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Abstract

The task of collision-free navigation (CFN) of self-driving cars is an NP-hard problem usually tackled using deep reinforcement
learning (DRL). While DRL methods have proven to be effective, their implementation requires substantial computing
resources and extended training periods to develop a robust agent. On the other hand, quantum reinforcement learning has
recently demonstrated faster convergence and improved stability in simple, non-real-world environments. In this work, we
propose Nav-Q, the first quantum-supported DRL algorithm for CFN of self-driving cars, that leverages quantum computation
to improve training performance without the requirement for onboard quantum hardware. Nav-Q is based on the actor-critic
approach, where the critic is implemented using a hybrid quantum-classical algorithm suitable for near-term quantum devices.
We assess the performance of Nav-Q using the CARLA driving simulator, a de facto standard benchmark for evaluating state-
of-the-art DRL methods. Our empirical evaluations suggest that Nav-Q shows potential to outperform its classical counterpart
in terms of training stability, with reduced sensitivity to different weight initializations and slightly higher average cumulative
reward during training. Furthermore, we assess Nav-Q in relation to effective dimension, unveiling that the incorporation
of a quantum component results in a model with greater descriptive power compared to classical baselines. Finally, we
evaluate the performance of Nav-Q using noisy quantum simulation, observing that the quantum noise deteriorates the
training performances but enhances the exploratory tendencies of the agent during training.

Keywords Quantum reinforcement learning - Collision-free navigation - Autonomous driving - Quantum artificial intelligence

1 Introduction

The pursuit of autonomous navigation for self-driving cars
has ushered in a new era of transportation, promising safer
and more efficient journeys. Central to this endeavor is the
challenge of collision-free navigation (CFN), a complex opti-
mization problem that lies at the heart of ensuring the safety
and reliability of autonomous vehicles. Over the years, sig-
nificant strides have been made in tackling this problem,
with researchers and engineers harnessing the power of com-
putational methods to chart paths that avoid obstacles and
minimize risks [1-3].
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In the domain of autonomous navigation, a prevalent
approach involves conceptualizing the problem as partially
observable Markov decision processes (POMDPs) [4, 5]
which poses a significant computational challenge when
dealing with real-world scenarios. The current state-of-the-
art solutions rely on Deep Reinforcement Learning (DRL)
[1-3], which can be integrated with POMDP planning [4, 5].
While these techniques have demonstrated promising results,
they demand substantial computing resources and training
time to develop a robust reinforcement learning (RL) agent.

In parallel, the field of quantum reinforcement learning
(QRL) has recently emerged as an innovative paradigm that
harnesses the computational capabilities of quantum com-
puting in conjunction with the principles of reinforcement
learning (RL). Early experiments [6—9] have showcased the
potential of QRL methods to improve training performance
when applied to simplified, non-real-world environments,
often exemplified by the benchmark domains provided by
OpenAl Gym [10]. This improvement is usually assessed by
analyzing the Return vs Episodes curve, which allows for
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evaluation of how fast and how well a given agent is capable
of learning a good policy as long as the training epochs run,
and in particular, this is done by analyzing the AUC of the
curve. This approach allows comparing quantum and classi-
cal architectures experimentally even when running quantum
components using simulations, which is intrinsically hard for
classical computation and hampers to consider the effective
training times in terms of hours/days. However, a critical gap
remains to be bridged as none of these methods have been
tested in a challenging, real-world environment, such as the
CFN of self-driving cars.

Furthermore, many of the suggested methodologies pre-
suppose replacing traditional neural networks, which pro-
vide action directives, with parametrized quantum circuits
(PQCs). In the context of CFN, this implies the requirement
of a quantum computing device installed onboard the vehi-
cle for experimentation—a requirement that is impractical to
fulfill.

This paper delves into the feasibility and potential advan-
tages of quantum-supported DRL within the domain of
CEN of self-driving cars. Specifically, we introduce a
novel quantum-supported architecture that leverages quan-
tum computation during training, resulting in state-of-the-art
performance during testing. Precisely, the contributions are
the following:

1. Introducing Nav-Q, the first quantum-supported deep
reinforcement learning (DRL) approach that combines
quantum and classical neural networks to tackle the CFN
problem of self-driving cars. Nav-Q employs an actor-
critic algorithm, with the critic implemented through a
hybrid quantum-classical approach, aiming to enhance
the performance during training without requiring an
onboard quantum device for testing.

2. Implement a modification of the data reuploading tech-
nique [11] named Qubit Independent Data Encoding and
Processing (QIDEP). This variant incorporates the con-
cept of a sublayer, allowing for versatile encoding of
high-dimensional classical data and providing flexibility
in the number of qubits used.

3. Train and evaluate Nav-Q on the CARLA-CTS1.0 bench-
mark [5], a widely recognized standard for testing DRL
models in the context of self-driving cars. Nav-Q’s perfor-
mance is compared with its natural classical counterpart,
NavA2C (Sect. 3.3), which exclusively utilizes classical
computational resources. The results suggest that Nav-
Q, executed using noiseless simulations, shows improved
stability across different architectural initializations and
a slightly higher average return. However, these conclu-
sions are specific to the experiments performed and may
not necessarily generalize to other settings. Addition-
ally, Nav-Q attains state-of-the-art performance in the
driving policy while substantially reducing the number
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of parameters. It also showcases a heightened potential
for learnability when evaluating the effective dimension
as a metric to assess the model’s ability to learn complex
patterns from data.

4. Train a reduced version of Nav-Q on a simulated noisy
quantum system with the parameter-shift rule to esti-
mate the expected performance when experiments are
performed on near-term quantum hardware.

The rest of the paper is structured as follows. A discus-
sion of the related works, quantum and classical, is reported
in Sect. 2. This is followed by the formalization of the
CFN problem as a POMDP and a detailed description of an
advanced classical solution named NavA2C, which serves
as the classical baseline, in Sect. 3. Our quantum-supported
solution Nav-Q is described in Sect. 4 and its performance
comparatively evaluated in Sect. 5. Section 6 concludes with
a summary of achievements and future work.

2 Related works

In this section, we provide a summary of the existing litera-
ture relevant to two key aspects of this paper’s contributions.
The first part delves into current state-of-the-art approaches
for addressing the CFN problem, primarily centered around
DRL algorithms. Secondly, we explore the QRL landscape,
which focuses on training parameterized quantum circuits to
function as agents within classical environments.

2.1 Deep reinforcement learning for collision-free
navigation

The state-of-the-art approach for addressing the CFN prob-
lem of self-driving cars typically involves formulating it as a
POMDP and solving it through DRL. Different approaches
are possible depending on the specific problem the DRL algo-
rithm is tasked with, ranging from simple lane following to
complex tasks like end-to-end driving in urban scenarios [1—
3]. These methods exhibit variations in the DRL algorithm
used, system architecture, reward design, tasks, input, and
actions performed by the agent.

Recently, different actor-critic-based architectures for
DRL have been proposed. In particular, A3C approaches [12,
13] execute on multiple parallel instances of the environment
to use the parallel actor-learners for stabilizing effect on train-
ing process. The adaptation of this approach in the context
of CFN is referred to as GA3C-CADRL [14] and has been
tested for mobile robot navigation. In this case, the observa-
tion of the environment is not presented as a picture image but
rather as the position, velocity, and orientation of the robot.
Also, an LSTM [15] is used to encode temporal and spatial
data in this scenario. Alternatively, A2C is the synchronous



Quantum Machine Intelligence (2025) 7:19 Page 3 of 20 19

Table 1 An overview of the Environment Observation space Observation Action space Action shape

characteristics of the

. shape

environments used to evaluate

the performance of existing Acrobot Continuous ) Discrete (3) (1)

quantum reinforcement learning . . )

methods Blackjack Tuple (Discrete (32), 3, Discrete (2) (1,)

Discrete (11), Discrete (2))

Cartpole Continuous 4,) Discrete (2) (1,)
Frozen lake Discrete (16) (L,) Discrete (4) (1,)
Mountain car Continuous 2,) Discrete (3) (1,)
Pendulum Continuous 3,) Continuous (1,)

version of the A3C model, that waits for each agent to finish
its experience before conducting an update. In this respect,
A2C-CADRL-p has been recently introduced [5] as a syn-
chronous variant of GA3C-CADRL that utilizes the output
of path planning and the perceived environment as input to
the network, as opposed to end-to-end learning, enabling the
agent to navigate the environment with a specific goal.

