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Abstract—This paper propose a two-stage quantum neural
network (QNN) framework for cell-free multiple-input and
multiple-output (MIMO) wireless communication systems. Cell-
free MIMO, which has been regarded as a key technology
for enhancing the performance of the next-generation wireless
communication systems, leverages the collective capability of
multiple distributed access points (APs), allowing collaboration
between them. However, optimizing cell-free MIMO can pose
challenges for centralized optimization schemes. In particular,
complexities associated with the joint optimizations of user-
transmission assignment and transmission precoding, two factors
which are of much importance for determining the quality-of-
service, grow with the number of APs and served users. To this end,
a unified scheme employing distributed QNNs is used to optimize
downlink transmitter-user assignment and transmit precoding
with the goal of maximizing the achieved sum rate. Firstly, the
cloud processing unit, which holds holistic information about
the particular wireless communication network, employs QNN to
assign each AP to its designated mobile terminal. Secondly, the
edge processing units, which are computed in proximity relative to
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the AP in order to reduce latency, estimate transmission precoding
for their corresponding APs. Moreover, numerical results are
presented to showcase the performance of the proposed protocol.
Index Terms—Cell-free MIMO; quantum machine learning;
quantum neural networks.

I. INTRODUCTION

ELL-FREE multiple-input and multiple-output (MIMO),

C which allows multiple access points (APs) to be operated
in cooperation removing cell boundaries, is regarded as
one of the key technologies to enhance the coverage and
performance exceeding conventional MIMO networks [2]. Cell-
free MIMO allows a number of distributed APs, that are
spatially dispersed throughout a particular deployment area,
to cooperatively serve a number of users, possibly using the
same time and frequency resource [3], [4]. Various studies
have demonstrated the benefits of cell-free networks, including
flexibility in deployment [5], enhanced data rates [6], delivering
effective spatial multiplexing, among other advantages, while
its possible adoptions includes distributed remote radio heads
(RRHs), low-energy access points, and even cooperation with
non-terrestrial networks [4]. To realize their full capability,
cell-free networks need to be managed properly, to avoid
excessive inter-AP interference, and maximize receivable signal
gain [7]. In this regard, the optimizations of transmitter-user
assignment and transmission beamforming will be critical
for ensuring the optimal performance of cell-free MIMO in
6G [8], [9]. However, As cell-free MIMO networks grow in
scale, it will become more challenging to provide analytical-
based optimal solutions [2], as we now need to address joint
transmissions with multiple APs, where each AP operates a
number of multiple antennas [10]. This complicates tracing
solutions for cell-free optimizations, typically presented as non-
convex problems, since added variables might occasion further
analysis. While iterative approaches exist, e.g., those leveraging
successive convex approximation [11], this issue persists,
especially when optimizing multiple cell-free transmitters [12].
To address this issue, prior studies have introduced various
optimization approaches based on artificial intelligence (AI) [9],
[13]. Al estimates solutions through learning from acquired data
relevant to cell-free systems, e.g., user channel information.'
Notably, those based on neural networks (NNs) provide non-
linear responses given particular inputs and, thereby, have
been used to optimize different aspects of cell-free MIMO,

'AT’s potential in automating and optimizing future wireless operations is
evident in various global initiatives, e.g., [14].



e.g., beamforming [15] and power allocations [16]. A typical
neural network model consists of a number of different layers,
each of which is composed of a number of perceptrons. To
provide desired estimations, the parameters of the perceptrons
need to be optimized under a training algorithm, using a
sufficient amount of data features. Typically, the computational
complexity of a classical-based neural network, which is often
related to its processing time, grows with the number of layers
and neurons. When adopted to optimize wireless systems, these
numbers are strongly linked to the numbers of APs, users, and
active antennas [17]. As a result, aggressively scaling the
size of cell-free networks might result in excessive training
durations, introducing significant latencies into the network
operation. Unsurprisingly, efforts have been made to reduce
the computational complexity of the neural networks used
to optimize wireless communications, without significantly
compromising their ability to make accurate predictions. For
instance, in [18], an attention mechanism was used to reduce
the input dimension of the considered NN, that was used
to model wideband power amplifiers, while neural network
pruning was leveraged in [19], to reduce redundant filters in

the convolutional NN that was used for precoding optimization.

Nevertheless, such solutions, while beneficial, are primarily
centered on refining existing classical NNs. This motivates
us to investigate an alternative computational platform for
facilitating NNs for cell-free system optimizations. Previous
studies have primarily relied on classical computing, which
processes binary bits sequentially, with each bit having a value
of either O or 1, for executing NNs on such tasks, e.g., [20] and
[21]. Quantum computing has recently attracted unprecedented
research attention and significant investments [22], [23]. Unlike
classical bits, which are restricted to representing either O or 1,
quantum bits, known as “qubits,” can exist in a superposition of
both |0) and |1). This property allows a register of ¢ qubits to
span 2 computational basis states simultaneously. In contrast,
¢ classical bits can only represent one of those 2% states at
a time, highlighting the potential exponential advantage of
quantum computing in certain tasks.’

