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Abstract—This letter proposes a quantum-enhanced support
vector regression (QSVR) approach to cancel the self-interference
in full-duplex transceivers. The proposed approach leverages
quantum feature maps, incorporating quantum circuits, to en-
code classical data into a higher-dimensional feature space.
Simulation results unveil a substantial performance enhancement
by the proposed QSVR approach over the classical SVR and
state-of-the-art hybrid quantum-classical neural network in the
literature when being trained with a smaller set of training data.

Index Terms—Quantum computing (QC), quantum-enhanced
support vector regression (QSVR), quantum feature maps, full-
duplex (FD) transceivers, self-interference cancellation (SIC).

I. INTRODUCTION

FULL-DUPLEX (FD), promising a dual increase in spec-
tral efficiency by enabling bidirectional communication

between terminals in the same frequency band, is expected to
be a cornerstone of the next-generation of wireless systems
[1], [2]. This promise is, however, conditioned on integrat-
ing FD transceivers with effective self-interference cancella-
tion (SIC) techniques, which are traditionally implemented
in analog, propagation, or digital domains. Traditional SIC
techniques have the potential of efficiently suppressing the
self-interference (SI) at the receiver side; however, they come
with a typical downside of requesting extra hardware, memory,
and/or computational resources [3].

With the rapid pace of advancement in deep learning, ma-
chine learning (ML) approaches have expanded their frontiers
to the SIC problem to replace traditional approaches, providing
similar/better SIC performance accompanied by a reduction
in the hardware, memory, and/or computational resources [3]-
[10]. Specifically, classical support vector regression (SVR)
has demonstrated superior performance advantages over tradi-
tional approaches when applied to SIC, with relatively small
datasets, as reported in [8]-[10].

Quantum computing (QC), manipulating quantum mechan-
ics for information processing, has recently garnered signifi-
cant attention from both industrial and academic experts due
to its potential to surpass classical computing in various dis-
ciplines, spanning finance, drug discovery, and computational
chemistry [11]. QC also offers substantial opportunities to ad-
dress challenging optimization problems in wireless communi-
cations, such as resource allocation, channel assignment, and
task offloading [12], [13]. In classical computing, a classical
bit can exist in one of two binary states, 0 or 1. Conversely, in
QC, a quantum bit (qubit) can exist in a superposition of the
two states simultaneously as ψ = α |0⟩+β |1⟩, with |.⟩ as the
ket notation, whilst α, β ∈ C refer to complex numbers and
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their magnitudes represent the probability of a qubit being
in either state |0⟩ or |1⟩, with |α|2 + |β|2 = 1 [14]. Stated
differently, a register with b bits in a classical computer can
only represent one of the 2b possible combinations at a given
time. On the other hand, a quantum register can simultaneously
maintain a superposition of all 2b states, enabling powerful
parallel processing capabilities [12].

Quantum ML (QML), integrating QC with ML, has also
progressed rapidly in recent years due to its potential ad-
vantages over classical ML methods. Rooted in the funda-
mentals of quantum mechanics, such as entanglement and
superposition, QML can efficiently handle complex non-linear
relationships that classical ML might struggle to solve [15].
Besides, QML has the potential to outperform classical ML in
certain computational tasks, often with fewer training samples.

Inspired by the potential of QML to handle complex non-
linear relationships with fewer training samples, this letter
proposes a quantum-enhanced SVR (QSVR) approach for SIC
in FD transceivers. The proposed approach leverages quan-
tum feature maps, incorporating quantum circuits, to encode
classical data into a higher-dimensional feature space. The en-
coded/transformed data is then integrated with a classical SVR
to estimate the SI signal’s non-linear component. Simulation
results reveal a substantial performance enhancement by the
proposed QSVR over the classical SVR and state-of-the-art
hybrid quantum-classical neural network (NN) in the literature
[15] when a small dataset is employed for the training process.

The remainder of this letter is organized as follows. Section
II introduces a general FD transceiver system model. Section
III details the proposed QSVR approach. Section IV presents
numerical simulations, and Section V draws the conclusion.

II. SYSTEM MODEL

Consider a general FD system model where an FD
transceiver is incorporated with two stages of digital SIC,
as depicted in Fig. 1. After being affected by various non-
linear distortions within the transceiver and the SI channel,
the received signal can be represented as [3]-[7]

y (n) = y
SI

(n) + y
SoI

(n) + σ (n) , (1)

with σ (n) ∼ CN
(
0, λ2

)
denoting the thermal noise, which

follows the Gaussian distribution with zero mean and variance
λ2. y

SoI
(n) indicates the signal of interest from any FD

terminal and y
SI

(n) represents the SI signal, defined as [3]-[7]

y
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p=1,
p odd

p∑
q=0

Mi−1∑
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hp,q (m) x (n−m)
q
x∗ (n−m)

p−q

,

(2)
with (.)

