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Abstract—Robots are increasingly becoming part of our daily
lives, interacting with both the environment and humans to
perform their tasks. The software of such robots often undergoes
upgrades, for example, to add new functionalities, fix bugs, or
delete obsolete functionalities. As a result, regression testing
of robot software becomes necessary. However, determining
the expected correct behavior of robots (i.e., a test oracle) is
challenging due to the potentially unknown environments in
which the robots must operate. To address this challenge, machine
learning (ML)-based test oracles present a viable solution. This
paper reports on the development of a test oracle to support
regression testing of autonomous mobile robots built by PAL
Robotics (Spain), using quantum machine learning (QML), which
enables faster training and the construction of more precise test
oracles. Specifically, we propose a hybrid framework, QuReBot,
that combines both quantum reservoir computing (QRC) and
a simple neural network, inspired by residual connection, to
predict the expected behavior of a robot. Results show that QRC
alone fails to converge in our case, yielding high prediction error.
In contrast, QuReBot converges and achieves 15% reduction
of prediction error compared to the classical neural network
baseline. Finally, we further examine QuReBot under different
configurations and offer practical guidance on optimal settings
to support future robot software testing.

Index Terms—Autonomous Mobile Robots, regression testing,
ML-based test oracle, quantum machine learning.

I. INTRODUCTION

PAL Robotics [1] is a European company developing robots
to improve daily life and solve practical problems. Their
robots support domestic and industrial tasks using self- and
environmental awareness for safe autonomous navigation with
built-in path planners. This paper focuses on Autonomous
Mobile Robots (AMRs), which are widely deployed in service
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environments such as offices, where they operate in coop-
eration with humans. During navigation with data collected
from onboard sensors, AMRs frequently interact with the
environment, including humans and other objects; this can
result in failures if AMRs are not thoroughly tested.

As with other software systems, robot software continuously
evolves through updates and enhancements to improve per-
formance. These changes require regression testing to ensure
that existing, updated, and newly introduced functions all
operate correctly. However, the oracle problem remains a
challenge in regression testing, as obtaining ground truth is
often difficult [2], [3], [4]. In some cases, it can even be
very costly or even impossible, especially when additional
equipment and complex setup are required [5]. In addition,
simulating robots to build ground truth costs substantial time
and resources. To this end, machine learning (ML)-based test
oracles have been employed in the literature [6], [3], [4] as a
viable solution to learn expected behavior from historical data
and predict correct expected behavior during testing.

This work develops an ML-based test oracle to support
AMR regression testing. It specifically targets the navigation
software that enables AMRs to follow an optimal path to their
destination while avoiding collisions with humans or other
obstacles. Traditional ML models require training on substan-
tial amount of data, so necessitating significant computational
resources. In contrast, reservoir computing is a computational
framework that uses the natural dynamics of randomly con-
nected neural networks to process information, with its main
advantage being minimal training requirements [7]. The neural
networks used in reservoir computing are typically recurrent
neural networks (RNNs), which are well-suited for capturing
temporal dependencies in sequential data [8].

Recent progress in quantum computing (QC) has triggered
interest in quantum reservoir computing (QRC) [9], which
replaces the RNN-based reservoir with a QC system. By com-
bining QC’s computational power with the minimal training
capability of reservoir computing, QRC offers the potential
for highly efficient data processing. In QC, classical data is
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mapped into high-dimensional Hilbert spaces, enabling the
model to better capture temporal patterns and make accurate
predictions, which, in our context, means a more accurate test
oracle learned with minimal training.

Thus, in this work, we propose a QRC-based model as a test
oracle for the navigation software of AMRs developed by PAL
robotics. Specifically, we train this model to perform next state
prediction of the AMRs based on a sequence of historical robot
states. The model is trained on data from a stable software
version and later used to test the behavior of updated versions,
ensuring existing functionality remains unaffected.

Although QRC has shown promise in various domains, such
as trajectory prediction, quantum chemistry, and gene regula-
tory networks [10], [11], [12], [13], [14], [15], most existing
QRC approaches are still limited to handling univariate time
series data. In contrast, multivariate time series data (e.g.,
AMR state data), despite extensively-studied in traditional
ML, remains underexplored in QRC. This gap motivates us to
combine QRC with traditional ML approaches to effectively
and efficiently tackle complex multivariate time series data.

To that end, we propose a hybrid framework, QuReBot,
which is inspired by the residual connection technique in
deep learning [16]. It has been widely applied in several deep
learning algorithms, such as ResNet [17], and Transformer
architectures [18] to reduce the influence of vanishing gradient
by passing the input directly to the output layer, skipping the
intermediate layers. In our context, QuReBot uses QRC for
time series data prediction and a residual connection to link
the input to the final output layer through a relatively simple
non-linear transformation. For each input data, QuReBot
dynamically calculates a weight parameter to control the
contribution of the QRC branch and the residual connection
branch (the “shortcut”) based on its context.

We evaluate the performance of QuReBot with the AMR
developed by PAL robotics.1 Results show that QRC alone
fails to converge and results in high prediction error. QuReBot
converges successfully and achieves a 15% lower MSE com-
pared to the classical baseline. Finally, we compare QuReBot
across various configurations and provide practical recommen-
dations for optimal settings for future robot development.