Exploiting the computational advantages offered by quantum
computations [28], [29], quantum neural network (QNN)
—based schemes can be employed to optimize cell-free wireless
networks [30]. In contrast with classical NNs, QNNs employ
quantum circuits, each of which assembles different quantum
operations, to represent a trainable NN. Specifically, each
qubit can represent a neuron, from a set of which a layer is
assembled. Parameterized quantum logic gates, e.g., Y-rotation
gates, therein represent trainable operations, while controlled
gates, e.g., controlled-Z gates, facilitate non-linear outputs

2We are witnessing rapid progress in the developments of quantum computing
backends, platforms, strongly advocating for their adoption in wireless systems:
Of note, the number of qubits within the quantum computing platforms grows
each year, e.g., IBM’s platforms featured 127 qubits in 2021, 433 qubits in 2022,
and 1,121 qubits in 2023 [24]. Not to mention, error mitigation approaches
have been extensively developed to support their near-term applications [25],
e.g., those based upon virtual distillation, zero noise extrapolation, and even,
machine learning [26]. Such advances have attracted significant government
backing: Among others, the Canadian government has committed around
$360 million, as of 2021, through its National Quantum Strategy, while the
Taiwanese government has invested roughly $282 million to support quantum
technology developments, as of 2022 [27].

(Particular usages of these gates are elaborated most thoroughly
in subsections IV-A and IV-B.). Even though they are in their
infancy, studies have already demonstrated the merits of QNNss,
for example facilitating training convergence [31] and learning
model expressivity [32], reducing prediction errors [33], and
handling large amounts of data, even with noisy quantum
processors [34], while others reported their ability to improve
prediction performance [28] and reduce complexity [35], which
can be attributed to the quantum parallelism and superposition
[29], highlighting their utility in improving wireless system
performance [36]. Nevertheless, despite its attractive features,
the implementations of QNN for optimizing cell-free systems,
as of the time of writing, has not been reported in the literature,
as discussed in the following.?

A. Related Studies

In order to highlight the significance of employing quantum-
based NNs for optimizing cell-free MIMO systems, the
following discussion covers some of the key studies in NN
and machine learning —based cell-free MIMO optimization,
while Table I summarizes their findings. A non-centralized
approach to precoding optimization has been demonstrated in
[10]. In this work, an actor-critic method with distributed actor
networks contributing to an aggregated experience was used
to maximize the achieved sum rate. In [39], a graph neural
network was used for transmitter assignment in a cell-free
network. In [9], an NN-based scheme was used to optimize
transmitter-user assignment. In [40], a machine learning —based
optimization was utilized to optimize transmit scheduling in
cell-free MIMO. In addition, the authors of [41] utilized the
deep deterministic policy gradient to optimize transmit power
coefficients for the purpose of maximizing the weighted sum
of achieved energy efficiency. In [20], a NN was used for
transmitter scheduling in uplink cell-free MIMO systems. In
[21], a cascaded deep learning method was used for channel
interpolation in a cell-free system. However, quantum-based
neural networks were not considered in these studies.*

Besides, recent studies have exploited quantum-based learn-
ing solution to optimize wireless communications. In [44],
hybrid quantum-classical NNs were employed to maximize user
sum rate, through transmit precoding optimization. The study
of [45] develops a hybrid autoencoder architecture to optimize
end-to-end communication systems, improving block error
rate (BLER). In [46], federated quantum NNs were adopted
for satellite ground communications, demonstrating improved
learning capabilities. In [47], quantum-based machine learning

3In fact, there is a growing interest in adopting quantum-enabled learning
for optimizing wireless systems. In particular, [37] uses a variational quantum
algorithm within a federated learning workflow, processed over space-air-
ground integrated networks (SAGIN), while [38] highlights its versatility across
learning paradigms (supervised, unsupervised, and reinforcement learning) for
various 6G use cases, such as indoor localization. Nevertheless, this study is
an early attempt at adopting quantum-enabled learning for cell-free systems.

