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Abstract—This paper proposes a hybrid quantum-classical ma-
chine learning (ML) approach for self-interference cancellation
(SIC) in full-duplex transceivers. The proposed approach exploits
a quantum long short-term memory (QLSTM) layer, integrated
with a classical convolutional layer, to perform the non-linear
SIC. QLSTM replaces the neural networks in the classical
LSTM gates with variational quantum circuits, acting as feature
extractors. Simulation results confirm the superiority of the
proposed hybrid quantum-classical ML approach by achieving
a significantly higher SIC performance than its fully classical
counterpart at similar memory and computational requirements.

Index Terms—Quantum computing (QC), quantum machine
learning (QML), quantum long short-term memory (QLSTM),
full-duplex (FD), self-interference cancellation (SIC).

I. INTRODUCTION

ULL-DUPLEX (FD), providing the capability of trans-

mitting and receiving over the same time-frequency re-
sources, is expected to be an essential driver for advancing
the next generations of wireless networks [1]. This is owing to
the capability to enhance spectral efficiency and reduce latency
compared to half-duplex systems. In spite of these advantages,
the FD technology confronts the challenge of self-interference
(SI), and several research efforts have been devoted in the last
years to mitigating the SI and enabling FD communication [2].
SI cancellation (SIC) is conventionally accomplished through
propagation, analog, and digital domains [2]. Such techniques
show practical effectiveness in mitigating the SI in FD nodes;
however, they may impose larger memory, hardware, and/or
computational expenses [3].

With the advent of deep learning, machine learning (ML)-
based SIC approaches have been presented in the literature to
suppress the SI in FD transceivers [3]-[8]. These approaches
have made great strides in mitigating the SI in FD systems and
have been able to relax some of the memory, hardware, and/or
computational expenses imposed by conventional methods.

Quantum computing (QC), the so-called “next abstruse
technology,” has recently received attention from academia and
industry due to the promise of offering a paradigmatic change
in computing, with an exponential speed-up in numerical simu-
lations [9]. In classical computing, a classical bit can exist in
either a value of 0 or 1; however, in QC, a quantum bit (qubit)
can exist in both states simultaneously, having a superposition
of |0) and |1), with |.) as the ket operator [10]. If a register
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uses b bits in a classical computer, so out of 2 combinations,
one value can be represented at any given time. In contrast, in
a quantum computer, a quantum state can be described as the
superposition of all the 2° values simultaneously; this indeed
highlights the capability of parallel processing using QC [9].

Quantum machine learning (QML), a novel area combin-
ing concepts from QC and ML, has recently also received
significant research attention due to its potential performance
enhancement over classical ML approaches [11]. QML lever-
ages the power of quantum principles, such as superposition
and entanglement, to revolutionize the field of ML in wire-
less communication, offering high prediction accuracy, i.e.,
accurate predicted outputs and/or low communication latency
[11]. QML can also excel in solving complex non-linear
relationships, which classical systems may struggle to process.

Motivated by the potential of QML to capture the complex
non-linear relationship of the SIC problem, this paper proposes
a hybrid quantum-classical ML approach for SI mitigation in
FD transceivers. The proposed approach exploits a quantum
long short-term memory (QLSTM) layer, integrated with a
classical convolutional layer, to perform the non-linear SIC—a
more challenging task to perform than the linear SIC. QLSTM
uses variational quantum circuits (VQCs), serving as feature
extractors, instead of neural networks (NNs) utilized in the
classical LSTM gates. Simulation results confirm the superior-
ity of the hybrid quantum-classical ML approach by providing
a significantly higher SIC than its fully classical counterpart
with similar memory and computational requirements.

The rest of the paper is structured as follows. Section II
presents a generic FD system model. Section III introduces
the proposed hybrid quantum-classical ML approach. Section
IV discusses the results, and Section V concludes the paper.

II. SYSTEM MODEL

A generic FD system model, integrated with linear and non-
linear digital SIC stages, is illustrated in Fig. 1. The received
signal after being exposed to several non-linearities of the
transceiver’s components can be written as [3]-[8]

Y (n) = Yss (TL) + Ysor (TL) + (TL) ) (1

with v (n) ~ CN (0,A?) as the complex-valued Gaussian
thermal noise, with a mean of zero and variance of A2,
Ys,; (n) as the signal of interest, and y,, (n) as the SI signal,
formulated as [3]-[8]

P p
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Fig. 1: FD system model [3] integrated with a non-linear SIC stage based on the proposed CNN-QLSTM model.

with x (n) as an input sample with index n. h,, (m) rep-
resents a channel mimicking all the non-linearities of the
transceiver. M; refers to the memory depth, and finally, P
stands for the power amplifier’s non-linearity order.