II. BACKGROUND

A. Quantum Computing

The quantum computing paradigm leverages quantum me-
chanical principles to solve certain problems that are difficult
for classical computers. It performs computations using quan-
tum bits (i.e., qubits), instead of bits, to process information.
Unlike a bit, which can only be either 0 or 1, a qubit can exist
in a superposition of state |0⟩ and |1⟩ at the same time, until
it is measured and collapses into one of the basis states with
different probabilities. The quantum state (i.e., also called as
pure state) of a single qubit can be represented as

|ψ⟩ = α0 |0⟩+ α1 |1⟩ =
[
α0

α1

]
, |α0|2 + |α1|2 = 1 (1)

1All experiment results and code for replication can be found at [19].

TABLE I: Descriptions of commonly used quantum gates

Gate Description

Hardamard
(H)

Placing a qubit into an equal superposition, i.e., there is a 50%
probability of being measured in state either |0⟩ or |1⟩.

Pauli-Z (Z) Rotating a qubit around the z-axis with π radians.
Pauli-X (X) Rotating a qubit around the x-axis with π radians.
Pauli-Y (Y) Rotating a qubit around the y-axis with π radians.
RX(θ) Rotating a qubit around the x-axis with θ radians.
RY (θ) Rotating a qubit around the y-axis with θ radians.
RZ(θ) Rotating a qubit around the z-axis with θ radians.

Controlled-X
(CNOT/CX)

A two-qubit gate with a control and a target qubit. If the
control qubit is |1⟩, the target qubit rotates around the x-axis
with π radians.

Controlled-Z
(CZ)

A two-qubit gate with a control and a target qubit. If the
control qubit is |1⟩, the target qubit rotates around the z-axis
with π radians.

Two qubit
rotation gates
RXX/RYY/RZZ

A two-qubit gate rotating the two qubits around z axes
simultaneously with θ radians.

Fig. 1: Example of quantum circuit

where the probability of the qubit being |0⟩ is |α0|2 while
that of being |1⟩ is |α1|2. The quantum state of a multi-qubit
system with N qubits can be represented by

|ψ⟩ =
2N−1∑
i=0

αi |i⟩ =


α0

α1

...
α2N−1

 ,
2N−1∑
i=0

|αi|2 = 1 (2)

where |i⟩ denotes the i-th computational basis state in binary.
Another important concept in quantum computing is en-

tanglement, where two or more qubits share a single joint
quantum state and depend on each other. For example, in the
entangled two-qubit quantum state:

|ψ⟩ = 1√
2

(
|00⟩+ |11⟩

)
(3)

the system collapses into either |00⟩ and |11⟩ with equal
probability when they are measured.

Gate-based quantum computing is a widely used model to
perform computations by applying a sequence of gates (i.e.,
unitary operators) to a quantum circuit, which is composed
of several qubits. Table I shows some commonly used gates.
In a quantum circuit, each qubit is first initialized into a
classical basis state (e.g., |0⟩), then quantum gates are applied
to manipulate their quantum states (e.g., creating superposition
and entanglement) to perform the desired computation. For
example, Fig. 1 shows a two-qubit circuit, where the two
qubits are first initialized in the |00⟩ state. An H gate is applied
on the q0, placing it into superposition. Next, a CX gate
entangles the two qubits. Finally, the two qubits are measured,
causing the system to collapse into a classical basis state.
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Fig. 2: Framework of Reservoir Computing (RC)

Fig. 3: Framework of Quantum Reservoir Computing (QRC)

B. Quantum Reservoir Computing (QRC)

Classical Reservoir Computing. Reservoir Computing (RC)
is a computational framework for temporal information pro-
cessing. RC leverages a fixed, non-linear system called reser-
voir to map the input sequence into higher-dimensional spaces,
similar to neural network hidden layers. Then, a readout layer
is employed to produce the desired output sequence [8]. Unlike
neural networks where all weights are trained, RC keeps the
reservoir fixed and only trains the readout layer. Consequently,
RC is computationally more efficient and requires less data for
training compared to neural networks.

Specifically, given an input sequence {ut}M−1
t=0 , RC aims

to predict the corresponding output sequence {yt}M−1
t=0 . Fig. 2

shows the general framework of RC. To encode the temporal
information of sequences, the reservoir in RC maintains an
internal state xt, referred to as the reservoir state hereafter.
The update rule of xt at timestep t is given by

xt = f(xt−1, ut) (4)

where f is a non-linear, fixed function that represents the
temporal evolution of the reservoir state. Similar to the re-
current unit of RNN, f incorporates both information from
the previous state xt−1 and the current input ut to predict
the current state xt. Subsequently, RC maps xt to the output
space through a readout layer, which is essentially a linear
transformation defined as

ȳt =Wouth(xt) (5)

where Wout is a weight matrix trained to reduce the difference
between the predicted output ȳt and the target output yt. h is
a function that observes signals from the state xt.
Quantum Reservoir Computing. Quantum Reservoir Com-
puting (QRC) extends the classical reservoir in RC with a
quantum system as depicted in Fig. 3. Following the general
framework of RC, we inject values of input sequence {ut}M−1

t=0

at successive timesteps into the quantum circuit to calculate
corresponding internal reservoir states (i.e., quantum states
in this context), which are then used to predict the output
values through a readout layer. As discussed in Sect. II-A,
the (pure) quantum state of a quantum system with N qubits

Fig. 4: Tut
Circuit

is represented as a 2N -dimensional vector |ψ⟩. Since a QRC
system can be considered as a statistical mixture of pure states,
we represent it as a (2N × 2N )-dimensional density matrix ρ.
The time evolution of the quantum system under an input ut
is described by