4Studies have also presented the use of model learning-based approaches
to optimize coherent joint transmissions. In particular, the study in [42]
employs a graph convolutional network-based scheme to maximize weighted
sum rates, while [43] adopts deep Q-network to optimize mode selection
for such transmissions. Nonetheless, these studies are confined to classical-
valued learning approaches, and this paper addresses this gap by utilizing
non-centralized QNNss.



is employed for wireless optimization. In [35], QNN schemes
were utilized for user grouping in non-orthogonal multiple
access (NOMA). In [48], quantum-based learning was used for
ultra-reliable low-latency communications (URLLC). In [49], a
quantum-inspired reinforcement learning was utilized for UAV-
enabled wireless network. However, cell-free MIMO optimiza-
tion using QNNs has not considered in the mentioned works.
Not to mention, QNNs have demonstrated their applicability
across other fields, e.g., healthcare [50] and renewable energy
[51]. Lastly, a number of surveys have also covered possible
quantum-based approaches that can be applied to wireless
applications, as outlined in Table II. In especial, various QNN
architectures are discussed in [22], while [52] inquires into
the applicability of quantum-based approaches for wireless
systems.

B. The Main Contributions

Based on the discussion above, the usage of QNN-based
methods for the optimizations of cell-free systems, remains
largely unexplored, despite the potential benefits of leveraging
QNNs. Hence, in this paper, we propose a non-centralized,
multi-stage QNN protocol that maximizes the performance of
cell-free systems. The main contributions of this study can be
summarized as follows.

o This study proposes the utilization of QNNs to optimize
cell-free systems, by specifically using a QNN-based
framework for transmitter-user assignment and transmit
precoding optimization, in order to maximize the mini-
mum rate among all users, which is a non-convex NP-
hard problem, that prohibits tracing optimal solutions,
as discussed later in subsection III-B. QNNs and other
parameterized quantum models have been shown to offer
many benefits, e.g., higher effective dimension, trainability,
and expressivity [55], [56], attributed to their ability to
map data points to higher-dimensional Hilbert spaces,
and have thus been effective across diverse applications,
e.g., facilitating reusable rockets’ stabilized landing [57],
detecting financial fraud [58], and identifying brain tumors
[59]. Yet, to the best of the authors’ understanding,
this is an earlier study that adopts QNNs for cell-free
systems. Among the related studies, [44] and [60] employ
hybrid quantum-classical NNs and quantum annealing
—based approaches, respectively, yet neither considers cell-
free systems, and both are focused solely on transmit
precoding.

o In addition, to distribute the computational burden, QNN
models are processed in a non-centralized manner: the
central QNN model is computed by the cloud computing
unit, while edge QNN models are processed by their
respective edge units.’ Such an approach allows the

SFor simplicity, the cloud and the edge computing units will hereinafter be
referred to as “the cloud” and “the edge”. Furthermore, after the cloud and
edge QNNs are trained, solution inferences are executed first on the cloud
QNN, followed by the edge QNNs (detailed later in Algorithm 1). Such a
two-step approach is intended to minimize large dataset uploading, e.g., that
of channel information, sustaining practical deployments. In the future, it is
possible to explore dimension reductions of channel information, facilitating
iterative optimizations between the cloud and edges.

cloud to administer network-wide tasks, e.g., assigning
different APs to users in a cell-free network, while each
edge focuses upon AP-specific problems, e.g., optimizing
its associated AP’s transmit precoding.® While non-
centralized QNNs are increasingly relevant for alleviating
burden on the central processing unit, particularly amid
the growing number of network elements, e.g., in ultra-
dense networks, their adoptions in cell-free systems, and
even wireless systems in general, is scarce.” In particular,
[47] and [35] take no account of non-centralized QNNs.

o To analyze how well the prediction model of the proposed
QNN-based framework can learn from the training data,
the trainability of the considered QNN model is investi-
gated in terms of the gradient norm’s upper and lower
bounds, given the defined loss function, as well as the
model’s expressivity.

o Moreover, to analyze the required computational resources
to implement the QNN models, the required number of
qubits is also investigated. Furthermore, to demonstrate
the effectiveness of the proposed QNN framework for
optimizing cell-free systems, the numerical results of the
proposed QNN-based approach are compared with those
of a classical optimization algorithm.®

Organization: The rest of this paper is summarized as follows.
In Section II, the proposed QNN-based protocol is introduced.
Section IIT describes the assumed cell-free system and the
optimization objective. Detailed descriptions of the cloud and
edge QNNs can be found in Section IV. Section V presents the
numerical results. Section VI concludes this study. Notation:
The symbols R and C represent real and complex numbers,
respectively, with i = \/—1. The notations || - ||, and | - | rep-
resent the 12 norm and absolute value, respectively. Conjugate,
transpose, and conjugate transpose operations are denoted by
the symbols (-), ()T and (-)T, respectively. Regarding the
quantum-based operation, the Hadamard gate, controlled-X
gate, controlled-Y gate, and Z-rotation gate are represented by
H, Cx, Cy, and Ry, respectively. Pauli operators associated
with the X-, Y-, and Z- axes are denoted by o,, o,, and
o0, respectively. span(-) and dim(-) convey the span of a set
of vectors and the dimension of a particular vector space,
respectively.