Beyond A2C and A3C approaches, whose performances
are comparable, recent work has highlighted proximal policy
optimization (PPO) as a standout approach for self-driving
cars [16, 17]. PPO excels due to its stability, sample effi-
ciency, and adaptability to continuous action spaces. By
preventing large policy updates, it ensures stable learning,
particularly crucial for safety-critical applications. More-
over, its compatibility with parallel processing accelerates
learning in data-intensive scenarios.

At the time of writing this paper, Pennylane [18] with
the PyTorch plugin did not support parameter broadcasting.!
Consequently, the quantum version of PPO, which requires
batch processing of data through quantum circuit simula-
tions, incurred a substantial time cost on classical computers,
rendering training these algorithms impractical. Therefore,
for practical purposes, our focus is on the classical baseline
NavA2C (see Sect. 3.3) based on A2C-CADRL-p [5]. This
approach combines a symbolic path planner and a modified
A2C agent in one architecture, with the DRL agent solely
responsible for the speed action. Nevertheless, the Nav-Q
methodology (described in Sect. 4) utilizes an actor-critic
model and can be seamlessly adapted to the PPO approach,
provided that the available quantum software tools support
efficient parameter broadcasting.

2.2 Quantum reinforcement learning

The standard approach in quantum reinforcement learning
(QRL) consists of replacing a classical Neural Network with
a PQC to enhance performance in terms of trainability, sta-
bility, and learning policy.

1 https://docs.pennylane.ai/en/stable/code/api/pennylane broadcast.
html

Among the various alternatives, the use of a quantum Q-
learning algorithm has been investigated and compared to
a deep Q-network, revealing a polynomial improvement in
terms of parameter space complexity of PQCs with respect to
classical DQN [8]. This investigation focused on PQCs oper-
ating in a straightforward deterministic environment with a
single input value, where both the observation space and out-
put space were restricted to the same number of quantum
bits. In a subsequent study [19], alternative PQC architec-
tures and encoding schemes were explored, extending the
algorithm’s testing to slightly more complex environments.
Another advancement involved anovel data encoding scheme
using trainable weights, enhancing quantum Q-learning per-
formance [9]. Additionally, a Quantum Soft Actor-Critic
(Q-SAC) algorithm has been proposed [7], where the actor is
implemented as a PQC and the critic utilizes a classical neural
network. Applications of Q-SAC include controlling a sim-
ulated robotic arm with continuous action and state spaces
[20]. Another study proposed the Softmax-PQC, employing a
softmax policy to successfully address various standard RL
tasks based on REINFORCE [6, 21]. Additionally, a QRL
algorithm based on PPO [16] has been introduced, with the
actor implemented using a PQC and the critic with a classi-
cal neural network [22, 23]. Lastly, works on the adoption
of PQCs for generic POMDPs [24-26] suggested a learning
advantage over selected classical counterparts when tested
on simplified environments.

All current QRL methods (summarized in Table 1) have
been assessed in the context of OpenAl Gym environments.
These environments are characterized by being static, fully
observable, and featuring a low-dimensional state space.
However, the CFN problem of self-driving cars is dynamic,
partially observable, and involves high-dimensional observa-
tions and state spaces. As a result, existing QRL algorithms
fall short in effectively addressing CFN problems. Moreover,
PQCs primarily determine the actions an agent should take
within an environment. Even when adapting existing QRL
methods for more intricate problems, incorporating a quan-
tum processing unit (QPU) into the car becomes a necessity
in algorithm design. However, this requirement is impracti-
cal given the current challenges associated with building a
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real QPU. Therefore, our goal is to introduce a novel method
capable of harnessing the potential advantages of quantum
computing within the realm of CFN without installing a QPU
in cars.

3 Problem formulation

Collision-free navigation (CFN) refers to the task of driv-
ing on a drivable path from one location to another while
minimizing time to goal and the number of collisions with
static and dynamic obstacles. CFN task can be modeled as a
POMDP [4, 5] problem that requires a formal definition of
the car model, pedestrian model, and environment.

3.1 Car and pedestrian model

The Car state is defined as a 4-tuple (py, pg, oal® Vi » 07) where
p¢ € R? is the current position, p; oal € IR? is the goal posi-
tion, vy € R the speed and 6 € [0, 27) the orientation of the
car at instance 7. The car uses the bicycle model to approx-
imately model the car driving on the road. We assume for
the sake of this work that the car can detect all unoccluded
static and dynamic obstacles within a radius of 50 m. The
vehicle has a 360° view of its surroundings. However, in
the case of dynamic obstacles, only its current position is
visible; the car’s perception model is unable to see the obsta-
cle’s goal position or the potential direction in which it might
move. Additionally, we assume that all available sensor data
is noise-free. For goal-directed navigation of the driverless
car, we use the Anytime Weighted Hybrid A* Path Planner
to calculate a driveable path for the car from source to desti-
nation. This planner needs a 2-dimensional discretized cost
map of the environment to plan the route. Our basic cost
map converts environmental data from the actual scene to a
discretized grid map from a bird’s eye view, with obstacle
costs of car states defined as maximum of 1, 50, and 100,
respectively, if the car is entirely on the road, partially on the
sidewalk, and collides with an obstacle anywhere else.

The pedestrian state is represented by a 4-tuple (p! Ed,

pg(fg, vtp ed, Otp ed), where ptp “ ¢ R2 is the current posi-

tion of the pedestrian, pg(f:i € R? is the goal position of

the pedestrian, vtp “ ¢ Ris the speed of the pedestrian and

o “d ¢ [0, 27) is the orientation of the pedestrian at time
instance 7. We assume that the pedestrians move towards the

goal in a straight line.

3.2 Collision-free navigation problem

The problem of CFN can be formulated as a POMDP(S, A, T,
R, vy, Z, O) as follows:

@ Springer

S: This represents the set of states, {[c, ped, ..., ped|P‘]|c €
RZxRZxRx[0, 2m), ped; € RZxRZxRx[0,27), 1 <
i < |P|}, where ¢ denotes the car’s state at time ¢, and
ped; = [ped’, pedél] represents the observable and hid-
den state of pedestrian i (1 <i < |P]).

A: This denotes the set of all possible actions. Each
action a € A is defined as a 2-tuple («, acc), where
o is the steering angle and acc is the speed action.
The steering angles are discretized into bins of 25°
with a maximum steering angle amax = 50° in both
directions. The set of all possible steering directions
is Angles = {—50°, —25°,0°,25°,50°}. The car can
choose between three distinct speed actions: SpeedAc-
tions = {accelerate, maintain, decelerate }. The accelerate
action corresponds to an increase in speed by 5 kmph, the
decelerate action corresponds to a decrease in speed by 5
kmph, and the maintain action corresponds to no change
in speed.

T : This represents the transition probability, 7 (s;, a;, S¢+1) =
p(si+1l8:, ar) € [0, 1], which defines the likelihood of
transitioning from state s; € S to state s;+; € S when
taking action a; € A at time ¢. These transitions are fully
determined by car movement kinematics and the pedes-
trian model.

Z:This signifies the set of observations, {{[c, ped?, peds, ...,
ped,?]}}, containing information about the car’s state and
the observable aspects of pedestrians in the scene.

O: This denotes the observation probability, O (s¢+1, ar, 0r+1)
= p(01+1!8t+1, ar) € [0, 1], which represents the likeli-
hood of observing 0,41 € Z when transitioning to ;11
after executing action a;.

R: This stands for immediate rewards, R(s;,a;) € R, for
executing action a, in state s;. The reward function is
formally defined in Definition 2

y: This represents the discount factor within the range [0, 1],
and we set y = 0.99.

3.3 Classical baseline NavA2C

In this section, we describe NavA2C, a DRL-based archi-
tecture that will serve as a baseline for comparison with our
proposed quantum-supported method, Nav-Q.