ρt = Tut
(ρt−1) = e−i∆tHρ(t− 1)ei∆tH (6)

where ρt represents the internal reservoir state at time t. Tut

represents the evolution process in Fig. 4 where the input value
ut is first encoded and applied to the quantum system, which
evolves for time ∆t under the unitary operator e−iH∆t defined
by the system Hamiltonian H .2 Notably, H is configurable,
and it decides the system dynamics. During evolution, the
injected information will spread through the whole system.
The function h in Eq. 5 is implemented by measurements
on all qubits. We measure the system and calculate the
expectation values on each qubit, obtaining

h(ρt) = [⟨Z0⟩, . . . , ⟨ZN−1⟩] (7)

After getting sufficient pairs of
(
h(ρt), yt

)
, we can train a

simple linear regression model to determine the parameters of
Wout by minimizing the mean squared error between predicted
outputs ȳt and target outputs yt:

min
M∑
t=0

(ȳt − yt)
2 (8)

However, during implementation, the computational cost of
this process is considerable. First, due to the probabilistic
nature of the quantum system, multiple repetitions are nec-
essary to approximate expectation values accurately. Second,
the above framework requires measurements on all qubits
between every two timesteps to get h(ρt), which is destructive
as it causes the whole system to collapse and disrupt the
system dynamics. Consequently, the entire process must be
repeated from the beginning for each timestep. For example,
as illustrated in Fig. 5, to obtain h(ρt) at timestep t, the
system evolves from u0 to ut before measurement. Then, to
get h(ρt+1), the system is reset and evolved again from u0 to
ut+1. This restarting protocol is highly inefficient and requires
substantial resources.

To address this issue, a rewinding protocol is proposed based
on the echo state property in RC, which illustrates that, after
sufficient evolution, reservoir state becomes independent of its

2Hamiltonian defines the energy of a quantum system, and is mathemati-
cally expressed as a hermitian matrix.
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Fig. 5: Restarting Protocol

Fig. 6: Rewinding Protocol

initial state, depending only on recent inputs [20]. Accordingly,
in implementation, we introduce the washout time Two as the
timesteps necessary for RC to “forget” the initial state. Thus,
as shown in Fig. 6, instead of restarting from t0 every time,
the system only needs to reconstruct the last Two steps, which
significantly reduces the required resources.

III. INDUSTRIAL CONTEXT

PAL Robotics is a Spanish company with world-leading
expertise in developing robots for deployment in the service
industry (e.g., warehouses and retail). They support businesses
and are also actively involved in research and development
projects with research organizations in this domain. Examples
of robots built by PAL include legged robots for research
purposes, robots designed to assist in retail environments (e.g.,
for stocking goods), and Autonomous Mobile Robots (AMRs),
which are widely used in various logistics applications [1].

Although the work presented in this paper can be applied
to various types of robots produced by PAL, we here focus on
AMRs, specifically the TIAGo OMNI robot [21]. This robot
is widely used in both research and industrial settings for its
accurate navigation and advanced sensing capabilities. It is
commonly deployed in service environments such as office
spaces and hospitals, where it operates alongside humans.
Consequently, it must navigate in a way that ensures human
safety, while effectively completing its assigned tasks. The
robot employs two navigation algorithms: the first one is
designed to determine an optimal route to its destination,
while the second one focuses on detecting obstacles and
dynamically adapting the robot’s path. This adaptive behavior
is supported by real-time data from multiple onboard sensors
that continuously monitor the surrounding environment.

Like any other software system, a robot’s software evolves,
requiring regression testing to ensure that the updated soft-
ware continues to meet both its functional and non-functional
requirements. Such testing requires a test oracle to determine
whether the robot’s behavior remains correct, i.e., navigation
remains optimal and safe in our context. However, building
a test oracle is challenging, as the ground truth is often
complicated to obtain. To address this challenge, machine
learning-based test oracles are often employed [6], [3], [4],

typically trained on historical data. In line with this approach,
we investigate the use of QML to develop a test oracle that
supports the regression testing of the TIAGo OMNI robot.
Specifically, we design a hybrid framework that integrates neu-
ral networks and QRC. The quantum dynamics within QRC
enhances the neural networks’ ability to learn more precise
patterns in data compared to classical machine learning. As a
result, the hybrid model can model the navigation behavior of
the robot more precisely and accurately, thereby serving as a
precise test oracle to support regression testing.

IV. APPROACH

We introduce the overview of QuReBot. First, we describe
how we integrate QC with a classical neural network to predict
the next states of a robot based on its previous states. Second,
we elaborate on how we design the core of QuReBot, i.e.,
the quantum reservoir circuit.

A. Overview

Fig. 7 shows an overview of the training process in
QuReBot. For training, we gather navigation data during
operation from a stable release of the TIAGo OMNI robot.
As shown in Block a of Fig. 7, we consider a sequence of
t + 1 observed historical state S = {s0, s1, . . . , st}, where
each state contains features related to its position, orientation,
linear velocity, and angular velocity. Specifically, each state
consists of d features as in sj = {s(0)j , s

(1)
j , . . . , s

(d−1)
j }.

Considering the rewinding protocol illustrated in Sect. II-B,
we select features of the last T states (i.e., washout time) as
the input of our model (i.e., St = {st−T+1, st−T+2, . . . , st}).
We also define the number of future time steps to predict as
horizon K. The output of the model is the position of the robot
in the next K time steps Pt = {pt+1, pt+2, . . . , pt+K} and
pj = (p

posx
j , p

posy
j ).