II. THE PROPOSED MULTI-STAGE QNN PROTOCOL

In the sequel, we showcase the generic framework of the two-
stage QNN framework. The unified protocol of the proposed
framework is then illustrated in Fig. 1.

6This approach supports bi-level optimizations, allowing the cloud and edges
to pursue distinct objectives [61], discussed further in section II-A. In addition,
though designing hybrid quantum-classical NN frameworks is reserved for
future work, it also accommodates the possibility of certain edges in the
network employing classical NN instead.

"Though this study considers the cloud as the central processing unit, its
not restrictive, for core processing units of centralized radio access networks
(C-RANSs) can also fulfill such function, among other alternatives.

8The comparative method examines the transmission assignment solution
within the solution space (see Appendix C) using a heuristic approach, making
it an effective basis for comparison.



Table I: Related Studies

Employs Considers )
Reference QNN Cell-Free MIMO Takeaways
[10] - v non-centralized RL for cell-free MIMO precoding
[39] - v graph NN for cell-free transmitter assignment
[9] - N NN-based scheme for transmitter-user assignments
[40] - v ML-based scheme for optimizing cell-free MIMO
[41] - v DDPG to optimize transmit power in cell-free MIMO
[20] - v NN for uplink cell-free MIMO
[21] - v cascaded deep learning for channel prediction in cell-free system
[47] v - employs quantum ML for wireless optimization
[35] v - QNN schemes for wireless optimization
[48] v - quantum-based learning for URLLC
[49] v - quantum-inspired reinforcement learning
utzl;k v v Non-centralized QNNSs for transmitter-user assignment and precoding optimizations in cell-free MIMO
Table II: Releted Surveys on QNNs and Quantum Technologies
Reference Takeaways
[53] motivation for using quantum-based ML in 6G, covers several Quantum-based ML frameworks for 6G
[23] covers general quantum-based ML algorithms and popular quantum platforms
[54] discusses the possibility of using quantum-based scheme for 6G
[52] examples of using quantum algorithms for wireless communications
[22] discusses various quantum machine learning architectures

A. Generalized Problem

We assume that the proposed protocol can handle joint
optimization problems: Pi,Pa 1, -+, P2 n. P1 is a higher-
level problem, which is solved earlier. Py 1, , P2 v is a
set of a similar lower-level problems that will be solved
after P;. Accordingly, such a problem resembles a tree
optimization problem; solving P; yields solution a;, which is
subsequently served as a given condition for P 1, - ,Pa N
[62]. Furthermore, the optimization variable for different stages

time
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Figure 1: The proposed protocol employing multi-stage QNNss.
For global objectives, e.g., to maximize the minimum rate
among all users, see Eq. (8), the cloud responsible for network-
level optimizations, e.g., transmitter-user assignment, see
Eq. (8). Upon receiving the cloud’s transmitter-user assignment
solution, each edge optimizes the variables of its corresponding
AP, e.g., its transmit precoding, to meet local objectives, such
as maximizing the sum rate of the users assigned to it, see
Eq. (15), aligning with the global objective.

of optimization can be described as follows. The upper-level
problem assumes solution vector v, which is obtained as

v] = argmax fy(v1|x),
v1

ey

where f; indicates the objective of P;. Later, Eq. (1) will be
manifested as Eq. (8). Subsequently, the solution vector of a
particular lower-level problem ¢, can be presented as follows:

Uf7m2,i)a 26{1, 7N}7 (2)

vy, = argmax f;(va,i
V2,4

where fs ; is the objective of the Py ;. Later, Eq. (2) will be
applied as Eq. (15). Beyond the problem addressed in this paper,
later described in Subsection III-B, P; and Poq,--- ,Po N
can also represent the optimization problems across different
layers of physical network architectures, including SAGIN
[38]. For instance, P; of the satellite layer can be addressed
first, followed by P 1,--- ,Pa n of the high-altitude platform
systems (HAPS) layer. Such an approach also extends to virtual
architectures, where Py 1, -+, P n correspond to the prob-
lems of distinct network slices, each with its own optimization
variables. This study adopts the above concept to handle AP
assignment and precoding optimizations. Specifically, the AP
assignment problem is presented as the upper-level problem,
while the transmit precoding optimizations are designated as
lower problems. Following this notion, the problem formulation
is described later in Section III-B. The multi-stage workflow
allows optimization at the cloud to shape the performance of
Nap number of APs, regardless of their number, making it
relevant to the anticipated growth in network density, while the
non-centralized approach allows those APs to address their local
optimization problems, which can be treated as sub-problems,
as expressed later in Eq. (15).

