulations and smoothly integrates with reinforcement
learning tasks [79]. This library is based on Bullet Physics SDK, a physics engine that simulates
collision detection as well as soft and rigid body dynamics [80]. In line with the paper by
Heimann et al. [42], the agent is a simulated TurtleBot Burger based on a publicly available
Unified Robotics Description Format (URDF) file. The TurtleBot can be moved by controlling
the velocities of its two wheels. Setting the same wheel velocity for both wheels in the same
direction leads to simple forward motion, whereas the same wheel velocity in opposite directions
leads to a turn around the Turtlebot’s axis. The maximum velocity of the TurtleBot is 0.22
m/s.

There are three different environments of size 3x3, 4x4, and 5x5 squared meters, depicted in
Figure 4. Given the maximum speed of the TurtleBot, it takes at least around 45, 55 and 70
time steps to reach the goal, respectively. The objects have fixed base positions, which means
that they do not move in case of a collision with the TurtleBot. This was implemented to
avoid unwanted interference of objects with the TurtleBot during the training process. Both
the TurtleBot and the environment are simulated at a frequency of 100 Hz, which means
that 0.5 seconds of real-time simulation are executed at every time step. This simulation
frequency allows for an accurate numerical approximation of the physical model within the
Pybullet engine, while still being affordable in terms of required computational power. Given
the maximum speed of the TurtleBot, these simulation settings mean that the robot either

moves 0.11 meters forward, or turns 22 degrees around its axis at each time step.

(a) 3x3 environment (b) 4x4 environment (c) 5x5 environment

Figure 4: The three PyBullet environments used to train the TurtleBot. The starting position
of the TurtleBot (top left) is kept constant, as well as the position of the goal, marked by the
dark green circle (bottom right).
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3.1.2 LiDAR Sensor

As a realistic LIDAR simulation would provide the distance to nearest objects in 360° for every
single degree of rotation. This would implies 360 additional data points, as well as measurement
uncertainties, which is unsuitable input data for quantum circuits due to the limited circuit
depth and number of qubits that can be used. Therefore, we simulate a simplified version of the
LiDAR sensor based on built-in PyBullet functions, that yield the distance from some starting
point to the first object in a fixed line of sight, without uncertainty. The number of simulated
laser beams is eight and nine for the classical and quantum RL algorithms, respectively. The

choice of nine for the latter is further motivated in section 3.4.2.

3.1.3 Quantum Circuits

The quantum circuits are simulated using Pennylane, a software for differentiable programming
of quantum computers [8]. To maximize the speed of the simulations, the Lightning Qubit device
is used for the simulation and the gradients with respect to the parameters are calculated using
adjoint differentiation. The latter is an efficient differentiation method, based on the ability to
undo quantum operators by applying their adjoint UTU |¢) = |¢). For more detailed description

of this method, the interested reader can refer to [81].

3.2 Noise

To simulate the effect of noise, a depolarizing noise model from Pennylane [8] is applied to all
qubits in the designated experiments. The noise rate is set to 2.753 x 10%, in line with the

median SX error rate of the seven-qubit device 'Nairobi’ from IBM [82].

3.3 Hyperparameters

The agent is trained using a DQN algorithm, as explained in section 1.3.2. We use four dif-
ferent configurations of the input data, labeled by numbers 1-4 as shown in Table 1. Input
configuration 1 is the same as the one used by Heimann et al. [42], employing only x and y
coordinates, as well as the z-orientation, while the others also make use of additional LiDAR
data. Configuration 2 only considers the three frontal LiDAR lasers, whereas configurations 3
and 4 utilize lasers pointing all around the TurtleBot (Figure 5). Configuration 4 will only be
evaluated with classical models due to limited time and computational resources. The number
of LiDAR lasers used is eight for the classical neural networks and nine for the quantum neural
networks. The reason for having nine instead of eight lasers as input for the quantum model is

a matter of encoding convenience, as the PQC is built with three or six qubits (see section 3.4.2).
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The DQN algorithm is implemented using Stable Baselines3, an open-source Python library
that contains a wide variety of reinforcement learning algorithms [83]. A custom environment
according to the Gymnasium format specifies the behavior of the TurtleBot and its environ-
ment. The environment is kept constant throughout training, which means that all objects, the
starting position of the TurtleBot and the location of the goal are the same for each episode.

The behavior of the TurtleBot is guided by the reward function, which is constructed as follows:

( —1.0, if the agent hits an object,

—0.2, if the agent increases distance to the goal,
reward = (22)

+0.1, if the agent decreases distance to the goal.

( +10.0, if the agent reaches the goal.

Any state in which the agent collides with an object is regarded as a terminal state that
marks the end of an episode. Reaching the goal is also considered a terminal state, but the high
positive reward nevertheless makes this the most favorable outcome for maximizing the final
cumulative reward. Furthermore, the absolute value of the negative feedback for moving away
from the goal is twice as large as the positive reward of getting closer to it, which motivates the
agent to take the desired action. If the agent does not reach the goal after 200 time steps, the
episode is terminated to prevent the robot from getting stuck in the environment indefinitely
without learning. The total number of time steps that the agent is allowed to take in one train-

ing is fixed to 50 000 for each input configuration, except configuration 4 which is fixed to 70 000.