∗ denoting the complex conjugate operator, hp,q (m)
corresponding to a channel incorporating the non-linear distor-
tions of the transceiver, Mi representing the memory length,



Fig. 1: FD transceiver [3], integrated with a non-linear SIC stage based on the proposed QSVR.

P indicating the non-linearity order of the power amplifier,
and x (n) referring to the nth digital baseband input sample.

Assuming no signal of interest from any FD terminal, the
primary objective of the digital SIC generator is to approxi-
mate the SI signal y

SI
(n), and construct its estimate ỹ

SI
(n)

[3]-[7]. This can be achieved by applying both linear and non-
linear digital SIC stages, as illustrated in Fig. 1. The former
performs the linear digital SIC based on the widely used least-
squares channel estimation, whilst the latter executes the non-
linear digital SIC based on the proposed QSVR approach.

The total SIC, encompassing linear and non-linear SIC, can
be assessed over a number of testing samples N as follows:

CdB = 10 log10

( ∑N
n=1 |y(n)|

2∑N
n=1 |yres

(n)|2

)
, (3)

where y
res

(n) represents the residual SI signal after applying
the two stages of digital cancellation, as depicted in Fig. 1.1

III. PROPOSED QUANTUM-ENHANCED SUPPORT VECTOR
REGRESSION (QSVR)

The proposed QSVR, combining QC with classical SVR, is
illustrated in Fig. 2. The classical data is first mapped/encoded

1A detailed description of the FD transceiver in Fig. 1 is provided in [3].

from its original space to a higher-dimensional Hilbert space
using a feature map. This feature map encodes classical
data into quantum states via a quantum circuit [16], [17].
Once the data is mapped into the quantum space, a quantum
kernel, offering a richer representation than classical kernels,
is applied by computing the inner product of the encoded
quantum states as

κ (x,x′) = |⟨ψ (x)|ψ (x′)⟩|2 , (4)

where ψ (x) and ψ (x′) refer to the quantum states obtained
by encoding the input vectors, x and x′, in the original
input space by the parameterized quantum circuit in the
feature map, whilst ⟨.| and |.| denote the bra and absolute
operators, respectively. After computing the quantum kernel,
the quantum states are projected back to the classical
space through quantum measurement, producing classical
values serving as inputs for the subsequent classical
SVR algorithm. It is worth noting that we employ two
classical SVR algorithms, enhanced with two quantum
kernels, to estimate the real and imaginary parts of the
non-linear SI signal separately, as depicted in Fig. 1. These
are denoted as QSVRℜ and QSVRℑ, respectively. The
input matrix Xtr

nl used to train the QSVRℜ and QSVRℑ
is given by (5), with ℜ (u) and ℑ (u) referring to the



Fig. 2: Proposed QSVR approach.

real and imaginary parts of a variable u, respectively,
and Ntr denoting the number of training samples. xn =
[ ℜ{x (n)} ... ℜ{x (n−Mi + 1)} ℑ{x (n)} ... ℑ{x (n−Mi + 1)} ]
represents a row vector of this training matrix, which
is utilized to construct the corresponding quantum state,
|ψ (xn)⟩, using the feature map.

This work explores various feature maps, such as the Pauli
(e.g., Pauli-X, Pauli-Y, Pauli-Z) and the ZZ feature maps. The
details of each are discussed in the following subsections.

A. Pauli Feature Map

1) Pauli-X feature map: The quantum circuit of the Pauli-
X feature map is depicted in Fig. 3a. As shown, the Pauli-X
feature map begins with a set of Hadamard gates applied to
each of the qubits, q1 · · · ql, creating superposition states to
enable quantum parallelism, with l as the number of qubits.
Each qubit then undergoes an x-rotational gate, Rx (αixj),
positioned between two other Hadamard gates, with xj de-
noting the jth input feature and αi, i ∈ {ℜ,ℑ}, representing
a rotation factor, which scales the angles of rotational gates
helping to adjust the feature map and mitigate the overfitting
[17].2 It is important to note that the Pauli-X feature map does
not involve any entanglement operations, as shown in Fig. 3a.

2) Pauli-Y feature map: The quantum circuit of the Pauli-Y
feature map is depicted in Fig. 3b. Like the Pauli-X feature
map, the Pauli-Y feature map applies a set of Hadamard gates
to each qubit to create superposition states and enable quantum
parallelism. A y-rotational gate between a π

2 x-rotational gate
and its inverse is then applied to each qubit. It is quite
apparent that the Pauli-Y feature map does not involve any
entanglement operations, similar to the Pauli-X feature map.