B. The Training and Deployment Phases

The proposed protocol is described in Algorithm 1. The
QNN-based learning models for the cloud and the m-th



edge, are employed therein, presented as U4 and U™,
respectively. QNN models leverage quantum computing, whose
benefits are showcased as follows. The foundation of quantum
computing, the quantum bit (qubit) can process information
as a superposition of the basis states |0) and |1), given by
|4) = po |0) +p1 |1), where |po|? and |po|? are pertinent to the
probabilities of acquiring state |0) and |1), respectively. Still,
the former illustration only considers a single qubit. Given M
as the number of qubits with |0) and |1) as the computational
basses, we can process 2 states simultaneously; assuming M
qubits, the generalized quantum state can then be expressed as
|y = Zn 0 " pn |n), where |n) denotes the n-th basis that
can be obtained with a probability of |p,|?.

Different Phases in the Introduced Protocol:
Cloud QNN Training: In Algorithm 1, the first phase is
intended to train the cloud QNN. To do so, each m-th AP,
m € {1,---, Negge } sends its user channel information, e.g.,
ﬂm, to the cloud. Next, the cloud trains the cloud QNN using
channel information H = {Hm} “g“ to optimize its parameter
vector 6 Edge QNN Training: The next phase trains the
QNN used to optimize transmit precoding. First, each m-th
AP, m € {1,---, Negge} sends its channel information H,,
to the cloud. The cloud then employs optimized U to
estimate AP assignment . Subsequently, the cloud broadcasts
the optimized «y to all Neges edges. Upon receiving v, the
training processes on the m-th edge is performed. Finally,
we now have optimized 6°°%¢ and 6™ for U™ and
U™, respectively, Ym € {1,---, Nap}. Deployment: The
deployment phase, which considers trained U¢°(g¢oud) and
utmgmy, vm e {1, - -
First, each m-th edge transmits channel information H,,, to
the cloud. Subsequently, using the trained Uc1°wd(geloud) g
estimated. Eventually, given trained U"(9l™), each m-th
AP leverages estimated v and ICIm to estimated v,,. Each
AP then serves its designated user(s) according to v, using
transmit precoding v,,.

III. THE SYSTEM MODEL

The study assumes a cell-free wireless communication
system comprising of Nap APs, utilized serving the downlink
communications for N, users, while the sets of available
APs and users can be presented as A = {a,,} ", and

= {uk} wos, respectively, and each AP is fitted with Nry
antennas.9 In addition, let us assume a cell-free network where
Nap > Nyser, allowing different APs to serve a single user.
Accounting for the low number of antennas in low-power small
APs [64], each AP a,;,, m € {1,---, Nap}, generates only a
single directional beam directed toward a receiving user ug,
ke{l,---,N

"While this paper considers downlink communications, the workflow
in Algorithm 1 can be extended to accommodate uplink communications,
allowing optimization at both the AP and user levels, including uplink power
management [63]. The classical-valued optimization variables in such uplink
scenarios can be obtained via quantum measurement. For instance, we may
optimize the k-th user’s uplink power pyr x = PraxUL,k * €UL,k> Where
PraxuL,k is a constant denoting the k-th user’s maximum uplink power, and
euL,k € [0,1) is the power coefficient obtained from measurement.

, Nap}, can be described as follows.

user }» With its transmit precoding denoted by v,,.

Algorithm 1 Multi-Stage QNN5s

7 Ndala
Input: The acquired channel information, {H[ ]}

Output: The assignment policy, v, and the transmit precoding,
{Vm} ede
Imttallzatlon:

1: Define the sets of the available APs and users as A and
U, respectively.

Cloud QNN Training:

2: Given complete channel information of the cell-free
network, H = {Hm} 121 the cloud trains the cloud
QNN model U (to be described later in Algorithm 2),
resulting in its trained parameter set §°Ud,

Edge QNN Training:
3: for each t € {1, -, Nieration} dO
: Each m-th edge, m € {1,- -+, Negge }, sends its channel
information ﬁm to the cloud.

5:  As it acquired the complete channel information for
the network, H = { m}medge and optimized parameter
vector, O the cloud employs U to estimate .

6:  The cloud broadcasts transmitter-user assignment -~y to
all edges.

7. Given v, each m-th edge trains its learning model, U™
using its local channel information H,,, resulting in (™
(to be described later in Algorithm 3).

8: end for

Deployment:

9: As it acquires instantaneous channel information I:I the
cloud employs U with optimized ©“°"¢ to estimate
7. In turn, accounting for v and H,,, each m-th AP
employs U™ with optimized ©[™ to estimate its transmit
precoding v,,,.