During training, the model is evaluated every 100 time steps. If the evaluation reward
lies above the reward threshold of 12.5, 13.5, and 14 for each environment respectively, the
training is considered successful and training stops early. This avoids overfitting of the models.
The classical model is evaluated every 100 steps and only one evaluation is considered, as the
simulation is completely deterministic, hence multiple evaluation yield the same outcome. In
contrast, the quantum model is evaluated 3 times every 100 steps, as preliminary experiments
showed that numerical fluctuations may influence the outcome when small learning rates are
used, and training stops early if the mean reward lies above the threshold. All experiments are
repeated a fixed number of times to account for randomness that enters the algorithm through

the generation of transitions and mini-batch sampling.

3.4 DQN Function Approximators
3.4.1 Classical Network Architecture

Four different sizes of the deep neural networks are tested for the classical models. Each exists

of an input layer with one node per observation, two hidden layers, and an output layer with
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Label | Input data

1 x and y coordinates, z-orientation

2 x and y coordinates, z-orientation, 3 frontal LiDAR data points

3 x and y coordinates, z-orientation, 9 equidistant LiDAR data points

4 relative euclidian distance to the start and goal, equidistant LiDAR data points

Table 1: Overview of the four input configurations.

three nodes, each of which corresponds to the predicted Q-value of the available actions (left,
right, straight). The two hidden layers have 8, 16, 32 or 64 nodes each. An overview of the
number of parameters for each classical network configuration to be tested is given in Appendix
Table 3. The limited size and depth of the classical networks is chosen to enable a relatively

fair comparison with the quantum versions of the algorithm.

Figure 5: Schematic overview of the lidar lasers used in each of the input data configurations
listed in Table 1. The grey circle represents the turtlebot. Configuration 1 uses no LiDAR
(left), configuration 2 only employs the frontal lasers (center) and configurations 3 and 4 makes

use of 9 equidistant lasers around the TurtleBot (right).

3.4.2 PQC Architecture

The schematics of the PQCs corresponding to each of the input data configurations (Table 1)
are shown in Figure 6. The rotational gate U takes three rotational arguments as input. The
parameters 6; refer to the trainable parameters in the initial layer, and 6;; to the trainable pa-
rameters in layer [. The parameters x, y and z refer to the x, y coordinates and the z-orientation
of the TurtleBot in the environment, respectively. For QNN-2a and QNN-2b, only the three
frontal LIDAR data points L; 5 are encoded using a single rotation gate (Figure 6b-c). For
QNN2-a, instead of encoding the data points to a fixed qubit, they are encoded in a circular

fashion, so the indices i, j, k shift one qubit in every consecutive layer. In QNN-3 (Figure 6d),
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the parameters L; refer to the LIDAR input data. Employing nine input parameters is conve-

nient here, as they exactly fill the three rotational gates (Figure 6).

All input parameters, that is, x,y, z—orientation and LiDAR data, are passed through an
arctangent function before being encoded as rotation angles, such that their values are within
[—%,%). In addition, they are multiplied by trainable parameters ¢ (not shown in the diagram
to improve readability). The trainable layer, enclosed between the two barriers (dashed lines)
is repeated L times. A small, single layer, fully connected CNN is used to process the measured
Pauli-Z expectation values, as discussed in section 1.4.1. This adds 12 resp. 21 classical trainable
parameters to the network for the 3-qubit and 6-qubit circuits. An overview of the number of

parameters for each of the circuits with various numbers of layers can be found in Appendix
I1.
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Figure 6: Overview of quantum circuits QNN-1 (a), QNN-2a (b), QNN-2b (c¢), QNN-3a (d)
and QNN-3b (e). QNN-1 is identical to the quantum circuit used in [42], using general rotation
gates U(xy,x2, x3) to encode the coordinates of the TurtleBot onto the quantum circuit. The
models QNN-2a and QNN-3a follow a similar architecture as QNN-1, but contain an extra layer
of general rotation gates to encode the LiDAR data. The circuits QNN-2b and QNN-3b are
made of six qubits instead of three and have similar ansatzae and entanglement structures as
the other circuits, but use different gates (single rotation gates) to encode the LiDAR data, as

well as single rotation gates for the coordinate data in case of circuit QNN-2b.
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4 Results

4.1 Classical Model Performance
4.1.1 Overall Training Process

The evaluation rewards of the best five out of ten experiments of classical models CNN-1, CNN-
2 and CNN-3, in terms of fewest steps required to converge, are shown in Figures 7-9. Only
the best five experiments are plotted to facilitate comparison with the results from Heimann et
al. [42], who present the best ten out of twenty experiments. The bold line represents the aver-
age reward obtained at a given time step, and the shaded area indicates the standard deviation.
All negative rewards have been scaled by 0.1 to improve readability, also in line with the results
from Heimann et al. [42]. In addition, the evaluation reward is set to 11 for all subsequent time
steps after a model has successfully reached the goal during evaluation. Hence, each steep local
increase corresponds to one successful experiment, and a single line with a standard deviation

of 0 indicates that all experiments have reached the goal.

The stepwise increase of the evaluation reward visible in nearly all plots for the 3x3 and
4x4 environments confirms that the models can successfully reach the goal. Inspection of the
learned paths confirmed that all converged models learned a path that was close to the optimal
path, which is shown in Figure 10. In contrast, only a single experiment (CNN-3, 64x64) could
solve the 5x5 environment once — all other experiments fail to reach the goal. However, the
evaluation rewards for this environment nevertheless increase as time progresses, indicating that
the model learns to get closer to the goal despite not fully reaching it.