NavA2C, inspired by A2C-CADRL-p [5], combines a
symbolic path planner [4] and a modified A2C [12] agent,
such that the DRL agent is only responsible for the speed
action. The architecture is shown in Fig. 1.

The input for the DRL agent is the car intention / (Fig. 2)
which is the semantic segmentation of the environment from
a bird’s eye view overlayed with the planned and traveled
path. The DRL agent outputs the speed action acc; at every
time step using car intention / along with the reward R;, car’s
velocity vy, and car’s speed action in the previous time step
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Fig.1 NavA2C architecture

acc;—1. The steering action «;, needed to control the car’s
lateral trajectory, is derived from the path calculated by the
Anytime Weighted Hybrid A* Path Planner at every time step.
The speed action acc; together with the steering angle «; is
passed on to CARLA simulator as a tuple a; = (accy, o;)
which serves as the control signal for the car simulated in the
CARLA environment.

The DRL agent in NavA2C consists of four main compo-
nents: feature encoder Ey, actor g, LSTM, and critic Vy.
Ey is responsible for learning a low-dimensional representa-
tion of car intention / using a long sequence of CNN layers.
The output of the feature encoder, Ey (1), is concatenated
with the reward R, € R, the car’s velocity v, € R2, and the

R4OO x400x3

Fig. 2 Car intention / € is the semantic segmentation of
the bird eye view of the environment. The white dotted line represents
the planned path while the black dotted line represents the path already
traveled by the car

car’s speed action in the previous step acc;—1 € R. This con-
catenated information is passed as input to the LSTM. The
LSTM’s hidden state /4, is then passed to the actor and critic
networks to determine g (a,|h;, 0;) and Vi (h;, 0;), Tespec-
tively.

The actor (7p) is implemented through a dense neural
network. It takes input 4; and produces a 3-dim vector with
associated probabilities for speed actions (accelerate, main-
tain, and decelerate). The critic Vj, is also implemented using
a dense neural network and evaluates the actions chosen by
the actor by estimating the expected cumulative reward asso-
ciated with a given state-action pair. By leveraging these
evaluations, the actor adjusts its policy to prioritize actions
with higher rewards.

Specifically, the outputs of the actor and critic are the two
components that allow the calculation of the loss function
during training, defined as follows.

Definition 1 (NavA2C Loss Function) Given the observa-
tion oy, action a,, value function Vy with parameters ¢, and
actor policy function g with parameters 0, the loss functions
to train parameters ¢ and 0 are given by,

Jv (@) = (G, — Vy(hy, 0))* (1
J7 (0) = log(mwe (ar|hy, 01)) - (Gr — V¢(ht, 01))
+BH (7t (a|hy, 0r)) 2)

where B is a hyperparameter that controls the weight of
the entropy term, G; is the total discounted reward (See
Definition 3), and

H (o (arlhy, 00)) = Y mo(arlhs, op) - log(g (arlhe, 1)

a;e A
3
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is the entropy of the actor policy.

Importantly, the critic is utilized in calculating the loss
function during training, providing feedback on the qual-
ity of selected actions. Its use is not required at the time
of testing. Nevertheless, opting for a critic with limited
expressive power may pose challenges in capturing complex
relationships, leading to slow learning, and difficulties in gen-
eralization and stability. To address these issues, selecting a
critic with ample capacity to represent environmental intrica-
cies, through advanced models, is crucial. Thus, the primary
distinction between the training architecture depicted in
Fig. 1 and the corresponding testing architecture lies in the
absence of the critic.

Another crucial aspect is the design of an effective reward
function, as it directly impacts the learning process and the
behavior of the autonomous vehicle. In fact, a meticulously
crafted reward function must align the learning objectives
with the desired behavior, contributing to the development
of a reliable and safe autonomous driving system. Drawing
inspiration from prior works [5, 14], we define the following
reward function for NavA2C.

Definition 2 (NavA2C Reward) Given the current state s; €
S and previous action a;— € A, the reward R;(s;, a;—1) is,

V'goal_reached = 4200
Pc(t) = p,

(S, A, T,R,y, Z, O), the total discounted reward G; start-
ing from time t is defined as follows:

e .
G, =E [Z )/’_th:| .

i=t

One drawback of NavA2C [5] is the consistent accelera-
tion during the test phase when actions are determined deter-
ministically. To address this issue, we mitigated 7goai_reached
and introduced a penalty for overspeeding, denoted as
Tover_speeding- Drawing inspiration from HyLEAR [5], we
incorporated rpeqr_miss into the reward function to penalize
near misses, encouraging the car to maintain a safe dis-
tance from pedestrians. Additionally, r,;; penalizes crashes
or collisions with pedestrians, promoting the safety of the
autonomous car. The term rypgrqc10 1S designed to encourage
the autonomous car to avoid collisions with other obstacles.
Furthermore, ry;.. promotes comfortable and smoother nav-
igation by penalizing the agent for choosing actions that
necessitate excessive steering. Finally, 7;,0/_goas incentivizes
reaching the goal more expeditiously.

for reaching goal position, i.e.,

goal
¢

For colliding with the obstacles

rpir = —100 % B (pedestrian, cars, etc.) B is proportional

to the impact speed

Penalty if there is a pedestrian or cars
Tobstacle = —obstacleCost . ) B

in the hit area and v; # 0

If there is a pedestrian in the near-miss

Ri(st,a;-1) = Tnear_miss = — 10

area of car

For crossing the maximum speed limit of
Yover_speeding = -10

50 kmph

Tnot_goal = —goal_dist /1000

Dynamic penalty based on distance

from goal
Penalty if the car brakes when it’s not
T'braking = -1 .
moving
Fsteer = —1 Penalty if oy # 0

Given the reward function, we can easily define the total
discount reward (return) as follows.

Definition 3 (Total Discounted Reward) Given the partially
observable Markov decision process (POMDP) denoted by

@ Springer

4 Methods

In this section, we introduce Nav-Q, the first quantum-
supported deep reinforcement learning architecture that
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combines classical and quantum neural networks to effec-
tively train a reinforcement learning agent for the safe
navigation of self-driving cars. Nav-Q is primarily based on
an actor-critic model, wherein the critic component is real-
ized through a parameterized quantum circuit and a fully
connected classical layer. This design enables us to harness
the capabilities of a quantum algorithm exclusively during
the training phase, eliminating the need for a QPU in the
vehicle during testing.

Additionally, we introduce a novel quantum embedding
technique that extends the data reuploading strategy to effi-
ciently encode high-dimensional vectors using an arbitrary
number of available qubits.

4.1 Nav-Q architecture

Nav-Q is inspired by NavA2C (Sect. 3.3), which comprises
two major components: an Anytime Weighted Hybrid A* Path
Planner [4], determining the steering angle for the car, and
DRL components-a hybrid actor-critic model responsible for
determining speed actions (accelerate, maintain, decelerate).
The objective is to reach the destination in the shortest time
possible while avoiding collisions with other agents that may
be present in the scene (such as other cars, pedestrians).

To be able to generalize any possible scenario that the
car might encounter, the DRL agent needs to be trained for
thousands of episodes, which implies running the training
procedure for several days even when considering a lim-
ited set of scenarios. Furthermore, DRL algorithms are very
unstable with respect to weight initialization, which means
that it is necessary to run the training procedure several times
with different initial parameters to achieve reliable perfor-
mance in terms of driving policies.

32 32

The idea of Nav-Q is to introduce a quantum component
into the DRL agent of NavA2C to obtain a quantum-
supported architecture that can improve classical perfor-
mance in terms of trainability and/or stability while having
(at least) the same performance in terms of learned policy
(time to goal, number of crashes, etc.). Also, the quantum
component has not to be included at the time of testing, since
this would require placing a QPU in the car, and invalidate
the practical use of the proposed method.

To fulfill these requirements, Nav-Q introduces a paramet-
rized quantum circuit to implement the critic within the
actor-critic framework. This strategic choice allows us to
exclusively employ the quantum algorithm during the train-
ing phase, where the critic evaluates the policy selected by
the actor. In contrast, during the testing phase, only the actor
is utilized, as it produces the action. Therefore, the training
process, recognized as the most challenging aspect of RL, is
where the introduction of quantum components is expected
to have the maximum impact.