With the assumption that there is no signal of interest from
any other FD nodes [3]-[8], the target of the digital SIC stage
is to find a close estimate to the SI signal y,(n), which we
denote by ¥, (n). This can be accomplished using two blocks,
as shown in Fig. 1. The first block is the linear canceler, which
performs the linear digital SIC using the conventional least-
squares channel estimation. The second block is the non-linear
canceler, which carries out the non-linear digital SIC based on
the proposed hybrid quantum-classical ML approach.

The total SIC, after performing the linear and non-linear
digital SIC, can be calculated over IV testing samples as

>y ly(m))”
e [y, ()

n=1
where y__.(n) stands for the residual SI after performing the
linear and non-linear digital SIC, as illustrated in Fig. 1.!

CdB =10 10g10 , (3)

III. PROPOSED HYBRID QUANTUM-CLASSICAL ML
APPROACH

The proposed hybrid quantum-classical ML approach,
henceforth referred to as CNN-QLSTM, is shown in Fig.

IThe FD system model is described in detail in [3].
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Fig. 2: Proposed CNN-QLSTM model.

2.2 As the figure shows, the proposed CNN-QLSTM con-
sists of four layers: an input layer, a classical convolutional
layer, a QLSTM layer, and an output layer. The input layer
first receives the features, consisting of the current and past
input samples, with the latter accounting for the FD sys-
tem’s memory effect [3]-[8]. A classical convolutional layer
then processes that input and extracts its features/patterns by
applying a set of learnable convolutional filters/kernels [5].
The feature map, after employing the convolutional layer, is
then directed to a QLSTM layer, acting as a further feature
extractor and helping to detect the temporal dependencies of
the SI signal. QLSTM has a similar architecture to that of
the classical LSTM while replacing the NNs in the classical
LSTM gates with VQCs [12]. The QLSTM’s architecture is

2As noted from Fig. 2, the CNN-QLSTM has a similar design as the
traditional CNN-LSTM while replacing the classical LSTM with a QLSTM.
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Fig. 3: QLSTM detailed architecture.

illustrated in Fig. 3, with each block detailed in the following
subsections. Applying the concept of QC to the LSTM layer
rather than the convolutional layer is attributed to the fact
that the LSTM typically involves more trainable parameters
than the convolutional layer. Thus, combining QC with LSTM
offers a two-fold advantage: providing a superior non-linear
extractor that requires fewer trainable parameters to perform.

Upon applying the QLSTM layer, the processed data is
forwarded to an output layer, which estimates the output
labels, i.e., the real and imaginary parts of the non-linear SI
signal, as shown in Figs. 1 and 2. The conventional gradient
descent algorithm [12] is then applied to tune the parameters
of convolutional, QLSTM, and output layers of the proposed
CNN-QLSTM model.

A. Forget Gate

The forget gate of the QLSTM receives a concatenation of
its input features x¢, after applying the convolutional layer, and
the previous hidden state h;_1, which we denote by v;. The
forget gate then passes this concatenated input, v, through a
classical layer 1 to match it to the qubits’ dimension, i.e., to
ensure that the output of the classical layer will be equal to
the number of qubits, Ny,i¢. Notably, the classical layer 1 is
reused in all the QLSTM gates to maintain the same input to
all gates. The classical layer’s output will then be directed to a
VQC, 7y, which consists of three layers: embedding/encoding
layer, variational layer, and quantum measurement layer. In
this work, we employ an angular embedding with rotational
gates to encode the classical data into quantum states after
the classical layer 1 [13]. Angular embedding encodes an
input feature #€ R into a quantum state with the mapping
T — Ry (2) = cos(%)]0) + sin (%) 1), with R as the
real-valued numbers set and R, (&) as the rotation operation
across the x-axis in the Bloch sphere [14]. Upon encoding the
classical data into quantum states, a variational layer consisting
of one-parameter single-qubit R, rotations, i.e., parameterized
R, rotational gates, followed by a chain of controlled-NOT

(CNOT) gates, is applied. In other words, after applying the
rotations, the qubits are connected with the CNOT gates based
on a chain where each qubit is connected with its neighbor,
with the last qubit being connected to the first qubit. It is
worth noting that the angles of rotation of the R, rotational
gates are trainable parameters, being analogs to the weights
in classical NNs. After using the variational layer, a quantum
measurement layer consisting of Pauli-Z gates is utilized to
convert the quantum states back to classical data [15].

The classical data after the measurement gates are passed
through a classical layer 2 to be mapped to the hidden states.
The output vector after the classical layer 2 is passed through a
sigmoid function—similar to the classical LSTM—to generate
the forget gate’s output vector, f;, which contains values
between [0, 1]. Like the classical LSTM, the vector f; is
utilized to decide whether to forget or keep the information in
the cell state from the previous step, c;—1 [12]. A zero value
indicates that the corresponding element in the cell state will
be totally forgotten. In contrast, a value of one denotes that
the corresponding element will be fully kept. A value between
zero and one means that part of the information in the cell
state will be kept, making the QLSTM suitable to model the
temporal dependencies, similar to the classical LSTM [12].