Figure 10c shows the optimal path and the learned path in the 5x5 environment. The black
cross indicates the final point reached by the agent after 50000 time steps. Reaching the goal
via the learned path would take more time steps than the optimal path and requires four to five
turns, compared to only two turns in the optimal case. A possible reason for learning this more
complex path could be that turning left at the first path bifurcation comes with a higher risk of
hitting obstacles in the short term. When the agent is too risk-averse, it will be difficult to learn
this path. This indicates that the current reward function may not be optimal, and changing
the relative differences between rewards and punishments may lead to better outcomes in the

Hx5 environment.

4.1.2 Quantitative Performance Comparison

To enable a quantitative comparison between the various classical models, environments and
network architectures, two performance measures are introduced. Firstly, the average number
of time steps required to converge (ASTC), i.e., the number of time steps needed to find the

goal, is a measure of how fast a model learns and its maximum value is 50 000, corresponding
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CNN-1 Evaluation Rewards
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Figure 7: Evaluation reward of the five best experiments as a function of the number of training
steps with the standard deviation for model CNN-1 using the 64x64 (a), 32x32 (b), 16x16 (c)

and 8x8 (d) network architectures.

to the maximum number of time steps allowed for training. Secondly, the success rate (SR) is
defined as the fraction of experiments for each model configuration that successfully converges,
i.e., learns to reach the goal. Hence, this measure provides information about the robustness of

the network.
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CNN-2 Evaluation Rewards
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Figure 8: Evaluation reward of the best five experiments as a function of the number of training
steps with the standard deviation for model CNN-2 using the 64x64 (a), 32x32 (b), 16x16 (c)

and 8x8 (d) network architectures.

Figures 11 and 12 show the ASTC and SR for each model configuration and environment. The
performance of model CNN-1, which utilizes the same input data and PQC architecture as [42],
is significantly worse compared to results in [42]. An overview comparing the ASTC and SR is

found in Appendix III. This indicates that there are some crucial differences between the imple-
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CNN-3 Evaluation Rewards
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Figure 9: Evaluation reward of the best five experiments as a function of the number of training
steps with the standard deviation for model CNN-3 using the 64x64 (a), 32x32 (b), 16x16 (c)
and 8x8 (d) network architectures. The early interruptions of certain graphs, for example at
Time steps = 37600 in graph a) 3x3, stems from the fact that none of the ten experiments

performed needed more than the indicated number of time steps to converge.

mentation of the problem in this work and [42]. Various factors, including the DQN algorithm,

hyperparameter settings and implementation, could attribute to the observed differences.
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Figure 10: Overview of the shortest learned paths for each environment, as well as the learned
path for the 5x5 environment, where the cross indicates the farthest point that could be learned
by the agent.

Regarding the addition of LIDAR data, CNN-3 performs best in terms of ASTC and SR for
the 3x3 environment, indicating that the additional all-round LiDAR data enables the agent to
find the goal in fewer steps, as well as more frequently. CNN-2, which utilizes frontal LiDAR
data, only outperforms CNN-1 in terms of SR when the largest network architecture (64x64)
is used, and just barely matches the performance of CNN-1 in terms of ASTC. Given the large
standard deviations, it is unclear which of these two truly performs better, which suggests the
addition of only frontal LiDAR data is less useful than adding all-round LiDAR data for solving
the 3x3 environment. In contrast, CNN-2 clearly outperforms CNN-1 in the 4x4 environment,
both in terms of SR and ASTC. Moreover, CNN-2 reaches a better ASTC than CNN-3, al-
though the SR of CNN-3 mostly remains higher. This indicates that the three frontal sensors
enable the agent to solve the 4x4 environment faster. In addition, any additional LiDAR data
points may be useful, but the higher ASTC of CNN-3 shows that it takes more time steps to
learn from this additional information. Finally, the 5x5 environment is solved only once after
48700 time steps by CNN-3, barely before the training episode would have ended. Hence, the
5xH environment seems too complex to be solved within the maximum number of time steps

the agent is allowed to train under the current hyperparameter settings.

The SR and ASTC are plotted against the number of parameters of the classical models in
Figures 13 and 14 to analyze whether a correlation can be observed. In the 3x3 environment,
the SR is fit to the inverse square of the number of trainable parameters. The R2-scores of
0.90, 0.99 and 0.72 for the models CNN-1, CNN-2 and CNN-3, respectively, indicate that this
is a reasonable fit. An exponential decay is fitted to the ASTC in the 3x3 environments, but
the R2-scores are significantly lower, indicating that this relation is not significant. In addition,

for the 4x4 and 5x5 environments, none of the fits reached an R2-score above 0.5 and have
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Success rate of classical networks
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Figure 11: The success rate (SR) of the classical network architectures in each of the environ-

ments. The error bars indicate the Wald interval.

Average time steps until convergence of classical networks
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Figure 12: The average number of time steps until convergence (ASTC) per network architecture

for the 3x3, 4x4 and 5x5 environments. The error bar indicates the standard deviation.

therefore been omitted. Given these observations, there seems to be no consistent relationship
between the number of trainable parameters and the performance of a solution that holds for
all the environments. Nevertheless, a general increase in performance is observed as the number
of parameters increases, which is expected as larger neural networks tend to be able to capture

more complex correlations within the data, to a certain degree [84].