The quantum-supported DRL agent of Nav-Q is visually
represented in Fig. 3.

4.2 Hybrid quantum-classical critic

The critic Vi (h;, 04) in Nav-Q is realized through a hybrid
quantum-classical algorithm made up of two components.
The first one is a PQC which processes h;—the hidden
state of the LSTM—through unitary operations to generate a
parametrized quantum embedding in the Hilbert space. The
quantum embedding is then converted into an g-dimensional
classical vector (where g is the number of qubits of the quan-
tum circuit) using the expectation measurement of Pauli-Z
observables for each single qubit. At this point, there is

&Hﬂm

L L _E‘ Actor(mg) i

i |

CNN_layers : |

Data |z) A = 3 € |

FeatureEncoder(Ey) LST™ it :: reet | C]..E.Erdr \

&l Uald) [ YO | |-, | Reward .
:vt [ Critic(Vy)

|
lae1 o
IeRMxmﬂxs
Observation(o;)

Anytime Weighted Hybrid A* PlannerJ<

Fig.3 Quantum-supported deep reinforcement learning agent in Nav-
Q. In contrast to the complete architecture of NavA2C illustrated in
Fig. 1, the primary distinction from the classical model lies in the DRL

agent’s critic, which is replaced by a hybrid quantum-classical algo-
rithm. Its design is essential for training and evaluating the loss function

@ Springer
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a mismatch between the output of the PQC (R?) and the
required dimension of the Value function (V4 (h;, 0;) € R).
To map the g-dimensional vector resulting from the PQC to
a single value of Vs, the second part of the critic is imple-
mented. This part is essentially a fully connected (FC) neural
network layer made up of ¢ input nodes and one output node
(with no hidden layers), which calculates a linear combina-
tion of the g-dimensional vector from the quantum circuit
without applying any kind of non-linear operation.

Despite the reduction in problem dimensionality given
by the combination of the feature encoder and the LSTM,
the complexity of solving real-world issues, such as the
CFN, poses a challenge in terms of data encoding within
a parametrized quantum circuit. To tackle this challenge,
we propose an implementation of the data reuploading tech-
nique [11], named Qubit Independent Data Encoding and
Processing (QIDEP), which enables the encoding of a high-
dimensional vector using an arbitrary number of qubits.

Note that the utilization of § parameters for the actor and ¢
parameters for the critic aligns with established RL literature
on actor-critic approaches. However, starting from the next
section, we employ the parameters 6 to denote the trainable
parameters of the quantum circuit implementing the critic to
be consistent with quantum computing literature.

4.3 Qubit Independent Data Encoding
and Processing

Data reuploading [11] is a useful strategy for quantum
embedding that enables the approximation of any continuous
function using a single-qubit circuit. We implement its exten-
sion to multi-qubit quantum circuits and named this approach
Qubit Independent Data Encoding and Processing (QIDEP).
This implementation strategy uses a multi-qubit system to
encode a high-dimensional vector with a flexible number of
qubits. A formal definition of this strategy is provided in
Definition 4.

Definition 4 (Qubit Independent Data Encoding and Pro-
cessing) Let x € R? be the input classical data, U(0) be
a parameterized quantum circuit with trainable parameters
0, Uiy (x) be the unitary for data encoding based on Angle
Encoding, q be the desired number of qubits and L € N
be the desired number of layers in the quantum circuit. In
QIDEP, each layer U; can be written as a composition of
sublayers an

m=k
u=1]s. (4)
m=1

where an is the m-th sublayer of the l-th layer defined as
Sy = U@ Uin(X™), with x™ = {X3gn-1)+1, - - - X3gm}
indicating a specific subset of elements in the input feature
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x. Note that the number of sublayers k = f%'l is fixed and
given the input feature and the number of qubits, the vector
must be padded with a zero vector of length 3qk — p.
Importantly, the architecture allows to freely choose the
number of layers, as well as the number of trainable param-
eters within each sublayer, depending on the task at hand.
Thus, a L-layered, q-qubit QIDEP quantum circuit that has
to process a p-dimensional vector can be written as follows:

L m=k
ve.o=[[[]v (9,’”) Uin (™). (5)
=1 1

m=

Thus, the total number of trainable parameters using
QIDERP strategy is determined as (L x (%] x2q)+(q+1)
where L is the number of layers, p is the dimensionality of
data, and ¢ is the number of qubits.

An example of QIDEP strategy is shown in Fig. 4. In data
reuploading [11], each layer can be seen as a single unit of
Ui, and U (0), and the number of layers in the circuit is con-
sidered a hyperparameter (as in classical neural networks). In
QIDEP, we introduce the concept of sublayer S. Specifically,
each layer [ consists of k sublayers an, each comprising uni-
taries U, (x) and U (9). Here, U;, (x) is employed to encode
a contiguous sub-sequence of features of x, while U (9) rep-
resents the parametrized ansatz. Figure 5 shows an example
of a sublayer considering a 4-qubit circuit and a hardware-
efficient [27] parametrized ansatz.

5 Performance evaluation

In this section, we assess Nav-Q using the CARLA-CTS
benchmark, a widely recognized virtual environment for
evaluating the performance of DRL models in the context
of self-driving cars. Additionally, we compare the results
of Nav-Q with those of its classical baseline, NavA2C,
which relies solely on conventional computational resources.
Finally, we train Nav-Q on a simulated noisy quantum sys-
tem with the parameter-shift rule to estimate the expected
performance on real quantum hardware.

5.1 Experimental settings

Environment

For comparative experimental evaluation of CFN methods of
self-driving cars in critical traffic scenarios, we use the virtual
CARLA-CTS benchmark [5], an extension of OpenDS-CTS
[4] for the driving simulator CARLA [28]. This benchmark
contains about 30,000 scenes of 12 scenarios mainly based
on the GIDAS [29] study of road accidents with pedestri-
ans in Germany and simulated in CARLA on a test drive
of about 100ms. In Fig. 6, the blue boxes with solid arrows
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Fig. 4 Example of a quantum circuit implementing the QIDEP strat-
egy to encode a 24-dimensional vector using 4 qubits and 3 layers. The
quantum circuit is segmented into layers (gray boxes Uy, Uz, U3), each
containing identical quantum gates but with varying trainable parame-
ters in each ansatz. In particular, each layer consists of sublayers S/,

enclosed by the red dashed line (detailed description provided in Fig. 5).
Notice that the additional classical fully connected layer connected to
the measurements of the 4 qubits is not part of the specific QIDEP
design but rather a component of the Nav-Q architecture

he = [z}, 2% = [21, 29, 23, ... Zo4]
e T
I Uin(z?) R I Uin(=?) ( N |
v EEEE R = S
| |
7 U I | U _:_I | U(93) : Us e
1
U HERE T TERE T T e
o1 mEEEE ] RS
e reey )

Fig.5 Graphical representation of the sublayer concept in QIDEP, com-
prising U;,, (x) and U (6). The quantum gates of U;,, (x) for dataencoding
are illustrated in green, while the ansatz U (@) with trainable parame-
ters is depicted in blue. In this example, the U (@) structure adopts a
hardware-efficient architecture, consisting of parameterized Ry and R,

1 3 -

Fig. 6 Accident scenarios on the basis of GIDAS [29] study. The
autonomous vehicle is represented by the solid lines, stationary objects
that block its view are represented by the red squares, and pedestrian

gates, followed by a daisy chain of CZ gates. On the other hand, the
quantum gates of Uj, align with those proposed in the classical data
reuploading technique [11] consisting of a sequence of the three Pauli
rotation gates, whose parameters are non-trainable and depend on the
input feature x

Legend:
< - - Pedestrian

- Car
I Obstacle

movement is represented by the dotted lines. Scenario id is represented
by the numbers at the bottom of each scenario
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denote autonomous car movements, the red boxes with solid
arrows denote static or dynamic obstacles such as parking
or incoming cars, and the dotted arrows denote pedestrian
movement.