3) Pauli-Z feature map: The quantum circuit of the Pauli-Z
feature map is depicted in Fig. 3c. As observed, the Pauli-Z
feature map employs a simple circuit that applies a Hadamard
gate followed by a z-rotational gate to each qubit. It does not
involve entanglement as the Pauli-X and Pauli-Y feature maps.

B. ZZ Feature Map

The quantum circuit of the ZZ feature map is depicted in
Fig. 4. First, a set of Hadamard and z-rotational gates is applied
to each qubit. Then, for every pair of qubits, g, k ∈ {1, · · · l},

2The rotation factors, αℜ and αℑ, are respectively utilized in QSVRℜ and
QSVRℑ to estimate the real and imaginary parts of the non-linear SI signal.

(a) Pauli-X feature map.

(b) Pauli-Y feature map. (c) Pauli-Z feature map.

Fig. 3: Pauli feature maps, with a rotation factor αi, i ∈ {ℜ,ℑ}.

and g < k, a controlled-NOT (CNOT) gate is applied on qubit
k and controlled by qubit g. The CNOT gates create quantum
entanglement between qubits, enhancing the expressivity of
the quantum circuit. Upon entangling the qubits, a rotation
of Rz (2 (π − xg) (π − xk)) is performed on qubit k. This is
followed by repeating the process of applying a CNOT gate
between the gth and kth qubits, as can be seen from Fig. 4.

It is worth mentioning that using a quantum feature map
is required for both the training and inference stages of the
QSVR. Thus, for real-time FD communication, each base
station would need either an embedded quantum processor or
access to a remote quantum processor, both of which can be
challenging given the current limitations of available quantum
hardware. An efficient solution is to simulate/approximate
the quantum feature map during the inference stage until
a breakthrough in the quantum hardware takes place. This
simulation/approximation can be feasible and computationally
efficient, especially if a small number of qubits is involved.

IV. SIMULATION RESULTS

This section validates the performance of the proposed
QSVR compared to the classical SVR, trained by the same
input matrix in (5), but by employing a radial basis function
(RBF) kernel instead of a quantum-enhanced kernel. The
proposed method’s performance is also validated against the
recently introduced hybrid quantum-classical NN in [15],
namely CNN-QLSTM. The following subsections detail the
training dataset, simulation setup, and achieved results, respec-
tively.



Fig. 4: ZZ feature map.

Xtr
nl =


ℜ{x (n)} ... ℜ{x (n−Mi + 1)} ℑ {x (n)} ... ℑ{x (n−Mi + 1)}

ℜ {x (n+ 1)} ... ℜ{x (n−Mi + 2)} ℑ {x (n+ 1)} ... ℑ{x (n−Mi + 2)}
...

...
. . . . . .

...
...

ℜ{x (n+Ntr −Mi − 1)} ... ℜ{x (n+Ntr − 2Mi)} ℑ {x (n+Ntr −Mi − 1)} ... ℑ{x (n+Ntr − 2Mi)}

,
(5)

A. Training Dataset
A real-time FD testbed is utilized to capture the train-

ing dataset by generating an orthogonal frequency division
multiplexing signal, modulated by a quadrature phase shift
keying, transmitted over 20 MHz bandwidth, and sampled at
80 MHz [7]. The average transmit power is adjusted to 32
dBm, the carrier frequency is set to 2.45 GHz, and the analog
cancellation is tuned to 65 dB.3 With this setup, a small dataset
of 100 samples is obtained, with 90% allocated for training and
10% for testing.4 After data collection, a classical computer
is equipped with Qiskit and Scikit-Learn packages to train
the proposed QSVR and compare its performance with the
classical SVR and the recently introduced CNN-QLSTM [15].

B. Simulation Setup
Extensive tuning is conducted using a grid search to opti-

mize the simulation parameters of the proposed QSVR. For
both QSVR and SVR, we set the regularization terms to
Cℜ = Cℑ = 2, the margin parameters to ϵℜ = ϵℑ = 0.01,
and the memory length to Mi = 3. The gamma parameters
of the RBF kernel adopted in the classical SVR are set to
γℜ = γℑ = 0.5, whilst the number of qubits of the QSVR is
chosen as l = 2Mi = 6. It is worth noting that for the CNN-
QLSTM, we utilized the same setup in [15]. The following
subsections analyze the effect of varying the feature map and
rotation factors on the proposed QSVR performance.5

1) Effect of varying the feature map: Fig. 5 illustrates
the effect of varying the feature map on the SIC perfor-
mance of the proposed QSVR. As shown, the Pauli-Y and
Pauli-Z feature maps result in the highest SIC performance.
Subsequently, the Pauli-Z feature map is adopted for the
proposed QSVR approach due to its straightforward quantum
circuit implementation. It is worth noting that the ZZ feature
map exhibits lower SIC performance, suggesting that complex
entanglement is unnecessary and only a simple, non-entangled
feature map suffices to model the SIC problem properly.