4.1.3 Navigation with Relative Coordinates

The average evaluation rewards per time step of CNN-4, which uses the relative distances to the
start and goal positions of the LiDAR, are shown in Figure 15. All training sessions from the
3x3 and 4x4 environments are solved successfully, although it requires relatively many training
steps (4500-6700) as well as a larger neural network, consisting of two hidden layers with 128
nodes each, to find a solution. The 5x5 environment is solved only for one out of five trials. The

other four experiments suffered from exploding gradients as early as 20 000 steps and latest at
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Success rate vs. trainable parameters
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Figure 13: The success rate (SR) of each of the network architectures as a function of the
number of parameters, with error bars showing the Wald interval. A square root function is
fitted for results from the 3x3 environment with R2-scores of 0.90, 0.99 and 0.72 for the models
CNN-1, CNN-2 and CNN-3, respectively. Fits to the data in the larger environments have been

omitted due to low R2-scores.

Mean number of training steps to solution vs. trainable parameters
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Figure 14: Average number of time steps (ASTC) needed to find a solution as a function of the
number of parameters for each classical model. The error bars indicate the standard deviation.
An exponential decay is fitted for the 3x3 environment, with R2-scores of 0.51, 0.66 and 0.23
for CNN-1, CNN-2 and CNN-3, respectively.

52 200 steps, which explains the smooth continuation of the graph for the 5x5 environment, as
the agent does not learn anymore. This problem is often observed when the estimated Q-values
become too large, leading to nearly-infinite gradients. A possible solution could be downscaling

the values of the rewards in the reward function, or clipping the gradients [85].
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CNN-4 Evaluation Rewards
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Figure 15: Evaluation reward plotted against the number of time steps for model CNN-4 in
different environments using a 128x128 network architecture. The error bands indicate the

standard deviation

4.2 Performance of Quantum Models
4.2.1 Overall Training Process

The evaluation rewards of the three quantum experiments plotted against the number of time
steps in the 3x3 environment?® is shown in Figure 16. The standard deviation for all experiments
is relatively large, as only three repetitions of each experiment could be executed due to time
constraints. This also means that at most three stepwise increases in the evaluation reward
can be observed, which would correspond to three successful experiments. Model QNN-2b with
ten layers performs best overall, converging to a solution in three out of three experiments and
within a number of time steps that is comparable to the best classical network for CNN-2.
Specifically, CNN-2 has 4803 trainable parameters, compared to 279 (including the weights of
the classical post-processing layer) in the case of QNN-2b. This illustrates a potential advantage
of using a PQC instead of a classical network inside the DQN algorithm for this particular task.

4.2.2 Quantitative Comparison

The previously introduced RL performance metrics are the ASTC, which indicates how fast
a model can learn, and the SR, which provides information about the stability of the model.
However, neither of them address the quality of the solution. This especially hinders the as-
sessment of the learned solution when a model does not find a solution at all, as is the case for

several quantum models (Section 4.2.1 and Figure 16).

3The 4x4 and 5x5 environments have not been evaluated due to time constraints.
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Quantum circuit evaluation rewards
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Figure 16: Evaluation reward of three quantum experiments per quantum model plotted against
the number of training steps, with the standard deviation indicated by the error bands. Results

from QNN-3a with ten layers have been omitted due to incompleteness.
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Therefore, solution quality (SQ) metric will be introduced, which is calculated as follows:

d(agent, CPyy1)
d(CPy, CPyy1)

The parameter #CP refers to the number of checkpoints passed, with a checkpoint defined as

SQ = #CP + |1 —

(23)

successfully learning to turn in the correct direction in within a 0.3 meter radius of the turning
points of the optimal path shown in Figure 10. The goal is also considered a checkpoint, which
means that there are three checkpoints in the 3x3 environment. The term d(agent, CP; + 1)
refers to the distance between the position of the agent and the position of the next checkpoint.
The term d(CP;, CP,; 1) denotes the total distance between the last checkpoint reached and the
next one. Hence, the full term [1 — d(agent, CP; + 1)/d(CP;, CP; — 1)] shows what fraction of
the total path, in terms of checkpoints, has been learned successfully. For example, a solution
quality value of SQ = 0.9 would indicate that the agent has almost reached the first checkpoint,
SQ = 1.5 indicates that the agent learned to move exactly halfway between the first and the
second checkpoint, and a SQ = 3 (highest SQ possible) means that the agent has successfully
reached the goal. Hence, the SQ, with of values in the range [0, 3|, is a measurement of the
quality of the learned solution in terms of successfully navigated turns and paths, even when
the goal is not reached.

The ASTC, SR and average SQ (ASQ) have been plotted for each model in Figure 17. The
ASQ mosly increases when frontal LIDAR data is employed, indicating that this is valuable
input data for the quantum models, in line with the results from the classical models. Most
models benefit from an increased number of layers in terms of ASTC, except QNN-2a, which
performs well (SR=0.667 and ASTC=46400) when five layers are applied but badly (SR=0,
ASTC=50000) with ten layers. This may indicate that there is an optimal number of layers for
each individual PQC, which has been observed by previous research, e.g., by [86] for quantum
classifiers. Overall, the large differences in performance metrics between the various quantum
models indicate that the PQC architecture is highly linked to their performance, as previous

research has often observed, e.g., [50, 87].