QuReBot is a QRC-based approach to predict the robot’s
position in the next K states. Inspired by the success of
skip connections in deep neural networks, we adopt a similar
strategy in QuReBot to enhance prediction effectiveness.
In deep learning, skip connections typically link the input
directly to the output layer, bypassing intermediate layers. The
adoption of skip connections can potentially preserve critical
information in the input, mitigating severe context loss in deep
neural networks or complex quantum reservoirs. As shown in
Fig. 7, our approach contains two branches: the QRC branch
(i.e., Block b) and the skip connection branch (i.e., Block c).

In the QRC branch, to process the input data into quantum
circuits, we first normalize each state as ŝj = {ŝ(0)j , ŝ

(1)
j ,

. . . , ŝ
(d−1)
j } to fit the requirements of the quantum encoders.

The normalized data then undergoes time evolution within
the reservoir circuits. After measurement, we get expectation
values for each qubit, i.e., a real-valued vector defined as:

rt = FQRC (Ŝt) = {r(0)t , r
(1)
j , . . . , r

(D−1)
j } (9)

where F is the QRC process. More details in Sect. IV-B.
The skip connection branch provides a “shortcut” to bypass

the complex quantum reservoir, consisting of relatively simple
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Fig. 7: Overview of QuReBot

transformations. As depicted in Block b of Fig. 7, the normal-
ized state ŝj is consecutively fed into a linear layer and an
activation layer (ReLU), yielding a vector r′t with the same
dimension as rt. The transformation equations are as follows

r′t =Wproj · vec(Ŝt) + bproj , vec(Ŝt) ∈ RTd (10)
r′t = relu(r′t) (11)

where Wproj and bproj are weight matrices.
As shown in Block d of Fig. 7, QuReBot calculates a

weighted sum of both outputs from the QRC branch (r′t) and
(rt). Standard residual connections add r′t and rt directly,
implicitly treating both inputs equally, whereas QuReBot
dynamically adjust the influence of each branche based on the
characteristics of the input. Specifically, QuReBot computes
a scalar value α from the input Ŝt as

α =Wsw · vec(Ŝt) + bsw (12)

Then, a sigmoid function σ is applied to map the weight
into a value between 0 and 1.

α = σ(α) (13)

With α computed, QuReBot computes the weighted sum
r∗t of r′t and rt as in

r∗t = (1− α)rt + αr′t (14)

Finally, a readout layer takes r∗t as input and predicts
the target output. Specifically, the readout layer is a linear
transformation defined as

P̄t =Wout · r∗t + bout (15)

P̄t represents the predicted sequence of next K time states.
The objective of this hybrid model is to minimize the mean
squared error between the predicted output P̄t and the target

output Pt. Suppose M input-output pairs are given, the
objective is formally formulated as

minMSE =
1

M

M−1∑
t=0

(P̄t − Pt)
2 (16)

B. Quantum Reservoir Computing Implementation

In this section, we introduce the QRC process FQRC (i.e.,
Block e in Fig. 7). The first issue we need to address is to feed
the sequence of the input states Ŝt into the quantum system.
In QRC, each state is injected into the quantum circuit at con-
secutive time steps. At each time step, each normalized feature
value ŝ(j)t ∈ [0, 1] is fed to the system by setting the quantum

state of one qubit to |ψ
ŝ
(j)
t
⟩ =

√
1− ŝ

(j)
t |0⟩ +

√
ŝ
(j)
t |1⟩. To

set this quantum state, we need to apply an RY gate (see

Table I) on the j-qubit with rotation θ = 2arcsin

√
ŝ
(j)
t . As

shown in the Encoder box in Block e of Fig. 7, we select a
subset of qubits to encode the feature values. Each qubit is
encoded with one value.

Then, all qubits in the quantum system undergo time evo-
lution through an input-independent unitary operator as the
reservoir circuit, which is commonly a variational quantum
circuit. The parameters in the reservoir circuit are randomly
assigned and fixed throughout the process. Various structures
for reservoir circuits have been proposed. Due to the existing
hardware restrictions on current quantum computers, a class
of hardware-efficient [22] quantum reservoir circuits has been
proposed. These circuits are constructed from repeated layers.
Each layer includes an optional rotation layer, consisting of
single-qubit rotation gates, and an entangling layer, built from
multi-qubit gates. The number of repetitions of these layers
determines the circuit depth. In this paper, we consider the
following four quantum circuits as quantum reservoir circuits.
(1) CNOT Reservoir: It does not include a rotation layer and

contains no randomly assigned parameters. It is built only
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from CX gates, that are arranged in a circular structure to
entangle all the qubits. Fig. 8a shows an example circuit
with three qubits in a single repetition.

(2) Rotation Reservoir: It contains a rotation layer and an
entangling layer in a single repetition. The rotation layer
applies a single-qubit rotation gate on each qubit, ran-
domly selected from the gate set {RX , RY , RZ}. Each
rotation angle θi is randomly sampled from the range
[0, 2π) and fixed. The entangling layer is constructed by
CZ gates arranged in a circular entangling structure to
connect all qubits. Fig. 8b shows an example circuit with
three qubits in a single repetition.

(3) Efficient SU(2) Reservoir: It is based on a widely used
ansatz in Qiskit for variational quantum algorithms [23].
Each repetition consists of a rotation layer followed by
an entangling layer. In the rotation layer, we apply two
single-qubit rotation gates on each qubit, which are RY
and RZ gates. The rotation angles θi are randomly
selected from [0, 2π) and remain fixed throughout the
process. The entangling layer is constructed by CX gates
arranged in a “reverse linear” entangling structure, where
every two adjacent qubits are entangled starting from the
higher-indexed qubit. Fig. 8c shows an example circuit
with three qubits in a single repetition.