3As reported in [7], applying 65 dB total analog cancellation between the
transmitter and receiver ensures that the generated dataset is not obtained in
a regime that is limited by the transmitter or receiver quantization noise.

4Applying 0.9/0.1 train/test split is found to attain the best SIC performance.
5Using symmetric values for Cℜ , Cℑ, ϵℜ , and ϵℑ of the proposed QSVR

results in the optimal SIC performance; however, this does not extend to the
rotation factors, αℜ and αℑ, as will be discussed in the following subsection.
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Fig. 6: Effect of varying the rotation factors, αℜ and αℑ, on the SIC
performance of the proposed QSVR.

2) Effect of varying the rotation factors: The effect of
varying the rotation factors, αℜ, αℑ, of the Pauli-Z feature
map on the SIC performance of the proposed QSVR is
illustrated using the heatmap in Fig. 6. As shown, employing
equal values for αℜ and αℑ does not necessarily yield the
best SIC performance. Instead, deploying asymmetric values
for the rotation factors, e.g., αℜ = 3 and αℑ = 2.5, results in
the highest SIC performance, as can be observed from Fig. 6.

C. Achieved Results

1) Prediction capability: Fig. 7a depicts the prediction
capability of the proposed QSVR, incorporating the Pauli-Z
feature map, compared to the classical SVR and the recently
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Fig. 7: Performance of the proposed QSVR compared to the classical SVR
and the recently introduced CNN-QLSTM [15].

introduced CNN-QLSTM [15]. As illustrated, the predicted
values by the proposed QSVR closely align with the actual
values, demonstrating a high prediction capability. In contrast,
the classical SVR and the CNN-QLSTM predictions exhibit
some deviations from the actual values, indicating a lower
prediction capability and, subsequently, a degraded SIC per-
formance, as will be discussed in the following subsection.

2) Total SIC and trainable parameters: Fig. 7b depicts
the total SIC and the number of trainable parameters of the
aforementioned SI cancelers. As shown, the proposed QSVR
achieves a significantly higher SIC performance than the clas-
sical SVR while requiring comparable trainable parameters.
The CNN-QLSTM conversely exhibits much lower SIC and
even requires more trainable parameters as a result of being
trained using a smaller set of data. It is worth mentioning
that the performance improvement provided by the proposed
QSVR comes from employing a quantum feature map rather
than a classical feature map, i.e., a classical kernel. Applying
quantum feature maps, i.e., quantum-enhanced kernels, en-
ables mapping the input data into a higher-dimensional Hilbert
feature space, making the data easier to fit—in some tasks—
than it was in the case of being transformed using classical
kernels. It is also worth mentioning that the proposed QSVR
is highly effective in small-data regimes, while the CNN-
QLSTM [15] is better suited for large-data scenarios.

3) Power spectral density (PSD) performance: Fig. 8 de-
picts the PSD of the SI signal estimated by different SI
cancelers over a frequency range of -20 MHz to 20 MHz.
As illustrated, the linear canceler reduces the SI signal’s
power from -43.5 dBm to -66.9 dBm, showing an effort in
mitigating the SI. A slight improvement is then observed with
CNN-QLSTM, which lowers the SI power to -67.6 dBm. A
more remarkable reduction is achieved with the classical SVR,
reaching an SI power of -73.0 dBm. Finally, the proposed
QSVR provides the most significant enhancement, reducing
the SI power to -76.3 dBm and approaching the noise floor
power level. It is interesting to note that, unlike in [3]-[7],
[15], the SI signal remains relatively flat across the entire
frequency range. This behavior is attributed to the limited
number of samples utilized to estimate the PSD curves in this
study versus those employed in [3]-[7], [15].

V. CONCLUSION

This letter explored the feasibility of QSVR, leveraging
quantum feature maps and incorporating quantum circuits, to
cancel the SI in FD transceivers. The quantum feature maps
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enhanced the modeling accuracy by mapping classical data
into a higher-dimensional Hilbert feature space. Simulation re-
sults validated the superiority of the proposed QSVR approach
by achieving a higher SIC without additional parameters com-
pared to the classical SVR and the hybrid quantum-classical
NN in the literature when trained using a smaller set of data.
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