4.3 Quantum Metrics
4.3.1 Expressibility

The expressibility values of the quantum circuits are shown in Figure 18(a). The PQCs with
three qubits, namely QNN-1, QNN-2a, and QNN-3a, converge to an expressibility of 0.04 +
0.001 after the fourth layer. In contrast, the six-qubit PQCs QNN-2b and QNN-3b reach
a significantly lower expressibility of 0.0008 £ 0.0003, and only converge to that value after

six layers. As the the type and sequence of the gates is similar for the three- and six-qubit
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Performance metrics for the quantum models
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Figure 17: The ASTC, SR and ASQ of the quantum models with 2, 5 and 10 layers are presented
in (a), (b) and (c), respectively. The error bars indicate the standard deviation. Model QNN-3b

with ten layers has been omitted due to incomplete data.

architectures (Figure 6), this may indicate that increasing the number of qubits improves the

expressibility of the circuits. Similar observations have been made by [88].

4.3.2 Entanglement Capability

The entanglement capabilities of the five quantum circuits are shown in Figure 18(b). The
models QNN-1, QNN-2a and QNN-3 have a similar maximum entanglement capability of 0.67 +
0.01, which saturates after four circuit layers. In contrast, the entanglement capability of QNN-
2b and QNN-3b (i.e., the six-qubit circuits) only saturates after ten layers, and the absolute
entanglement capability is also considerably higher (maximum 0.95 + 0.01). As entanglement
capability depends on the quantum gate operations, rather than the number of qubits, the
higher values may be attributed to a fundamental difference in PQC architecture between the
three- and six-qubit PQCs. Specifically, the six-qubit PQCs have relatively fewer encoding
operations per qubit before the entangling takes place (Figure 6). It seems that this benefits
the performance of the PQCs, as QNN-2b and QNN-3b both outperform their three-qubit

counterparts QNN-2a and QNN-3a in terms of performance metrics (Figure 17).

4.3.3 Normalized Effective Dimension

All single-qubit gates in the quantum models are trainable, as explained in Section 3.4.2. How-
ever, for the calculations of the NED, the gates that encode the data were considered non-
trainable. The reasoning behind this choice is that the authors of [56] did not include this
factor in their definition of the metric, and it was non-trivial to adjust the calculations to
the PQCs used in this work. For the same reason, the classical fully-connected network that

processes the outputs from the quantum circuit is also not incorporated in the calculations.
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Therefore, NED values presented in this section should be considered as a relative metric to
compare the PQCs in this work, as the absolute values do not carry significance. The NED val-
ues are plotted against various numbers of layers in Figure 18(c). The NED follows a decreasing
trend for all architectures. However, the values of the three-qubit PQCs, QNN-1, QNN-2a, and
QNN-3a, decrease more steeply after the second layer than the six-qubit PQCs QNN-2b and
QNN-3b. Based on the interpretation of the NED in [56], this would indicate that a relatively
larger fraction of the trainable parameters of the six-qubit PQCs still actively contribute to the
output after adding more layers, compared to the three-qubit PQCs. As a result, one would
expect that adding more layers could be more beneficial for PQCs QNN-2b and QNN-3b than
for the others. The results in sections 4.2.1 and 4.2.2 show that this is indeed the case for model
QNN-2b, which improves the most between two and ten layers compared to all other models,
but not for QNN-3b. Moreover, the best performing quantum model is QNN-2b at ten layers,
and results show that this model has the lowest NED overall. Hence, the NED does not seem
to be a strong indicator of quantum circuit performance in the context of the problem studied

in this work.
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Figure 18: The expressibility (a), entanglement capability (b) and normalized effective dimen-
sion (NED)(c) plotted against various numbers of layers in the PQC, with error bars indicating

the standard deviation. Note that the vertical axis of the expressibility is a logarithmic scale.

4.4 Correlation between Quantum Metrics and Model Performance

The performance metrics SR, ASTC and ASQ have been plotted against the quantum metrics,
namely expressibility, entanglement capability, and normalized effective dimension in Figure 19.
Overall, the models not show any strong correlations between the performance metrics and the
quantum metrics, based on the r-scores (r < 0.70). The only quantum model that shows a very

significant individual correlation in all comparisons is QNN-2b (r > 0.90). Nevertheless, the sign
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Metric | Without noise | Depolarizing noise
SR 0.333 £ 0.23 | 0.333 £ 0.23
ASTC | 46866 4 4431 | 46600 + 4808

SQ 1.94 4+ 0.83 1.90 + 0.79

Table 2: Comparison of performance metrics of QNN-1 with and without depolarizing noise.

of the correlations, i.e., positive or negative, is as expected from the theoretical interpretation
of the entanglement capability and expressibility. Specifically, the SR and ASQ, for which
higher values indicated better performance, are positively correlated with the entanglement
capability and negatively correlated with the expressibility, while the inverse is true for the
ASTC, which should be as low as possible. In contrast, the relation between the performance
metrics and the effective dimension is opposite to theoretical expectations. In theory, a higher
effective dimension should be more favorable as claimed by the authors of [56], who proposed
the metric, but the results show that it is actually correlated with worse performance, as the
NED shows weak but negative correlations with the SR and ASQ and a positive correlations
with the ASTC. Especially QNN-2b, which is the best performing model overall, shows a strong
negative correlation with the NED (r = 0.76). The weak correlations overall, as well as the
unexpected sign of the correlations of the NED with the performance metrics, indicate that the
currently investigated quantum metrics are not necessarily good indicators of performance for

the problem at hand.