B. Input and Update/Candidate Gates

As illustrated in Fig. 3, the input and update/candidate gates
of the QLSTM have a similar architecture to that of the forget
gate, described in Section III-A. The aim of these gates is to
decide which new information is included in the cell state.
More specifically, the input gate exploits a VQC, 7;, and
a sigmoid function to determine which values to add up to
the cell state. Meanwhile, the update/candidate gate utilizes a
VQC, 7,, and a hyperbolic tangent (tanh) function to generate
a new cell state candidate, c;. The input gate’s output vector,
i¢, 1s multiplied element-wisely by the output vector of the
update/candidate gate, ¢;, and the resultant vector is used with
the forget gate’s output vector, f;, to generate the updated cell
state, ¢; [12].



C. Output Gate

Upon updating the cell state, the QLSTM is now prepared
to introduce its output through the output gate. Specifically,
the output gate exploits a VQC, 7, and a sigmoid function to
decide which values in the updated cell state, c;, are relevant
to the output. The updated cell state, c;, is then passed through
a tanh function and multiplied element-wisely by the output
gate’s outcome, oy, to generate the updated hidden state, hy,
using the same way as in the classical LSTM [12].

The mathematical representation of the QLSTM gates’
operations can be summarized as follows:

fr =0 (ra (7 (k1 (v0)))), (4a)
it = 0 (k2 (i (K1 (v1)))) (4b)
¢ = tanh (ko (my (k1 (v)))), (4c)
¢t = frei—1 + iy, (4d)

or = 0 (K2 (7o (K1 (v1)))) (4e)
hy = ogtanh (¢;) , (4f)

with f;, 44, ¢;, and o; as the output vectors of forget, input,
update/candidate, and output gates, receptively. ¢;_; and ¢; are
the cell state at time steps ¢ — 1 and ¢, respectively. Similarly,
hi—1 and h; are the hidden states at time steps ¢ — 1 and ¢,
respectively. 7 ¢, 7;, m,, and 7, represent the VQC operation of
forget, input, update/candidate, and output gates, respectively.
k1 and k9 indicate the mapping functions of classical layers
1 and 2, receptively. v, refers to the concatenation of z; and
hi_1, as stated before. Lastly, o (.) and tanh (.) stand for the
sigmoid and tanh functions of the QLSTM gates, respectively.

IV. SIMULATION RESULTS

This section assesses the performance of the proposed CNN-
QLSTM compared to the traditional CNN-LSTM, which is
considered the benchmark scheme for comparison. Firstly, the
dataset for training is described. The hyperparameters for both
approaches are then presented, and the achieved results based
on these hyperparameters are provided.

A. Training Dataset

The dataset for training the proposed CNN-QLSTM model
is generated using a real-time FD testbed prototype, which
provides a platform for realistic experiments [8].> Using this
prototype, an orthogonal frequency division multiplexing sig-
nal, modulated by a quadrature phase shift keying, sampled at
80 MHz, and captured over a 20 MHz bandwidth, is produced.
A carrier frequency of 2.45 GHz, an average transmit power of
32 dBm, and an analog cancellation of 65 dB are considered.
The dataset size is set to 20,480 samples, with 90% and 10%
of the samples assigned for the training and testing phases,
respectively. Upon capturing the training dataset, a PyTorch
and PennyLane-based framework is employed on a classical
computer to develop and compare the proposed CNN-QLSTM
with the traditional CNN-LSTM model.

3The noise data of the dataset in [8] were pre-processed by discarding

the first hundred samples to eliminate the DC offset power. This behavior is
validated later by the power spectral density (PSD) plot in Fig. 6.

TABLE I: Hyperparameters of the proposed CNN-QLSTM compared to the
traditional CNN-LSTM model.

[ Parameter | CNN-LSTM | CNN-QLSTM |
l Number of qubits [ NA [ 4 ]
[ (QLSTM hidden units [ 9 [ 38 ]
l Number of convolutional filters [ 64 [ 128 ]
[ Filter size [ 6x3 ] 6x3 ]
l Memory depth/length [ 3 [ 3 ]
l Learning rate [ 0.01 [ 0.01 ]
[ Batch size [ 158 [ 158 ]
l Convolutional layer Act. function [ Relu [ Relu l
l Optimizer [ AdaGrad [ AdaGrad l

B. Hyperparameter Tuning

Extensive hyperparameter tuning is conducted using a grid
search technique to optimize the network settings of the
proposed CNN-QLSTM, such as the number of qubits, number
of QLSTM hidden units, number of convolutional filters, and
filter size. It is worth mentioning that we have designed the
traditional CNN-LSTM so that it requires similar memory
and computational requirements [12] as the proposed CNN-
QLSTM.* The detailed hyperparameters of the CNN-QLSTM
compared to the traditional CNN-LSTM model are summa-
rized in Table L.