Since Nav-Q is trained using quantum simulations, the
training time is considerably high; thus, to to reduce the
complexity of the tested environment, we adopt training
scenarios 1, 3, 4, 5, 6, and 8 and test our model on all
scenarios from 1 to 8. A scene is represented by a 6-
tuple (scenario, pg s pgoal, Ogarts P C), where scenario €
Scenarios correspond to the scenario being simulated in the
scene, p« € R denotes the starting position of the car,
Odart € R? represents the starting orientation of the car,
p; val € RR? indicates the goal position of the car, P is the
set of pedestrians in the environment and C is the set of cars
in the environment apart from the autonomous car c¢. Each
scene is essentially an instantiation of a particular scenario
with a specific configuration for pedestrian spawn point and
pedestrian speed. For training, we consider pedestrian speed
in the range of 0.6 — 2.0 m/s with a step size of 0.1 and
pedestrian distance from 0 to 40 m with a step size of 1. For
testing, we consider pedestrian speed in the 0.25 — 2.85 m/s
range and pedestrian distance in the 4.75 — 49.25 m range.
As a result, there were 3690 scenes in the training set and
9936 scenes in the test set.

Classical baseline

In this study, we evaluate the performance of Nav-Q in com-
parison to its classical counterpart, NavA2C, which draws
inspiration from A2C-CADRL-p [5] (Sect. 3.3). Notably, we
introduce several enhancements that aim to improve its per-
formance compared to earlier iterations.

One key modification involves the incorporation of layer
normalization [30] into the neural network architecture of
the feature encoder (Evy ), actor (my), and critic (V). This
addition was absent in the original A2C-CADRL-p model
[5]. The inclusion of layer normalization is intended to pro-
mote more stable and expedited training. Furthermore, in
the initial version of A2C-CADRL-p, the LSTM produced
a 256-dimensional vector (h; € R?). Given the challenges
of encoding such high-dimensional vectors into a quantum
state, we made adjustments to Ey and LSTM to produce a
32-dimensional vector instead. Additionally, we fine-tuned
the reward function to facilitate more consistent and stable
learning (see Sect. 3.3).

Since the critic is the main difference between classical
and quantum architectures, we fine-tuned the number of hid-
den neurons in the classical architecture, directly impacting
the number of parameters (see Appendix C for results).

Itis worth noting that, in the realm of CFN for self-driving
cars, our study is pioneering in its investigation of hybrid
quantum-classical reinforcement learning algorithms. As a
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result, there are no quantum baselines to compare with, as
we are the first to delve into this domain.

Implementation

To implement the parameterized quantum circuit in the critic
of Nav-Q, we conducted experiments using 1, 2, 4, and 6
qubits, varying the number of layers from 1 to 3 to find the
best configuration (see Appendix B for more details). We
followed a similar approach to find the best classical critic
(Appendix C). Once the best quantum and classical models
were identified, we trained Nav-Q and NavA2C for 10,000
episodes to assess the performance in terms of training policy
of both approaches. To evaluate convergence rate and training
stability, we run five different weight initializations of the
overall architecture, training for up to 5000 episodes and
analyzing the average training behavior.

For both NavA2C and Nav-Q, gradients were computed
after each episode, and the network weights were updated
using the Adam optimizer with a learning rate of 0.0005.
Each episode had a maximum duration of 500 time steps
and ended prematurely if the car reached its goal or collided
with any obstacle. Given the challenge of encoding high-
dimensional classical data into a quantum state, we set the
output of the LSTM layer for both Nav-Q and NavA2C to
produce h; € R32, which was initially a 256-dimensional
vector in A2C-CADRL-p [5] (the inspiration for NavA2C).

In the case of Nav-Q, we utilized the “default.qubit” device
of PennyLane for quantum simulation and employed back-
propagation with gradient descent to update the weights of
the entire model.

It is important to note that using backpropagation for
training quantum circuits would not be feasible on quan-
tum hardware [31, 32]. To estimate the performance as
if we had a real quantum device, we also trained Nav-Q
using the parameter-shift rule [31], an alternative method
to compute partial derivatives of quantum expectation val-
ues with respect to gate parameters on quantum hardware.
However, gradient calculation using the parameter-shift rule
is computationally expensive because it requires two circuit
evaluations per parameter—one with a positive shift and one
with a negative shift—to compute the partial derivative. Due
to the extensive computational time required on quantum
simulators, we simplified the problem by reducing complex-
ity: we decreased the LSTM output dimension from &, € R3?
to h; € R® and used a PQC with only 2 qubits and 1 layer.
Additionally, we limited the training to 2500 episodes on the
initial scenario of the CARLA-CTS1.0 benchmark. Although
this configuration is suboptimal, it allows us to investigate
how Nav-Q would perform in the presence of noise in a sce-
nario where a real quantum device is used.

Finally, we also trained and tested the aforementioned sim-
plified version of Nav-Q under two simulated noise models,



Quantum Machine Intelligence (2025) 7:19

Page110f20 19

quantum gate error [33] and depolarising error [34]. To simu-
late quantum gate error, we add uniform random noise to the
parameters of rotation gates such that 0 <— 6 4+0.01 x 6 x §,
where § ~ Uniform(0, 1). This kind of error arises due to
imperfection in the realization of rotation gates on quantum
hardware. Depolarising error represents a random error in
between each operation on a qubit. These errors are injected
in the form of bit-flips (x error), phase-flips (z error), or both
at the same time (y error). We use the in-built library of Pen-
nylane [18] to simulate this error.

Metrics
To assess the performance Nav-Q with the classical baselines,
we define three categories of metrics:

Trainability: This aspect refers to the capacity of an RL
model to be effectively trained to perform a specific task
or acquire a particular behavior within the environment.
A conventional method for evaluating trainability involves
analyzing the Return vs. Episodes curve, illustrating the
smoothed cumulative reward (i.e., return) as the number of
episodes increases. The smoothing procedure is carried out
using Polyak-Ruppert averaging with weight set to 0.995
(Appendix E). Furthermore, we calculate several descriptive
statistics of the area under the curve (AUC) [8, 9] to assess
the stability and convergence rate of different architectures
across various initializations.

Driving policy: The performance in terms of driving pol-
icy is measured using the following metrics: (a) the overall
safety index (SI) defined as the total number of scenarios in
which the method is below given percentages of crashes and
near misses and (b) the crash and near-miss rates (%) and
time to goal (TTG) in seconds [5].

i
| —— NavA2C
f —— Nav-Q

0 1000 2000 3000 4000 5000

Episodes

(a) Return Distribution with Mean and Stan-
dard Deviation. The thick solid line represents the
mean, the colored shaded area represents the stan-
dard deviation and the thin dotted line represents
the maximum and minimum return values.

Fig. 7 Comparison of the smoothed Reward vs. Episodes curves for
Nav-Q with 4 qubits and 2 layers, and NavA2C averaged of five runs.
The red-colored plots in the graph correspond to Nav-Q while the blue
colored plots refer to NavA2C. Descriptive statistics of the AUC are pro-

Learnability: To methodologically assess the ability of
both quantum and classical models to learn complex and
diverse functions beyond the immediate problem statement,
we employ the calculation of the effective dimension [35,
36]. This complexity measure, rooted in information geom-
etry, estimates the size of the space containing all possible
functions for a particular model class, utilizing the Fisher
information matrix (FIM) as the metric. This approach, how-
ever, requires assuming that the conditional distribution of the
target variable of interest is Gaussian. Moreover, the spectral
analysis of the FIM enables the examination of the curvature
of loss surfaces, providing insights into the nature of loss
surfaces for both classical and quantum models [36]. Indeed,
the shape of the optimization landscape plays a crucial role
in understanding whether a specific model can effectively
find a suitable solution to the problem (the definition and
algorithm for calculating the FIM and the ED are detailed in
Appendix A).