(4) Ising Hamiltonian Reservoir: It corresponds to Ising
Hamiltonian dynamics:

H =
∑
j=1

ajXj +
∑
j<k

JjkZjZk (17)

where aj is called the local field coefficient specifying
how strongly qubit j interacts with the field along the X
axis. Jjk shows the coupling coefficient between qubit j
and k, which describes the interaction between the two
qubits along Z axis. Thus, in the rotation, we apply an
RX gate on each qubit with parameter aj as the rotation
angle. In the entangling layer, RZZ gates are applied to
connect qubits in a circular structure, with rotation angle
Jjk. The values of both aj and Jjk are randomly sampled
from the range [−1, 1]. Fig. 8d shows an example circuit
with three qubits in a single repetition.

In this model, we select a reservoir circuit with a set of fixed
parameters to train the model. The entangling layer ensures the
inputs injected into the circuit spread throughout the system.
As shown in Sect. II-B, each QRC unit Tst contains an encoder
and a reservoir circuit. Although we apply the rewinding
protocol, constructing a QRC circuit of T time steps leads to
a long circuit, which is challenging as quantum systems can
lose coherence quickly, making them unreliable. To address
this, partial measurements (i.e., instead of full measurement)
between every two timesteps are performed to balance memory
and practicality [24]. Specifically, we measure the qubits
where inputs are injected while leaving the remaining ancilla
qubits unmeasured so they can continue evolving and preserve
past input information. The measured qubits will get reset to
inject new input.

q0 X

q1 X

q2 X

(a) CNOT Reservoir

q0 RY (θ0)

q1 RX(θ1)

q2 RZ(θ2)

(b) Rotation Reservoir

q0 RY (θ0) RZ(θ3)

q1 RY (θ1) RZ(θ4) X

q2 RY (θ2) RZ(θ5) X

(c) Efficient SU2 Reservoir

q0 RX(a0)

RZZ(J0,1)

RZZ(J1,2)q1 RX(a1)

RZZ(J1,2)

q2 RX(a2)

(d) Ising Hamiltonian Reservoir

Fig. 8: Quantum Reservoir Circuits

After the system evolves T time steps, we measure all the
qubits at Z basis to obtain the final vector rt = {r(0)t , r

(1)
j ,

. . . , r
(D−1)
j }, which also includes information collected from

partial measurements during previous timesteps.

V. EXPERIMENT DESIGN

A. Research Questions

RQ0. How is the performance of QRC with different quantum
reservoirs?
We conducted a pilot study to evaluate the performance of
using only the QRC algorithm for predicting the robot’s
next state. In addition, we aim to assess the impact of
different quantum reservoir circuits on the performance.

RQ1. How is the performance of QuReBot compared to the
classical baseline model?
This RQ compares the performance of QuReBot and a
simple classical neural network model. We also compare
the two models under various configurations to evaluate
our model’s robustness.

RQ2. What is the performance of QuReBot across different
input features and prediction horizons?
This RQ evaluates the performance of QuReBot under
different configurations. Based on the results, we provide
practical guidelines of optimal input features and pre-
diction horizons to use for researchers and practitioners
using QuReBot.

B. Datasets and Features

We employed the open-source PAL Robotic OMNI Base
Simulation environment [25] to create the dataset, which inte-
grates ROS 2 and Gazebo to provide a realistic 3D simulation
of the TIAGo OMNI Base robot. The robot navigated through
a set of waypoints in the PAL Robotics office environment
using the ROS 2 Nav2 stack. We recorded a total of 14,236
time steps at a rate of 10 Hz frequency, to train our model.
Each time step captured seven features in three categories
position (i.e., posx, posx), orientation (i.e., oriz , oriw), and
velocity (i.e., velx, vely , velang ). To investigate the effect of
feature selection on QuReBot, we create three feature sets to
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train our model: FS 7 (all features), FS 5 (without orientation),
and FS 4 (without velocity). Notice that we do not consider the
exclusion of position-related features, as they are indispensable
for our task, i.e., predicting the next position of the robot.

C. Baselines

We consider two baselines: (1) QRC-only: This is the
baseline QRC model without enhancements. In contrast to
QuReBot, this model removes the skip connection branch.
The inputs undergo the quantum evolution, and the final
outputs are predicted based solely on the measurement of the
quantum circuit with a linear regression; (2) Skip-only:
This is a pure classical model with a simple neural network.
It differs from QuReBot by removing the QRC branch. The
inputs are passed through a linear layer, a ReLU activation
function, and another linear layer to predict the outputs.

D. Parameter settings

QRC circuit configuration: To reduce the influence of
randomness in the reservoir, we fix a single random seed to
generate the variational circuits, which are then consistently
used across all QRC components. To balance performance and
computational cost, we set the depth for the quantum reservoir
circuit to 10. Also, we use one extra qubit as the ancilla qubit.

Experiment configuration: For QRC-only, we did a pilot
study and implemented QRC with all four reservoir circuits
described in Sect. IV-B. We configure the model with feature
set FS 7 and horizon K = 1. For QuReBot, we use the
Ising Hamiltonian reservoir in the QRC branch. For both
Skip-only and QuReBot models, we implement all three
feature sets (i.e., FS 7, FS 5, FS 4) with prediction horizons
ranging from 1 to 5.