4.5 Influence of a Depolarizing Noise Model

The performance of model QNN-1 with five layers after the implementation of a depolarizing
noise model is shown in Figure 20b, next to the results of the same experiment without noise in
Figure 20a. The overall training process looks very similar, which is verified by the quantitative
comparisons of the performance metrics in table 2. This may indicate that the algorithm is
capable of learning the noise, which would make it robust and suitable for execution on real
NISQ-hardware. However, the noise rate used for the experiments was based on the single-qubit
gate error provided by IBM [82]. Two-qubit gate errors occur with a rate that is an order of
magnitude larger, so the current results may not accurately represent the full severity of noise

on real hardware.

4.6 Comparison between Classical and Quantum Performance

Figure 21 shows the performances in terms of SR and ASTC plotted against the number of
parameters for the classical models with the smallest architecture (8x8), as well as 5-layer

versions of the quantum models. These models have a comparable range of trainable parameters
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Figure 19: The expressibility (top), entanglement capability (middle) and normalized effective

dimension (bottom) plotted against the average success rate (SR), average time steps to con-

vergence (ASTC) and the average solution quality (ASQ). The Pearson correlation for each plot

is indicated by r. Error bars have been omitted to improve readability, see Figures 17 and 18.

(99-195). The quantum models perform better, both in terms of SR and ASTC, even when they

have fewer trainable parameters. The only exception is QNN-3a, which has the lowest overall

performance.

Overall, this is a promising result, which may imply a scaling advantage for

quantum reinforcement learning with regards to the required number of trainable parameters,

at least in the context of navigation tasks.
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5 Discussion

5.1 Classical Models

5.1.1 Classical Model Performance

The results of the classical models show that they need significantly more training steps to
find a solution to the problem for all three environments, compared to the results shown by
Heimann et. al. [42]. This is not completely unexpected, as decreasing the speed with which
the TurtleBot moves effectively increases the number of steps that need to be learned before
the goal is reached. However, given the extent of the differences, there are various other factors
that should be considered. First, the RL model used in this work is the DQN algorithm,
instead of the Double-DQN that is used in [42]. The DQN uses a single network to predict
the Q-values and select the actions based on these predictions, whereas the Double-DQN uses
a separate network for the action selection. This potentially leads the DQN to predict overly
optimistic estimation of Q-values, which lowers performance [89]. The decision to use the DQN
algorithm instead was motivated by the unavailability of the Double DQN in the latest version
of Stable Baselines-3, and the mention in the paper that the Double-DQN performed ’slightly
better on average’. However, the results are significantly different, which may indicate that
other factors may contribute to the differences. A likely suspect is the implementation of the
algorithm, as various numerical aspects of the DQN algorithm may be handled differently in
Stable Baselines-3 and Keras.

5.1.2 LiDAR Data and Environment Complexity

The frontal LIDAR data improves performance in the 4x4 environment compared to the case
where no LiDAR data is present, but does not significantly improve performance in the 3x3
environment. In contrast, adding all-round LiDAR data improves performance in both envi-
ronments. This indicates that the three frontal sensors are mostly beneficial in the 4x4 envi-
ronment, whereas solving the 3x3 environment requires additional LiDAR data from the sides
and/or back of the TurtleBot. A possible explanation for this may be that the path to solve
the 4x4 environment is easier to learn, as it only involves one big turn in the top left corner
of the environment, after which the TurtleBot could walk straight to the goal, as illustrated in
Figure 10c. This means that the agent mostly needs to learn how to avoid objects, for which the
frontal LiDAR sensors may be useful. In contrast, the 3x3 and 5x5 environments require the
robot to turn multiple times (Figure 10a,c), which may indicate that it becomes more important
that the agent learns to orientate itself with respect to the surrounding objects. In this case,
it seems sensible that LiDAR data from the sides and back are useful. An important takeaway
from these observations is that the addition of LiDAR data impacts the performance of the RL

algorithm differently depending on the complexity of the environment. The complexity of the
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environment depends not only on its size, but also on the path required to reach the goal and
possibly other factors. Establishing a measure for the complexity is therefore important when

benchmarking similar sensor-assisted navigation problems.

Model CNN-4, using only sensor data and two relative coordinates to the goal, shows a
high convergence rate for the 3x3 and 4x4 environments, which is a promising result. Except
for one experiment in the 3x3 environment for which the solution was found after very few
time steps, the overall ASTC is very similar for both environments. Therefore, it seems that
model CNN-4 is relatively robust to changes in environment size and complexity compared to
the other models, which illustrates its generalization capabilities. This is a positive outlook
for dealing with environments in which the objects are non-static, which is the case in many
real-life situations. However, it should be noted that this model required a significantly larger
network architecture and more time steps to converge overall compared to the others. This
could make training with quantum models challenging, especially when using real hardware,
as the PQCs should remain relatively shallow and able to converge within a limited number of

time steps to be compatible with NISQ devices.

5.2 Quantum Models
5.2.1 Encoding LiDAR Data

The results show that adding frontal LiDAR data improves the overall performance of the
quantum models compared to the case where no LiDAR data is present, whereas adding all-
round LiDAR data has the opposite effect. In contrast, the performance of the classical models
improved when all-round LiDAR data was added in the 3x3 environment, compared to the case
when only frontal LiDAR data was provided. From these observations, one may conclude that
only limited input data can be encoded on a single qubit per layer when using angle encoding.
This seems plausible from a theoretical point of view, as applying a sequence of rotation gates
without entangling operations in between is equivalent to applying a single rotation gate that
is the matrix product of the individual gates. Hence, combining the coordinates and LiDAR
data in this way may lead to a loss of crucial information. Therefore, it seems that spreading
input data over multiple qubits and adding entanglement between the data uploading parts of

the circuit is a beneficial approach for navigation tasks.