5.2 Results

Trainability

The selection of the best architecture for both quantum and
classical models is described in Appendices C, B. Thus,
we compared the results of the best configuration of Nav-
Q and NavA2C to assess the convergence rate and training
stability. Summary of the results for five different training
sessions, each with distinct initialization weights are shown
in Fig. 7 (individual results in Appendix D). This experi-
ment evaluates two critical aspects: the average convergence
rate (performance improvement as the number of episodes

‘ — NavA2C
? — Nav-Q

0 1000 2000 3000 4000 5000

Episodes

(b) Return Distribution with Median and
Interquartile Range. The thick solid line repre-
sents the median, the colored shaded area represents
the IQR and the thin dotted line represents the max-
imum and minimum return values.

vided in Table 2. In some cases, the mean =+ standard deviation exceeds
the maximum or falls below the minimum due to the asymmetry of the
distribution of the return values at a given episode
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Table2 Summary statistics of the AUC (mean, median, standard deviation, and interquartile range) over 5 runs comparing Nav-Q (quantum) and
NavA2C (classical) models. Smoothed return curves are shown in brackets, and unsmoothed values are presented without brackets

Method Mean Median Standard deviation Interquartile range (IQR)
Nav-Q 550.83 (448.98) 558.14 (466.74) 561.09 (484.03) 20.02 (44.84)
NavA2C 461.19 (359.75) 515.16 (384.90) 593.70 (536.47) 230.42 (220.04)

increases) and stability (sensitivity of the two models to dif-
ferent weight initializations in the neural networks).

The trend of the curves remains consistent for both
quantum and classical models, suggesting similar overall
performance in terms of driving policy, as evidenced by the
resemblance in average rewards between the two approaches.

To evaluate convergence and stability quantitatively,
we calculate the mean, median, standard deviation, and
interquartile range (IQR) of the AUC of the Return vs.
Episode curve across the five runs. A higher mean and median
AUC suggest better convergence, while a lower standard
deviation and IQR indicate enhanced stability (Table 2).

Nav-Q reports a slightly higher mean and median AUC
than NavA2C. Upon examining variability measures such
as the standard deviation and the IQR, Nav-Q demonstrates
lower variability compared to NavA2C. While these results
are based on only five runs and may not be generalizable,
they suggest that the quantum model exhibits a higher con-
vergence rate and greater stability compared to its classical
counterpart.

Driving policy
We trained the models that achieve high convergence after
5000 (though results are very similar) episodes for Nav-Q and
NavA2C till 10, 000 episodes and evaluated the performance
in terms of driving policy. Results are shown in Table 3.
Both approaches seemed to have learned a similar pol-
icy. Nav-Q has a slightly lesser mean time to goal compared
to NavA2C, which implies that the model trained using a
quantum critic reaches the goal faster compared to the fully
classical approach. When looking at collisions (crashes and
near misses), the classical approach slightly outperforms
Nav-Q, providing a lower percentage for crashes and near
misses. Still, the results provided by the two models are
consistent with other state-of-the-art approaches tested on
similar data [5]. However, the SI—defined in the range [1, 8]
that quantifies the total number of scenarios in which the
agent exhibits the number of crashes and near misses below

20%—is the same. In general, the differences in terms of driv-
ing policy seem to be not very significant when comparing
Nav-Q with NavA2C. This implies that the advantages pro-
vided by Nav-Q in terms of convergence rate and stability
come without affecting the performance when considering
the behavior of the car during the test phase.

Finally, the last column of Table 3 reports the number of
days required to train the two models. As observed, while the
quantum-supported architecture reduces complexity in terms
of the number of parameters, the training times are notably
longer. This suggests that the current optimization strategy,
which includes the forward pass-requiring the simulation of
the full quantum circuit after each update-and standard back-
propagation, which is usually well-suited for classical neural
networks, might require custom amendments to perform opti-
mally when dealing with quantum-supported solutions on
real-world data. Nevertheless, training times are not a good
metric for comparing classical and quantum models when
using quantum simulation, which is intrinsically hard for
classical computation. Instead, to make a fair comparison,
which is also consistent with standard approaches in classi-
cal RL, Return vs. Episodes curve is used.

Learnability
The normalized effective dimension (ED) [36], denoted by

dyn = dfT‘", provides the proportion of active parameters
relative to the total number of parameters in the model. A high
normalized effective dimension suggests that the model is
utilizing a substantial portion of the model space, with many
parameters actively involved in fitting the data. Conversely, a
low effective dimension indicates that the model is using only
alimited part of the model space, with a smaller proportion of
parameters actively contributing to the model’s performance.
Results comparing Nav-Q and NavA2C in terms of ED are
shown in Table 4.

We observed that d,, of Nav-Q is 10 times higher than
NavAZ2C. This implies that the quantum critic has potentially
a greater capacity to model complex functions compared to

Table 3 Comparison of driving policy of NavA2C and Nav-Q with 4 qubits and 2 layers after 10,000 episodes of training

Method #Parameters Time to goal (s) Crashes (%) Near misses (%) Safety index (SI) Mean return Training time (days)
Nav-Q 53 11.74 13.23 23.62 3 0.10 10.87
NavA2C 2305 11.77 12.47 22.39 3 0.12 27

The reported number of parameters (#parameters) includes only those implemented for the critic, which is the only difference between the classical
and quantum architectures. The parameters shared by both approaches are as follows: feature encoder (2,828,576), LSTM (8960), and actor (2435)
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Table 4 Comparison of all the : - — 4
configurations tested for Nav-Q Method #Qubits #Layers #Parameters ED (dy.») Normalized ED d, ,, = =5+
and NavA2C in terms of the

number of parameters, and the Nav-Q 4 2 53 10.79 020

effective dimension NavA2C NA NA 2305 56.65 0.02

Notice that the reported number of parameters includes only those implemented for the critic, which is the
only difference between the classical and quantum architectures. The trainable parameters shared by both
approaches are as follows: feature encoder (2,828,576), LSTM (8960), and actor (2205)

the classical critic. Understanding the capacity of a quan-
tum model can be advantageous as it provides insight into
the model’s capability to learn patterns even before training,
which is a resource-intensive task.

In addition, we analyze the eigenspectrum of the FIM to
gain insights on the shape of the optimization landscape.
Figure 8 shows the eigenvalue distribution of FIM obtained
for the critics of Nav-Q and NavA2C.

We arrange the eigenvalues in descending order and plot
the top 50 eigenvalues for both cases. In the case of NavA2C,
a few exceptionally high eigenvalues are observed, with the
majority clustering near zero. This suggests that the loss cur-
vature is steep along the eigenvector corresponding to the
highest eigenvalue. Given that most eigenvalues are close to
zero, we can infer that the loss surface is primarily flat, featur-
ing minor ridges and valleys. For Nav-Q, similar to NavA2C,
a single prominent eigenvalue is noticeable, with the majority
of the eigenvalues clustered close to zero. This phenomenon
results in extremely small gradients, thereby slowing down
optimization via gradient descent. This issue resembles the
vanishing and exploding gradient problem encountered in
classical neural networks. This observation diverges from
the findings in [36], where it is claimed that the eigenvalues
in the case of PQCs should be more evenly spread. We spec-
ulate that the anomaly may be attributed to the benchmark
design. However, we acknowledge that further investigation
is required to fully understand this aspect.

Simulated noisy environment and parameter-shift rule

All the previously described experiments utilized classical
backpropagation for optimizing the parameters in Nav-Q.
However, this approach is only feasible when using quantum

simulation and would be impractical when dealing with
real quantum devices. Furthermore, real near-term quan-
tum devices are affected by noise which introduces errors
and limits the coherence of quantum states, impacting the
accuracy and reliability of quantum computations. To assess
these two aspects, we conducted training procedures using
the parameter-shift rule and introducing noise on a reduced
version of Nav-Q (h, € R®), with a PQC that has only 2
qubits and 1 layer, and trained on the first scenario of the
CARLA-CTS 1.0 benchmark for 2500 episodes.

Figure 9 compares the different approaches using the
Return vs. Episodes and Entropy vs. Episodes curves of
NavA2C and Nav-Q.

Nav-Q trained using backpropagation and NavA2C exhibit
similar performance, consistent with previous experiments.
However, when training Nav-Q using the parameter-shift
rule, the convergence rate is considerably slower than with
backpropagation. In this regard, the entropy curve indicates
that the parameter-shift rule is causing the problem of over-
shooting due to a large step size, as the entropy curve keeps
oscillating around the value of 0.4.