Training parameters: To fully utilize the dataset, we
conduct 4-fold cross-validation by splitting the dataset
into four equal subsets based on the time sequence. Each
experiment uses one fold for testing and the remaining three
for training. Moreover, we select 20% of the training datasets
as the validation datasets. The model is trained with mean
squared error as the loss function, with a learning rate of
1 × 10−4 and a batch size of 32. Training runs for up to
500 epochs, with early stopping applied if the validation loss
does not improve for 10 consecutive epochs. The final model
is selected based on the lowest validation loss. To mitigate
randomness, each experiment is repeated 10 times. As a
result, a total of 5×3×4×10 = 600 models were trained for
both QuReBot and Skip-only, respectively, for evaluation.

E. Experiment setup

We implement the QRC component of QuReBot with the
Quantumreservoirpy package [26], based on the Qiskit frame-
work. We use the Qiskit Aer simulator to execute quantum
circuits. The quantum computing process is run on AMD
EPYC Naples 7601 (SMT2) w/2TB of RAM and 4TB of
NVMe scratch. QuReBot and the baselines are trained on
AMD EPYC Milan 7763 64-core w/ 8 qty Nvidia Volta
A100/80GB.

F. Evaluation metrics and statistical tests

To evaluate the effectiveness of QuReBot and the baselines,
we calculate the average mean squared error as:

LMSE =
1

|TS | ·K · |p |

|TS |∑
ts=1

K∑
j=1

(pts,j − p̄ts,j)
2 (18)

where |TS| represents the size of the test dataset, K represents
the horizon in prediction, and p̄ts,j refers to the predicted
vector of the output (i.e., the position).

In RQ0, for each reservoir circuit, we gather LMSE of
QRC-only model across 4 folds and 10 repetitions for
each reservoir circuit. To assess whether there are significant
performance differences among various reservoir circuits, we
apply the Kruskal-Wallis test. A p-value less than 0.05 indi-
cates a statistically significant difference among the circuits;
otherwise, no significant difference is observed.

In RQ1, to implement QuReBot and the Skip-only
model under various configurations, for each configuration we
calculate LMSE across 4 folds and 10 repetitions. To compare
the performance of the two models, we use the Mann-Whitney
U test combined with Â12 effective size. If the yielded p-value
is less than 0.05, it means that there is a significant difference
in performance between the two models. In this case, we
calculate the Â12 statistics. If the Â12 value is less than 0.5,
it shows that QuReBot outperforms the Skip-only model,
while a value above 0.5 indicates the opposite.

In RQ2, we compare the overall performance of QuReBot
with different feature sets and horizons respectively. Consid-
ering the feature sets, we group QuReBot with the same
feature set (but varying prediction horizons) and compare these
groups. We first use the Friedman test to determine if there are
significant differences among all three groups. A p-value less
than 0.05 indicates statistically significant differences. Then,
we perform pairwise comparisons using the Wilcoxon signed
rank test with Â12 effect size. If p-value is smaller than 0.05,
it shows there is a significant difference between the pair.
Then, the Â12 statistic is calculated to determine the strength
of the statistical test result. If the Â12 value is less than 0.5, it
shows that QuReBot with the first feature set is likely to be
better than the second one, and vice versa. The same statistical
procedures are applied to compare QuReBot models across
different prediction horizons.

VI. RESULTS AND ANALYSES

A. RQ0: Performance of QRC-only with different reservoirs

We evaluate the performance of the QRC-only model
using the same parameters as in training QuReBot. However,
during training, validation loss failed to converge within 500
epochs, and predictions deviated significantly from actual
values. This may be due to the nature of the input data:
robot states recorded at fine-grained time steps show minimal
variation between consecutive states. When a highly dynamic
quantum reservoir processes such low-variation input, the
measured output may not effectively capture subtle transitions.
Moreover, the multivariate nature of the time series further
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TABLE II: RQ1 – Comparison of QuReBot and Skip-only
model with various feature sets and horizons.

Horizon (K) FS7 FS5 FS4

p-value Â12 p-value Â12 p-value Â12

K = 1 0.0491 0.3719 0.0017 0.2963 0.0078 0.3269

K = 2 0.0480 0.3713 0.0037 0.3113 0.0119 0.3362

K = 3 0.1673 — 0.0007 0.2787 0.0229 0.3519

K = 4 0.0331 0.3613 0.0004 0.2694 0.0315 0.3600

K = 5 0.1673 — 0.0006 0.2781 0.0331 0.3613

complicates the task of identifying meaningful patterns. With-
out additional context, the linear readout layer struggles to
learn meaningful patterns to predict output accurately.

This behavior was consistently observed on the QRC-only
model with all four reservoir circuits. We computed LMSE

using 4-fold cross-validation with 10 repetitions. The average
LMSE over 40 runs is around 15.6 for all four reservoir
circuits, indicating similar prediction error across them. Statis-
tical tests show that the p-value is larger than 0.05, indicating
that there is no significant difference among those structures.

Answer to RQ0: QRC-only fails to converge, resulting
in high prediction error. In addition, using different reser-
voir circuits in QRC-only has no significant influence on
its predictive effectiveness in our case.

B. RQ1: Performance of QuReBot comparing to
Skip-only model

We compare QuReBot with the Skip-only model to
evaluate the contribution of the QRC branch in enhanc-
ing the prediction accuracy. Based on the findings in RQ0
(Sect. VI-A), we observe that the structure of the reservoir
circuit has minimal impact in our scenario. Thus, we imple-
ment QuReBot using the widely adopted Ising Hamiltonian
Reservoir [27], [28]. In addition, since we evaluate QuReBot
in multi-step prediction tasks, we vary the prediction hori-
zon K from 1 to 5. Moreover, we conduct feature ablation
experiments by using different sets of features to analyze if
QuReBot can preserve performance through reservoir dynam-
ics despite a reduced number of features.