Moreover, the wireless communication channel between a,,
and uy can be expressed as [65]

.
B i = [, ] c e, 3)
where b, =1/ /8 S g a(,), e {1, Nr

in which gin]k denotes the channel gain between a,, and

a(¢,) conveys uniform linear array (ULA) antenna
steering: a(¢,) = {exp(—i27¢p2)}.cz, where Z =
{n—0.5- (N — 1)}n€{17“_ N1} and ¢,, marks the depar-
ture angle [65]. Moreover, the acquired channel information
can be presented as H=H+ ncsi, Where nesp accounts for
the imperfection in the channel information [66].

A. User Rates

Let P; be the total transmit power of each AP. Moreover, the
transmit signal-to-noise ratio can be presented as p = /o2, in
which o2 is the noise variance. Considering similar P; for each
AP, the downlink rate for uy served by a,, can be expressed
as

T 2
h, v
Ry = lOg2 (1 + p‘ m,k m| ;

- - ) 4)
pZnipl,n;ém /”Ln,k|hn,kvn| +1




where ﬁm,k S ﬂm denotes the acquired channel infor-
mation corresponds to the links between wy and a,,, V.,
denotes the transmit precoding of the m-th AP, and v,, =

T .

{U,[}L] U%VT‘] C CN, with v,[%] as the j-th entry of v,,.
N, T2 .

The term p ) %) | ., finklhy, ;Va| indicates interference

from all APs other than a,,, with pu,; < 1 denoting the
interference factor from AP a,, to the user uz.'? The rate of
uy can then be expressed as

~T
ZmeAm plhm,kv7n|2

T
hn,kVn|2 +1

R =logy [ 1+ 5

P2 oncAng Ay, Hnk

In Eq. (5), the term }5 . p\ﬁ,kava collects the de-
sired signal for the k-th user, transmitted by the APs in
A,, and combined at the receiving user, whereas the term
P2 oneAndA, un,k|ﬁ;kvn|2 accounts for the interference
from remaining APs outside A, [70]. The term p = Pt/s?
denotes the transmit signal-to-noise ratio, with o2 indicating
the noise variance.

B. The Objective

The objective of the QNN-based optimization in this study
is to maximize the lowest rate among the users as a max-min
optimization, which is used to avoid APs only being allocated
to the users with a higher channel gain.!! Given Ry, as the rate
of the k-th user, k € {1, -, Nyser}, the optimization problem
can be expressed as:

maximize min Ry (A) (62)
{ur )2y

subject to ||Vm||3 <1,Ym, (6b)
ox > 1,Vk, (6¢)

where A = {7, {vm}gl’;" L} is the tuple of solution which

contains (i) transmitter-user assignment policy v and (ii)

transmit precoding {v,, 7Nn§ 15 let
71,1 V1, Nyser
vEL [ efon™ )
VYNap,1 Y Nap, Nuser

10For generality, this study assumes non-coherent transmissions in the
system model, which do not necessitate transmitter phase-synchronizations
[67]. Importantly, the applicability of the proposed QNN-based approach,
presented in Algorithms 2 and 3, extends to coherent transmissions, as well
as to combinations of both types [68]. In this way, it serves as suitable future
work for high-mobility network environments, e.g., vehicle-to-everything (V2X)
communications. For instance, a separate parameterized quantum circuit may be
required to yield a time-varying parameter 195,:) , associated with the channel’s
coherence interval 7. The imperfect non-coherent joint transmission between
multiple APs serving the same user can be realized through applying a phase
compensation factor. For AP m at time 7, this is given by gwa-) = 7197,:) +¢(),
where ¢(T) ~ U [—0pu, Opu] represents the channel phase uncertainty bounded
by the phases —6pu and pu, with U [+, -] indicating a uniform distribution [69].

"1The max-min optimization objectives have been considered in the literature
to attain rate fairness among Nyser users. Recent studies such as [63], which
optimize transmit power in cell-free systems, adopt learning-based workflows
in which parameterized models (e.g., QNNs), once trained, can infer solutions
to the max-min optimization, mitigating the need for iterative methods that may
exceed the coherence time of wireless channels in the dynamic environments
of future wireless networks. They typically involve linear constraints, which,
in the context of this paper, can later be observed in (6b), each associated
with the m-th AP [71].

where ¥, = {0,1},Vm,Vk. v, = 1 indicates that the
m-th AP is assigned to the k-th user; otherwise, 7y, = 0.1
The energy normalization constraint is conveyed in Eq. (6¢),
ensuring compliance with each m-th AP’s transmit power
limitation. The constraint in Eq. (6¢) ensures that each k-th
user is assigned at least one AP, g, marks the number of
APs assigned to the user thereof. Further, as the non-convex
problem in Eq. (6) involves different optimization variables,
we can split it into two classes of sub-problems: the transmitter-
user assignment and transmission precoding problems.'3 The
solution of the first sub-problem, which is to assign each of the
cell-free APs to the corresponding user terminal, is estimated
by the cloud QNN model, later discussed in Section IV-A.
Subsequently, the solutions of the second sub-problem, aimed
to optimize the transmit precoding of each of the cell-free APs,
are optimized using the edge QNN models, later defined in
Section IV-A.