When introducing noise, we observe a deterioration in
the stability of learning. The convergence rate of Nav-Q
trained with the parameter-shift rule and introducing noise
is almost the same as without noise in the initial part of the
training. However, the problem of overshooting for the noisy
model becomes even more pronounced, as evident from its
entropy curve. Therefore, we can conclude that, although
the parameter-shift rule enables precise calculation of the
gradient at each iteration on a methodological level, the
performance remains below that of using backpropagation.

Fig.8 Eigenvalue distribution NavA2C Nav-Q
of Fisher information matrix for % -
the critic of NavA2C (right) and
Nav-Q (left) w© w©
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Fig. 9 Training performance is evaluated using the Rewards vs
Episodes curve (left) and the Entropy vs Episodes curve (right), with
each curve representing results from a single run for each configuration.
Both graphs display results for four different approaches: NavA2C as
the classical baseline, and two variants of Nav-Q depending on the opti-

This could be attributed to the need to set the magnitude of
the gradient shift at each step in advance. Additionally, as
expected, introducing quantum noise leads to a deterioration
in performance in terms of both stability and convergence
rate. Nevertheless, from the Entropy vs. Episodes curve, we
observe that due to noise, the RL agent exhibits a higher
exploratory nature since the value of entropy keeps oscillat-
ing even after a high number of episodes.

6 Discussion and conclusion

In this work, we introduced Nav-Q, the first quantum-
supported deep reinforcement learning approach designed
to address the challenge of collision-free navigation for self-
driving cars. Nav-Q is built on an actor-critic algorithm to
effectively learn an optimal policy for controlling the speed
of self-driving cars. The critic is a hybrid quantum-classical
algorithm constructed using an innovative technique named
Qubit Independent Data Encoding and Processing (QIDEP),
allowing the quantum embedding of high-dimensional classi-
cal data without being constrained by the number of qubits.
Consequently, QIDEP provides the flexibility to adapt the
number of qubits to suit specific quantum circuit require-
ments. Moreover, Nav-Q represents a valid alternative to
existing classical algorithms, as its architecture design does
not require a quantum processing unit at test time, enhancing
its usability for real-world applications.

To the best of our knowledge, Nav-Q is the first proposal
of its kind, introducing a quantum component designed to
enhance training performance without requiring a QPU dur-
ing testing. This approach can be easily adapted to address
typical problems utilizing the actor-critic model, particu-
larly those struggling with trainability and stability during
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mization strategy used-classical backpropagation or the parameter-shift
rule. Additionally, one variant of Nav-Q is trained with different noise
models integrated into the circuit simulation, using the parameter-shift
rule for gradient calculation

the training phase, and can derive benefits from quantum
machine learning models.

We trained Nav-Q using the CARLA-CTS1.0 bench-
mark [5] and systematically compared its performance with
the classical baseline, NavA2C. Regarding trainability, the
results show that, on average, Nav-Q exhibits a slightly
superior average return and better stability compared to
NavA2C. Specifically, when running both approaches with
different weight initializations, Nav-Q demonstrated a higher
mean and median AUC of the Return vs Episodes curves
than NavA2C, along with a lower standard deviation and
interquartile range, which suggests better stability. Consid-
ering the two models when trained for 10, 000 episodes, we
evaluated their performance in terms of the driving policy of
the car. In this regard, Nav-Q and NavA2C showed similar
performance, with Nav-Q tending to achieve the final goal
faster, while NavA2C was slightly better in terms of collision
avoidance.

In terms of learnability, Nav-Q exhibited superior perfor-
mance when considering the effective dimension and showed
similar behavior when examining the distribution of eigen-
values of the Fisher Information Matrix. In this context, the
quantum model appears to be significantly impacted by the
barren plateau problem, making the optimization procedure
challenging in finding a suitable local minima.

However, these results only hold for the specific experi-
mental setting considered and cannot be generalized. Still,
they provide a good starting point for testing quantum mod-
els for real-world classical applications. Future works should
explore a broader range of settings and optimization strate-
gies to better understand the potential and limitations of
quantum models in various practical scenarios.

Finally, we conducted smaller-scale training experiments
with a 2-qubit, 1-layer Nav-Q using a suitable optimization
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procedure for real quantum hardware, known as the paramet-
er-shift rule. We investigated the impact of noise using
two distinct noise models: the Quantum Gate Error [33]
and Depolarising Error [34]. The comparison of the result-
ing Return vs. Episodes curves clearly illustrates that the
trainability of Nav-Q was adversely affected by the com-
bination of the parameter-shift rule and noise, highlighting
the challenges posed by these factors on near-term quantum
hardware.

For this reason, a primary challenge to address in the near
future is overcoming the issue of barren plateaus. Various
approaches can be considered, including different parameter
initialization techniques [37], layerwise learning [38], and
parameter correlations [39]. Another interesting direction is
to design a quantum PPO architecture based on the principles
of Nav-Q. In this case, it will be possible to leverage the
efficiency of PPO in terms of more stable learning and faster
convergence rate, while facilitating the training procedure
through quantum computation.

Furthermore, a promising avenue involves extending the
application of the Nav-Q architecture to diverse problems
beyond the CFEN of self-driving cars. The Nav-Q algorithm
can be applied to problems requiring an RL agent challenging
to train using classical neural networks alone. As observed,
even a relatively small quantum circuit possesses greater
descriptive power than a large neural network. Identifying
specific applications where training can be accelerated using
quantum computation is crucial for both reinforcement learn-
ing and quantum computing.

Appendix A: Fisher information matrix

In this section, we define and describe how to empirically cal-
culate the Fisher information matrix (FIM) and the effective
dimension (ED).

Definition 5 (Fisher information matrix) For a dataset D =
{(x;, yi)}lNzl and a model with parameters 0, where y; is a
continuous target variable, the Fisher information matrix (F)
is given by the following:

E dlog p(yIx; 0)\ (0log p(yIx; 6)
Fij =Ly~ 36; 30, :

(A1)

For continuous target variables, a common choice for the
conditional distribution is Gaussian, leading to the following
likelihood function:

_ . 2
S f(x,é’))>, (A2)

1
(y|x; 0) = ex <
POyl \/EO' P 262

where f(x; 0) is the continuous function and o is the stan-
dard deviation of the Gaussian noise.

When we take the logarithm of the likelihood function
and ignore constant terms, we arrive at the negative mean
squared error (MSE) loss [40]:

log p(y|x; 6) o —i(y — f(x;6)* o« —MSE.

e (A3)

This implies that optimizing the model’s parameters to
maximize the log-likelihood is equivalent to minimizing the
MSE loss, up to a constant factor.

As a result, the derivatives of the log-likelihood with
respect to the model parameters are proportional to the
derivatives of the MSE loss, leading to the equivalence in
their gradients:

dlog p(y|x; 0) ~ OMSE
26, 26;

(A4)

Thus, the Fisher information matrix derived from the log-
likelihood can also be interpreted in terms of the derivatives
of the MSE loss, facilitating the analysis of the curvature of
the loss surface using the FIM framework.

The first step to calculate the effective dimension is calcu-
lating the Fisher information matrix (FIM) (see Definition 5).

Algorithm 1 Calculate fisher information matrix.

Require: Number of episodes N € R*, Number of steps per episode
Tmax € RT, Costmap of the environment (see Definition 3.1)

1: function CALCULATEFIM(0, ¥/)

2:  Input: pre-trained weights for Actor 7y, Feature Encoder Ey,
and Critic Vi

3:  Output: Fisher Information Matrix F € RN *dxd

4: fore < 1toN do

5: ¢ <~ RandomUni formDistribution(min =
—0.5, max = 0.5) > Random initialisation of weights of Vs

6: t <1

7. while ¢ < Tax A —~goal A —accident do

8: path; ~ AnytimeWeightedHybridAStar(p, , Pegoa » COStMAp)

9: Steering angle «; associated with path,

10: accy, Vi < RL_Model(o;) > V; = Value at state s;

11: a; < (o, accy)

12: 041 < Carla_step(a;)

13: R;+1 < Reward(s;+1, a;)

14: t<—t+1

15: end while

16: Get set of transitions {(o¢, ar, Vi, Ri41, 01+1)} for episode e

17: Calculate discounted returns, G, for each timestep using tran-
sitions for episode e > (See
Definition 3)

18: L.(t)y=MSE_Loss(G,V) > L, € Rlnax

19: Ap.(t) = CalculateGradients(Le, ¢) © Ag, € RImaxxd

20: Fo(t) = Ade @ Agpe > F, € RTmaxrxdxd

21: Fo=qg—- Jlme Foydr > F, € RIxd

22:  end for

23:  return F > F € RVxdxd

24: end function

@ Springer



19 Page 16 0of 20

Quantum Machine Intelligence (2025) 7:19

Algorithm 1 highlights the algorithm to calculate the FIM.
For a fair comparison of the two approaches, we fix the
weights of the actor my and feature encoder Ey while cal-
culating the F for critics of NavA2C and Nav-Q. We chose
N = 50 and T, = 50 in this work.