During training, all configurations of both QuReBot and
the Skip-only model converged within 500 epochs. As
Fig. 9 shows, the average LMSE of QuReBot is consistently
lower than Skip-only, and its boxplots are generally posi-
tioned below those of Skip-only. Furthermore, we conduct
statistical tests on the two models for each configuration (see
Table II). In most cases, the p-values are below 0.05 and
Â12 is less than 0.5, indicating that QuReBot significantly
outperforms Skip-only. The only exceptions are when
using the full feature set (FS7) at K = 3 and K = 5, where
the differences are not statistically significant.

These results suggest that, with the same input, the QRC
branch enhances prediction accuracy in multi-step prediction
tasks. Notably, Â12 values for FS 7 at K = 1, K = 2, and
K = 4 are higher than in configurations of other feature sets

(a) FS7, K = 1 (b) FS5, K = 1 (c) FS4, K = 1

(d) FS7, K = 2 (e) FS5, K = 2 (f) FS4, K = 2

(g) FS7, K = 3 (h) FS5, K = 3 (i) FS4, K = 3

(j) FS7, K = 4 (k) FS5, K = 4 (l) FS4, K = 4

(m) FS7, K = 5 (n) FS5, K = 5 (o) FS4, K = 5

Fig. 9: RQ1 – LMSE of QuReBot and the Skip-only
model across different feature sets and horizons. The black
dot is the average value of LMSE in each box.

(except for FS 4 at K = 5), indicating a larger performance
gap between QuReBot and Skip-only when fewer features
are available. This likely reflects the QRC’s ability to compen-
sate for reduced input dimensionality with quantum dynamics
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(a) Performance across FS (b) Performance across K

Fig. 10: RQ2 – LMSE of QuReBot with various feature sets
and horizons.

to extract richer patterns, mapping features into a higher-
dimensional space, and supporting robust predictions [9], [28].

Finally, the LMSE of QuReBot (see Fig.9) shows that
the Skip connection branch significantly improves prediction
effectiveness of QuReBot compared to QRC-only,
enabling stable convergence and achieving lower loss
values. Across all configurations, QuReBot achieves, on
average, a 15% improvement in prediction effectiveness
over the Skip-only. It shows that quantum dynamics in
QRC indeed helps in extracting patterns from features and
enhancing prediction effectiveness.

Answer to RQ1: The skip connection branch enhances
prediction accuracy over QRC-only. Also, QuReBot
outperforms Skip-only in most configurations, high-
lighting the QRC branch’s ability to capture meaningful
patterns. These results indicate that both branches con-
tribute to the improved performance of QuReBot.

C. RQ2 – Performance of QuReBot across different config-
urations

We compare QuReBot across its different configurations
(feature sets FS and horizons K) to help selecting an optimal
configuration given testing requirements.

First, we compare the performance of QuReBot with
different feature sets FS . In Fig. 10a, each box contains
QuReBot with the same feature set across varying prediction
horizons. Comparing the performance of the three boxes, we
observe that, without outliers, QuReBot with FS 7 displays
the widest range, with the highest maximum value. FS 5

achieves the lowest average LMSE and the smallest variation.
We then conduct the Friedman test on the three feature sets.
Results show that the p-value is smaller than 0.05, indicating
a significant difference among their performance. Next, we
perform a pairwise Wilcoxon signed rank test and Â12 effect
size; we find that both QuReBot with FS 4 and FS 5 signifi-
cantly outperforms that with FS 7, while there is no significant
difference between FS 4 and FS 5. These results suggest that
QuReBot improves the prediction effectiveness even with
fewer features. A potential reason is that the data related to

TABLE III: RQ2 – Wilcoxon signed rank test among K (>
indicates row is significantly better than column; < indicates
worse; – means not significant).

K = 1 K = 2 K = 3 K = 4 K = 5

K = 1 – – – > >
K = 2 – – – – >
K = 3 – – – – >
K = 4 < – – – –
K = 5 < < < – –

the robot’s velocity and orientation may introduce interference,
negatively affecting the performance when predicting the next
positions. Thus, when predicting next states with QuReBot
for similar datasets, one can choose one feature set (either with
orientation or with velocity).

Next, we investigate the performance of QuReBot across
varying prediction horizons K. Fig. 10b depicts the general
performance of QuReBot grouped by horizon. Each box
contains QuReBot with different feature sets at a fixed
horizon. We also conduct statistical tests among the five
horizons. The Friedman test reveals a significant difference
in performance (p < 0.05) among them. The results of the
Wilcoxon signed rank test are shown in Table III. We can
observe that QuReBot with K = 1, K = 2, and FS 3

consistently outperforms that with K = 5, while there is no
significant difference among K = 1, K = 2, and K = 3. Also,
QuReBot with K = 1 is significantly better than K = 4,
but K = 4 does not differ significantly from the remaining
configurations, placing it in an intermediate position. These
findings are supported by Fig. 10b, as the average values of
K = 1, K = 2, and K = 3 are lower than the others, and
a small increasing trend can be observed with the increase in
horizon length. Those results indicate that QuReBot achieves
reliable performance for short-term predictions (up to 3 steps),
but prediction effectiveness may degrade for longer horizons,
particularly beyond 3 steps.

Answer to RQ2: Using fewer, well-chosen features and
shorter prediction horizons improves the effectiveness and
reliability of QuReBot for robotic testing.