The complexity of the problem: Eq. (6) can be presented as
a non-convex, NP-hard problem. (i) Non-convexity: owing to
the potential inter-AP interference associated with Ry(-) (see
Eq. (4)), Eq. (6) is inherently non-convex, as widely discussed
in other studies, e.g., [74]. (ii) NP-hardness: The problem of
Eq. (6) can be posed as a min-rate utility maximization, e.g., as
in [75], and there exists the possibility of reducing this problem
as a generalized fractional linear programming problem, to
be solved by parametric linear programming. Unfortunately,
constraint Eq. (6¢) prevents this approach: although common
spectral resource is assumed, Eq. (6¢) requires that each user
be assigned no fewer than one AP. Such a constraint maintains
Eq. (6) as a combinatorial problem, with the solution space
expanding with Ny and Nap. Since this paper assumes
Nyser > 2 and Nap > 2, Eq. (6) remains as an NP-hard
problem, precluding obtaining a global optimum via iterative
means within polynomial time.

IV. EMPLOYING MULTI-STAGE QNNS
A. Transmitter-User Assignment

The first sub-problem, that is a transmitter-user assignment
problem, is now discussed as follows. In accordance with
Eq. (6), the objective of this phase is to maximize the achieved
rate of the user with the minimum rate, which can be expressed
as:

maximize min  Ri(y|vim) (8a)
{ur} s

subject to ||V < 1, (8b)
ox > 1,Vk, (8¢)

Nonetheless, this sub-problem focuses solely on optimizing the
transmitter-user assignment, without taking into account the

12The transmitter-user assignment in this paper allows different APs
to collaborate, particularly when |A| > |U|, representing a many-to-one
relationship for each user k, as illustrated in Fig. 2 and further reflected in
Eq. (5). Such a consideration aligns with studies such as [72], which outlines
it as repeated AP-user association, allowing different APs to serve the same
user [72, Algorithm 1], and [73], which frames it as a means to facilitate user
performance fairness, through maximizing weighted sum rates.

13To be precise, Eq. (6) can be perceived as a mixed-integer non-convex
problem, due to the presence of binary optimization variables concerning
transmitter-user assignment (will be articulated in Eq. (7)).
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Figure 2: The sub-problem of the transmitter-user assignment,
illustrated as a bipartite graph. It can be considered a many-
to-one relationship, under the assumption that |A| U]
[76]. Such a relationship reflects the global optimization of
transmitter—user assignment (detailed later in Algorithm 2),
which is performed prior to the local regression tasks of transmit
precoding optimization at each AP (see Algorithm 3).

variability of transmit precoding for each AP, that is assumed
to be static during the optimization process. Particularly,
maximum-ratio-based transmit precoding, i.e., VMR = lAlfn/ 182 11,5
VYm € {1,---, Nap}, can be employed during this optimization
phase [77], ensuring that the constraint of Eq. (8b) holds. In
complying with the constraint of Eq. (8c), a penalty variable
can be invoked, as set forth following Eq. (14).

To solve the sub-problem defined in Eq. (8), the transmitter-
user assignment can be formulated as a bipartite graph that
links the members of the AP space A to those of the user space
U in a many-to-one correspondence, as illustrated in Fig. 2,
assuming that |A| > |U|, different APs can serve a particular
user terminal. To solve this sub-problem, a quantum-based
optimization scheme is presented in Fig. 3.'* For all k-th user,
given channel matrix H as an input feature, the assignment
policy output can be expressed as

cloud
A ©)
where Ué‘ﬁ‘g}i is the QNN operation at the cloud. H can be
obtained, in practice, through uplink data pilots, where the
channel reciprocity, apposite in acquiring downlink channel
information, is affected by time-division duplexing (TDD)
[78].15 For that matter, the QNN outputs can be decoded as
a feature matrix representing the transmitter-user assignment,
which was specified earlier in Eq. (7).

To provide solutions for the aforementioned sub-problem,
the proposed QNN-based optimization scheme is presented

Tassign *

14To ease implementation, quantum-based computations can be conducted
using platforms and libraries currently available, e.g., IBM Qiskit [24].