Next, we calculate the effective dimension (d, ;) (see
Definition 6). We take y = 1 and number of data samples (1)
corresponds to the sequence length of each trajectory (50).
The integral of the parameter space of the critic is estimated
to be equal to 1 as all the parameters vary between —0.5 and
0.5.

Definition 6 (Effective dimension (ED)) The effective dimen-
sion of a statistical model Mg = {p(-,-;60) : 0 € O}
concerning a parameter space © C [—0.5,0.5]? of dimen-
sion d, a constant y € (0, 1], and a positive integer n > 1
representing the number of data samples, is defined as fol-
lows:

log (v% Joo Jder(t + #’;Wﬁ(e))de)

yn
lOg( 27 log(n) )

dy,n(M@)) =

wheren > 1 € Nisthe number of data samples, Vg = f® de

is the parameter space volume, and F (0) is the normalized
FIM defined as follows:

and Fi;(0) (See Definition 5) is the Fisher information matrix
calculated for the critic of Nav-Q and NavA2C using Algo-
rithm 1.

Appendix B: Best Nav-Q critic architecture

To choose the optimal architecture for Nav-Q and compare
it with the classical baseline, we ran various configurations
of the PQC for the critic, varying the number of qubits (1, 2,
4, and 6) and layers (1, 2, 3), and assessed the convergence
rate and stability in terms of the Return vs. Episode curve.
Results are shown in Fig. 10.

We observe that, in almost all cases, the model converges
after 10,000 episodes, yielding comparable final return value,
despite having varying numbers of parameters. This aligns
with a well-known observation in the classical domain: an
increase in the model’s complexity does not necessarily guar-
antee a performance improvement. However, when using a
critic with 1, 2, or 6 qubits, the training performance becomes
unstable, with a sudden drop in cumulative reward (return)
requiring hundreds of episodes to recover an increasing trend.
This instability is not observed with a 4-qubit circuit using
one or two layers.

In addition, we present a comparison of training times in
terms of the number of days and the number of parameters
for various configurations of Nav-Q (Table 5). The train-

Foio) =d Vo Fi0) ing times show an increasing trend in the number of qubits
) o Ir(F(0))do & and layers, posing a significant challenge and extending to
Fig. 10 Return vs. Episodes 02 02
smoothed curves of Nav-Q with o o
1, 2, 4, 6 qubits (¢), each with a ' '
different number of layers (/). 0.0 0.0
Each line represents a single run
g -0.1 g 01
2 -0.2 @ -0.2
-0.3 -0.3
—0.4 — g=1l=1 0.4 — g=2)=1
: — q=11=2 : — g=2|=2
— g=1I=3 — g=2,I=3
-0.5 T T T T T T -0.5 T T T T T
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
Episodes Episodes
0.2 0.2
0.1 0.1
0.0 1 0.0
-0.1 -0.1
£ £
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Table 5 Training times and number of parameters for different critic
architectures of Nav-Q

Method #qubits #Layers #Parameters (d) Training time (days)
Nav-Q 1 1 24 5.78
2 46 7.66
3 68 10.50
2 1 27 8.36
2 51 9.64
3 75 11.04
4 1 29 6.8
2 53 10.87
3 71 14.64
6 1 31 8.14
55 11.74
3 79 18.46

several days for each model. Nevertheless, when address-
ing real-world problems, such as the CFN benchmarked on
standard classical data, testing a quantum-supported model
remains feasible, albeit challenging. Considering the results
of the 4-qubit architecture with 1 and 2 layers, we conducted
an analysis using five different weight initializations. The
results, encompassing mean, standard deviation, and range
(max/min) are shown in Fig. 11.

Despite the similarity in average performance in terms
of return for both architectures, we observe that the 1-layer
model exhibits less stability compared to its 2-layer coun-
terpart. Given that stability, along with average reward, is

Return

— 1 layer
— 2 layer

0 1000 2000 3000 4000 5000
Episodes

Fig. 11 Comparison of Return vs. Episodes graph of two different 4-
qubit Nav-Q architectures with 1 and 2 layers, respectively, executed for
five different parameters initialization. Notice that, the reported num-
ber of parameters (d) includes only those implemented for the critic,
which is the only difference between the classical and quantum architec-
tures. The parameters shared by both approaches are as follows: feature
encoder (2,828,576), LSTM (8960), and actor (2205)

a crucial factor in analyzing reinforcement learning perfor-
mance, we choose as a final architecture for the Nav-Q critic
using 4 qubits and 2 layers as the best model.

Appendix C: Best NavA2C critic architecture

In this section, we explore different architectures for the
classical critic component within NavA2C. The other com-
ponents of the NavA2C architecture (Sect. 5.1), including
the feature encoder (2,828,576 parameters), LSTM (8960
parameters), and actor (2435 parameters), are adapted from
existing works [5].

We tested three different critic architectures to determine
the impact of parameter count on performance. The first critic
architecture had approximately the same number of parame-
ters as the quantum critic, consisting of 33 parameters. Given
the limited performance in terms of convergence and sta-
bility of the Return vs Episode, a second critic with 1039
parameters has been trained. Finally, the third model had
2305 parameters. Results are shown in Fig. 12.

Our observations indicate that the first two configurations,
with fewer parameters, exhibited poor behavior and stability
in their learning curves. Only the critic architecture with 2305
parameters demonstrated good training behavior, reflected in
a stable and steadily improving return.

Appendix D: Individual runs—Nav-Q
vs NavA2C

Figure 13 illustrates the performance of two models—
NavA2C (classical) and Nav-Q (quantum)—over five dif-

0.2 1
0.0 -
E
2
g —0.2 -
_04 -
—— NavA2C (p=2305)
—— NavA2C (p=33)
—— NavA2C (p=1039)

0 1000 2000 3000 4000 5000
Episodes

Fig.12 The plot shows the performance of different critic architectures
within the NavA2C framework. The thick lines represent the average
return over five different initializations for each model. The shaded
areas correspond to the mean plus the standard deviation, while the
dotted lines indicate the maximum and minimum returns observed
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Fig. 13 Comparison of return curves across five different runs for the classical (NavA2C) and quantum (Nav-Q) models. Both models demonstrate
similar performance trends, with the return improving and stabilizing throughout 5000 episodes
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ferent runs. The return curve for both models shows similar
behavior across the runs, with the return gradually improving
as the number of episodes increases. Although the quan-
tum model (Nav-Q) tends to exhibit a slightly faster rise in
three out of five cases, the overall trend across both mod-
els converges to comparable performance. The shaded areas
represent unsmoothed values indicating some degree of fluc-
tuation.

Appendix E: Smoothing procedure

In order to detect the underlying performance of an RL
method by looking at the return curve by reducing noise and
volatility, a standard approach is used to smoothen the raw
data points.

Algorithm 2 Polyak-Ruppert Averaging.

Require: Time series data {x{, x2, ..., x5}

Require: Smoothing factor « where 0 < o < 1

1: Initialize smoothed value s = x|

2: fort =2to N do

3:  Update smoothed value: s, = o - 5,1 + (1 — @) - x;
4: end for

Algorithm 2 shows the procedure Polyak-Ruppert aver-
aging [41] applied to a time series representing the return
versus episode curve. The algorithm iteratively smooths the
return values, aiming to reduce variance and highlight trends
in the learning performance over episodes. In the experi-
ments presented in this paper, the smoothing factor « is set
t0 0.995, providing a high degree of smoothing to emphasize
long-term trends.
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