C. Achieved Results

1) Total SIC, trainable parameters, RAs & RMs versus the
number of qubits: The effect of increasing the number of
qubits, Ny, on the total SIC, trainable parameters, RAs,
and RMs of the proposed CNN-QLSTM is illustrated in Fig.
4. Apparently, increasing the number of qubits beyond four,
Nyupit = 4, slightly enhances the total SIC of the proposed
CNN-QLSTM model; however, it leads to a significant in-
crease in the number of parameters, RAs, and RMs. Thus, in
this work, we consider Ngypi¢ = 4, as mentioned in Table 1.

2) Total SIC versus the number of epochs: The total SIC
on the test data versus the number of epochs for the proposed
CNN-QLSTM model, compared to the traditional CNN-LSTM
model, is illustrated in Fig. 5. For all epoch values, the pro-
posed CNN-QLSTM achieves a significantly higher SIC. Such
performance enhancement comes with no cost in the number
of parameters, RAs, and RMs as the network hyperparameters

“The trainable parameters of the CNN-QLSTM and CNN-LSTM
can be calculated as PCNN—QLST]\/I = 2M; + L(RX S+ 1) +
(Ni + Np +1) Ngusit + 4 (NgueitNn +Np) + 2N, + 2 and
Ponn—rsTm = 2M; + L(Rx S+ 1) +4((N; + Np) N, +2Np,) +
2Ny, + 2, respectively, with L as the number of filters, R x S as the
filters’ dimension, N; as the number of input features of the (Q)LSTM,
Np, as the number of (Q)LSTM hidden units, Ngpi¢ and M; respectively
as the number of qubits and memory depth, as stated before. Further, the
computational complexity of the CNN-QLSTM and CNN-LSTM can be
respectively calculated in the real-time inference stage in terms of the
number of real-valued additions (RAs) and real-valued multiplications
(RMS) as RACNN—QLSTIW = TM; + (R x S+ 1) (B x C x L) +
(Ni + Np) NQuvit + 4(NQubitNn) + 8Nn — 2, RMoNN-QLSTM =
3]\/Il+(R x S)(B x C x L)-‘,—(N,i + Np) NQ'ubit+4 (NQubitN}L)+5N}L and
RAcNN-LsTM = TM;+(Rx S+ 1)(Bx C x L)+4((N: + Np) Np)+
8Ny — 2, RMcoNN—LSTM = 3M; + (RXS)(BXCXL) +
4 ((N; + Np) Np) + 5Np, with B x C referring to the dimension of the
output feature map after applying the convolutional layer.
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Fig. 5: Total SIC on the test data versus the number of epochs for the
proposed CNN-QLSTM compared to the traditional CNN-LSTM model.

for both approaches are adjusted to have similar memory
and computational requirements.* It is also noted from Fig.
5 that the proposed CNN-QLSTM shows a faster convergence
rate than the traditional CNN-LSTM model. Lastly, it can be
observed from the figure that 195 epochs are sufficient for
the proposed CNN-QLSTM approach to approximately reach
stabilization in its SIC performance; however, 500 epochs are
mandated to achieve its maximum cancellation performance.

3) PSD performance: The PSD of the non-linear SI signal
estimated at the last epoch by the proposed CNN-QLSTM
compared to the traditional CNN-LSTM model is shown in
Fig. 6. The CNN-QLSTM is able to mitigate the SI signal, i.e.,
confine the gap to the Rx noise floor, better than the CNN-
LSTM model. It is also quite apparent that the noise curve
shows no DC offset, i.e., the DC offset is notably removed as
a result of the data pre-processing conducted in Section I'V-A.

A summary of the performance of the proposed CNN-
QLSTM compared to the traditional CNN-LSTM model is
provided in Table II.

V. CONCLUSION

This paper extended the realm of QML to the field of FD
SIC by introducing a hybrid quantum-classical ML approach
to mitigate the SI in FD transceivers. The proposed approach
exploited a QLSTM layer, built with VQCs and integrated
with a classical convolutional layer, to enhance the learning
capabilities compared to its traditional counterpart. Simulation
results showed that the proposed approach achieves a higher
SIC performance than its counterpart with similar memory and
computational requirements.
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TABLE II: Summary of the performance of the proposed CNN-QLSTM

compared to the traditional CNN-LSTM model.

. Non-
Model Linear linear Total Total Pa- RAs | RMs
SIC SIC rameters
SIC
[ CNN-LSTM | 1908 | 1840 [ 3748 | 3942 [ 3935 [ 3834 |
[ CNN-QLSTM | 1908 | 1947 [ 3855 | 3944 [ 4027 [ 3775 |
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