VII. LESSONS LEARNED

A. Importance of feature selection in practice

RQ1 (Sect. VI-B) reveals that even with a reduced number
of input features, quantum dynamics can help maintain high
prediction effectiveness. Moreover, RQ2 (Sect. VI-C) reveals
that using more features in QuReBot does not necessarily lead
to better performance. These results indicate the importance of
optimal feature selection for maximizing model performance.
Moreover, using fewer features reduces the required number of
qubits for the QRC circuit, resulting in lower-depth quantum
circuits, lowering QC computational costs during training and
testing.

B. Robustness of QuReBot

We performed 4-fold cross-validation by dividing the dataset
into four equal phases based on the time sequence of a
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complete robot operation. These segments correspond to a
starting phase, two task execution phases, and a finishing
phase, each exhibiting different characteristics in robot states.
Despite the variation across phases, the results show that
QuReBot maintains consistent performance, with MSE val-
ues remaining below 1.8 across all configurations, which is
within an acceptable range. It also exhibits the robustness of
QuReBot for different scenarios. More detailed analysis of
QuReBot across different phases is planned as our future
work, to identify which phases in our approach can lead to
relatively better or worse performance.

C. Practical implication
Our results showed that QuReBot, a quantum-classical

machine learning model, is promising for improving regression
testing of AMRs using the strengths of both quantum and clas-
sical components. For PAL Robotics, our findings have several
implications. First, it provides early but practical insights into
the use of QML to support the AMR development. Second, our
work serves as an initial step toward developing the necessary
skills for applying QML in real-world robotic contexts. Third,
it opens the door for PAL Robotics to explore a wider range
of tasks that can benefit from QML in its practice.

VIII. THREATS TO VALIDITY

Internal Validity. QuReBot adopts a non-linear transforma-
tion as the residual connection branch. Using alternative ML
models (e.g., RNN and Convolutional Neural Network) can
potentially influence QuReBot’s performance. However, us-
ing more advanced ML approaches for the residual connection
branch might incur more resource overhead, contradicting its
role as an alternative “shortcut” for QRC. Nonetheless, we plan
to perform more comprehensive investigations on the influence
of different ML methods.

Conclusion Validity. The inherent randomness of the neural
networks and QRC can potentially influence our experimental
results. To alleviate its influence and provide reliable results,
we repeated each experiment 10 times and conducted statisti-
cal testing to assess the significance of differences.

External Validity. QuReBot is evaluated on one subject
system—TIAGo OMNI robot. The performance of QuReBot
might vary for different robots. However, QuReBot is a data-
driven, hardware-agnostic approach that can be applied to
most systems producing similar data structures. Moreover, we
collected data from a complex and representative scenario
(i.e., in a real office), where robots typically operate. We will
further study the generalizability of QuReBot and investigate
its effectiveness in various scenarios in the future.

IX. RELATED WORK

Robotic systems’ characteristics, such as autonomy, fre-
quent interaction with the environment, including humans,
make their testing critical [5]. Several testing techniques are
adopted for robots [29], such as model-based testing [30],
[31], simulation-based testing [32], [33], [34], formal verifi-
cation [35], [36], and runtime monitoring [37], [38]. Regres-
sion testing ensures that updates or changes in the robotic

software do not negatively affect the existing functionality of
the robot, and also ensures new functionality is correct [5],
[39], [40]. This paper proposes a hybrid quantum machine
learning algorithm to support regression testing of an AMR
from PAL Robotics. It is the first exploration of applying
quantum algorithms to test an industrial robot in a real context.

Studies have used ML algorithms related to test oracles,
including extracting test verdicts [41], [42], identifying meta-
morphic relations [43], [44], [45], and predicting expected
outputs [46], [47], [41], [48], [3]. Predicting expected output
is related to our work, as we generate the expected behavior
of the robots as the test oracle. Related studies use a quantum
extreme learning machine (QELM) to generate a test oracle
for elevators [49], and a quantum neural network (QNN)
for assessing the validity of test inputs of a cancer registry
system [50]. Our work differs as we target robots, where
we collect robot states during its operation and predict the
future states. This involves processing temporal information,
for which QELM is not designed, since it is memoryless.

QRC has gained interest [10], [11], [12], [13], [28] due
to its inherent ability to process temporal information based
on the nature of quantum dynamics. QRC has been applied
to some classical tasks, including the NARMA benchmark
task [51], an object classification task [52], a quantum chem-
istry problem [14], gene regulatory networks [53], and mobile
user trajectory prediction [15]. Our work differs from these
works in these ways: (1) we address next state prediction for
a robot, including multi-step prediction. Also, previous studies
usually focus on single-variable signals, whereas our input is
multi-dimensional state information (e.g., position, velocity)
as well as we predict more than one signal, which makes
our task more difficult. (2) we propose a hybrid framework
that combines both QRC and a “skip connection” inspired by
residual connection in deep learning, significantly enhancing
the QRC performance.

X. CONCLUSION AND FUTURE WORK

This paper generated an ML-based test oracle for the TIAGo
OMNI robot developed by PAL Robotics. Particularly, we
propose a hybrid framework, QuReBot, that combines the
QRC algorithm and a neural network. Specifically, we use
this framework for the next state prediction of the robot.
We evaluate QuReBot with the navigation dataset of the
robot in an office map. We compare QuReBot with a QRC
baseline and a neural network baseline. Results show that
QuReBot outperforms both models. In addition, we compare
the performance of QuReBot under various configurations
(i.e., input feature sets and prediction horizons). Then, we pro-
vide practical guidance on optimal configurations with higher
prediction effectiveness and discuss practical implications. In
the future, we will implement QuReBot on real quantum
computers to evaluate the effect of quantum noise as well as
evaluate its robustness in other industrial and realistic contexts.
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