5.2.2 Quantum Metrics vs Performance Metrics

No strong correlation was observed between the majority of the quantum metrics (expressibility,
entanglement capability, effective dimension) and the performance metrics (ASTC, SR, ASQ).
This is in line with the findings of [62], who did not observe clear correlations between the

quantum metrics and performance of an agent in the frozen lake environment. The exception
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was quantum model QNN-2b, which had a strong positive correlation with the entanglement
capability and a negative correlation with the expressibility, which was expected from theoret-
ical interpretations of these metrics [53, 55]. The negative correlation between QNN-2b and
the normalized effective dimension, however, was contradictory to the theoretical expectations
formulated by [56], suggesting that there are limitations to this metric. Specifically, given that
the NED is a normalized metric, it may not capture the benefits of data re-uploading, as ad-
ditional layers come with more trainable parameters. Although a relatively smaller number of
parameters may contribute meaningfully to the predictions of the PQC when layers are added,
there are still more relevant parameters in an absolute sense, which contribute to the success
of the PQC. One could argue that it is more useful to compare the non-normalized effective
dimension, but this prohibits the metric from comparing fundamentally different PQC archi-
tectures. Hence, the normalized effective dimension may not be a sufficiently generalizable
metric to compare quantum circuits, especially when data re-uploading is used. It should be
noted, however, that the DQN algorithm comes with a high variance in performance even in
the classical case, as illustrated by the large standard deviations of the performance metrics
for the classical models in this work. Therefore, it is too early to conclude that these quantum
metrics are not suitable for quantifying the quality of PQC architectures for machine learning
tasks. Still, in the case of quantum reinforcement learning, it may be worthwhile to investi-
gate other metrics for further research. For example, the correlation between the performance
and the data encoding strategy, where fewer inputs per qubit per layer seemed to increase the

performance, may be a direction worth pursuing.

5.3 Comparison between Classical and Quantum Model Performance

Results show that nearly all quantum models perform better in the 3x3 environment than the
smallest classical model, which is the only classical model that is comparable in size with respect
to the number of trainable parameters. In addition, the best quantum model QNN-2b showed
a similar performance compared to the best largest classical model CNN-2, despite having an
order of magnitude fewer parameters. This is in line with findings from e.g., [46, 63, 65]. The
observation that quantum models perform better with fewer trainable parameters is a positive
outlook for quantum machine learning research. However, it is unclear how this advantage
scales for problems that require several orders of magnitude more trainable parameters to be
solved classically. In addition, state-of-the-art classical models can relatively easily incorporate
millions of trainable parameters, whereas quantum models suitable for NISQ-devices are limited
to only some hundreds or thousands. Therefore, it is debatable whether it is fair to compare
quantum and classical models based on their parameter count. Regardless, further research
into the potential scaling advantage of quantum models for larger and more complex problems

is necessary before any such conclusions can be drawn.
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6 Conclusions and Outlook

This work employed a DQN algorithm to train an agent, specifically a TurtleBot equipped with
LiDAR sensors, to navigate through three environments of different sizes and filled with vari-
ous objects, using a variety of classical neural networks and parametrized quantum circuits to
approximate the Q-function. To the best of knowledge, this work is the first to investigate the
feasibility of navigating a realistic sensor-assisted robot using quantum reinforcement learning.
The agent, environment, and the simplified LiDAR sensor with a variable number of lasers
created for this work constitute a realistic simulation environment that can easily be extended
to include, for example, noisy LiDAR signals and dynamic obstacles. Therefore, this work
paves the way to investigating the use of quantum reinforcement learning in highly realistic
settings. In addition, the investigation of various quantum circuits provided indications about
which type circuit designs work well for the problem at hand, which is a useful result for future

research projects involving sensor-assisted agents.

The feasibility of training the TurtleBot with the (quantum) DQN algorithm was evaluated
in various ways. Several performance metrics were introduced to analyze the performance of the
agent in terms of robustness, training speed and solution quality. Moreover, the parameterized
quantum circuits were analyzed and their performance with respect to various quantum circuit
metrics, which have recently been introduced by various members of the quantum machine
learning community, was investigated. In addition, a depolarizing noise model was introduced
to the sensorless quantum model to investigate the robustness of the algorithm. The perfor-
mance of the agent without using LiDAR data, similar to the agent used by Heimann et al.
[42], did not match the results of their paper. Apart from minor differences in the settings of
the robot, the use of the DQN algorithm instead of the Double-DQN algorithm used in the
paper [42] may have lowered the performance of the agent, as well as the use of a different
implementation of the algorithm. Hence, further work is strongly advised to investigate which
of these factors contributed most strongly to the observed differences. In addition, more ad-
vanced versions of the DQN algorithm that include e.g., prioritized experience replay may boost

performances.

Experiments with the classical models revealed that additional LiDAR data improved the
performance of the agent with respect to the average number of steps required to find the goal,
as well as the success rate of the experiments. As expected, an overall improved performance
was observed as the classical models increased in size with respect to the number of trainable
parameters. In addition, the contribution of three or eight extra LiDAR data points to the
success of the agent was different in all three environments. Both observations could be linked

to the complexity of the environment, which seems to be a non-trivial aspect of the problem and
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depends on various factors including the size and path to be learned by the agent. Therefore,
future research is recommended to thoroughly analyze and, if possible, quantify, the complexity
of the problem at hand, as this is a crucial aspect of benchmarking performances of (quantum)
reinforcement learning algorithms. Using the metric of success quality, which was first intro-
duced in this paper and incorporates the distance and complexity of the path with respect
to the number of turns that need to be learned at specific locations, may be a good start to

develop a more generalizable quantification of problem complexity.

After providing access to LIDAR data, the quantum models showed both improved and de-
creased performance of the agent in terms of number of steps required to find a solution, success
rate and success quality, depending on the quantum circuit architecture. The best performance
was reached by a six-qubit quantum circuit with three LiDAR data points, whereas the worst
performance was a 3-qubit architecture utilizing nine LiDAR data points. Three quantum met-
rics were analyzed: expressibility, entanglement capability and normalized effective dimension.
Overall, no strong correlations with these quantum metrics were observed. However, the per-
formance of the agent did seem to be correlated with the number of entanglement operations
per qubit compared to the number of trainable parameters per qubit. This may be worthwhile
to investigate in further research, as it is not yet clear how this potential benefit scales as the

number of qubits in the circuit increases.

When comparing the classical and quantum models in terms of number of trainable param-
eters, all except one of the quantum models outperformed the classical model. In addition, the
performance of the best quantum model was similar to the performance of the largest classical
model, despite the latter having nearly twenty times fewer trainable parameters. This may
indicate an advantage of quantum reinforcement learning for navigation tasks on small scales.
However, it is unclear how this advantage scales for problems requiring more trainable param-
eters. This could be investigated with the fourth model, which was tested only classically in

this work, as it required roughly four times as many parameters as the other models.

Furthermore, insights about the generalization capability of both classical and quantum
models to dynamic and previously unseen environments should be further investigated. In this
work, the robot simply learned a fixed path in a static environment, which could also be solved
by simply programming the robot to take a certain sequence of predetermined steps. The true
relevance of using (quantum) reinforcement learning appears when the environment includes
unpredictable changes such as misplaced or moving objects. Hence, to make the work truly
relevant to the real world, the robot should be trained in a new, (semi-)randomly generated
environment at the start of each training episode and evaluation. This can readily be imple-

mented in the existing code, which offers flexibility with regards to the simulated environment.
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Regarding the implementation of noisy quantum simulations, the performance of the model
without LiDAR data under the influence of depolarizing noise was hardly different from the
performance of the same model without noise. This might imply that noise can be learned
by the model and therefore makes it suitable for execution on real NISQ-hardware. However,
future investigations should use more realistic noise models with higher two-qubit gate noise

rates and different types of noise to verify these findings.

To summarize, this work has shown for the first time that it is possible to solve a simple
sensor-assisted robot navigation task using quantum reinforcement learning and uncovered in-
sights regarding suitability of certain quantum circuits and the complexity of the navigation
problem itself. Immediate next steps include investigating what causes the differences in perfor-
mance between the various quantum circuits, as well as researching the generalization capability
of both classical and quantum models to dynamic and previously unseen environments. The
latter can readily be tested with the existing code. Although real-life implementation of a robot
trained with a quantum reinforcement learning algorithm is currently restricted by the available
quantum hardware, this work and future extensions may provide the software and theoretical

foundations needed to pursue that goal.
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Appendix

I Table of Common Quantum Gates

Operator Gate(s) Matrix
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Figure 22: Overview of common quantum logic gates.
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II Trainable Parameter Count of All Models

8x8 | 16x16 | 32x32 | 64x64
CNN-1 | 131 | 387 1283 | 4611
CNN-2 | 155 | 435 1379 | 4803
CNN-3 | 195 | 515 1539 | 5123
CNN-4 | 187 | 499 1507 | 5059

Table 3: Number of parameters of the clas-
sical neural networks (CNN) for each input
configuration (rows) (see Table 1) and ar-
chitecture of the hidden layers (columns),
denoted as m x n, with m and n the num-
ber of neurons for the first and second hid-

den layer, respectively.

IIT Comparison of Results

3x3 Environment

Size SR ASTC

Thesis | Paper | Thesis | Paper
8x8 0.2 0.85 | 49090 | 22630
16x16 | 0.4 1 45330 | 13960
32x32 | 0.6 1 35390 | 10860
64x64 | 0.7 0.85 37910 | 8670

5x5 Environment

Size SR | ASTQ

Thesis | Paper | Thesis | Paper
8x8 0.0 - 50000 | -
16x16 | 0.0 0.4 50000 | 43140
32x32 | 0.0 0.85 50000 | 32780
64x64 | 0.0 1 50000 | 26390

Table 5:

1 12 |5 10

QNN-1 |27 45|99 | 189
QNN-2a | 30 | 51 | 114 | 219
QNN-2b | 42 | 66 | 138 | 258
QNN-3a | 36 | 63 | 144 | 279
QNN-3b | 48 | 78 | 168 | 318

Table 4:

quantum neural networks (QNN) for each

Number of parameters of the
input configuration (rows) (see Table 1) per

number of layers. The fully connected clas-

sical layer at the end is not included.

4x4 Environment

Size SR ASTC

Thesis | Paper | Thesis | Paper
8x8 0.2 0.8 42400 | 29750
16x16 | 0.1 0.85 | 49020 | 14730
32x32 | 0.1 0.8 47780 | 14920
64x64 | 0.5 1 37010 | 11430

An overview of the success rate (SR) and average number of steps to convergence

(ASTC) from this thesis and the paper by Heimann et al. [42].
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