15The upperbound of the cross-correlation effect of the pilot contamination
can be analyzed as follows [20]: Let us assume uplink (UL) pilot training
transmitted through time division duplexing (TDD). Given K orthogonal
pilot signals, each k-th signal can be expressed as \/Npiioér € CNpilot X1
Accordmgly, the pilot contamination correlation coefficient between users
k and [ is given by ki = \5k £&)%. The term &k,1 is upperbounded by
€k < = Where aj, € ZNaPX1 gnd a; € ZNapx1

(maxlgmgNAP{ Evae, 1?2

are the matrix comprising of the pathloss values of the links between Nap
APs and user k and [, respectively.

in Algorithm 2. The designated QNN operation employed in
Algorithm 2 is defined below. Different quantum logical gates
employed across this paper are discussed in Appendix A.

Definition 1 (The QNN operation in the cloud). With g¢loud
representing the set of its parameters, the QNN operation, which
is processed in the cloud and used to optimize transmitter-user
assignment, can be expressed as

(ecloud) Ucloud ( )

cloud __ cloud
U = U encode

connect

where U4 and UM are the encoding and connection
operations, respectively. Moreover, the initial qubit preparation
can be expressed as |O>®(N"""°"XN“““"’"), where Nyayer is the
number of layers and Npeyron 1S the number of neurons per layer.
The encoding operation, used to embed classical information

into Hilbert spaces, can be thus articulated [79]:

(10)

N/\P Nuser
Ua(H) = @ (HRz (B [a5) VEL(Ja5) ) ).
for an,
1D
where [¢f'"!) indicates a particular qubit des-
ignated for the n-th neuron of the [-th Ilayer,
I € {1, ,Nayer}» n € {1,--+, Npcuron,;}, and the

term Rz( moki |59 YH([g59") ) is used to encode
the channel information related to a particular AP a,,,
m € {m, -+, Nap}. Subsequently, the main QNN operation,

{
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Figure 3: The proposed QNN-based optimization framework
for the joint optimizations of transmitter-user assignment and
transmit precoding in cell-free system. The framework utilizes
non-centralized QNN models, which are processed by cloud
and edge processing units to estimate the solutions for different
sub-problems. The cloud QNN: It encodes channel information,
originally as classical information, into a quantum circuit
via an encoding operation, as in Eq. (11). Its parameterized
operation allows it to be trained, as in Algorithm 2. Its
output is then translated into a transmitter-user assignment
solution. The edge QNN: It encodes its local channel channel
information, relevant for the corresponding m-th AP, as in
Eq. (19). Its parameterized operation is to be trained as in
Algorithm 3. The output thence yields transmit precoding
solution for the m-th AP.



Algorithm 2 Transmitter-User Assignment

7 Ndala
Input: The acquired channel information {H ]}

Output: The assignment policy, ~
Initialization:
1: Define the sets of the available APs and users as .4 and
U, respectively.
2: Prepare the qubits, by initializing the state as |0) for each
of the qubits.
Training:

3: for each iy, € 1, e 7Nlrain} do

Considering H E as the input, employs U°"d in Eq. (10).
5. Decode the output of U"Y, and then obtain assignment
policy v, as in Eq. (9)
6:  Obtain Qussign ('y|H[
Eq. (14)). 4
7. Considering the training loss Lassign(l:l[l]) as in Eq. (13),
calculate VLaSSigH(I:I z]) (as discussed in Appendix B).
Update parameter as §°1°U¢ ¢ geloud uVLassign(I:I[l]).
The Rotosolve approach, as discussed in Appendix B,
can also be employed.
8: end for

and P00 I:I[i] (as in
\ES ) g

which is comprised of different neurons in different layers,
can then be expressed as [80]

]\/v]clnud 1 pyeloud —1
ayer neuron,
cloud cloudy A& cloud cloud
Uconnect(9 ) - ® H CZ (|ql,n+1> |q >)
=1 n=1
connect neuron
N1

loud
q? ?\l;c]oud > )

neuron,

@ Ox (Jatth):
=1

connect layer

Ncloud Ndoud

layer neuron,

Q) &) Rx(6

=1 n=1

cloud
l,n a

12)
where 60" € §9¢ indicates the vector of weight pa-
rameters for the n-th neuron, [l-th layer. The terms of

G (et ) (o) | )
spectively indicate the operations of Z- and X-rotations
employed to connect different neurons and layers. For in-
stance, Cy ( qfl;’;fl> qldg”d>> applies Z-rotation on qlclg“f1>
according to the state qflg“d (see Appendix A).

Furthermore, to obtain classical values as the output of the
cloud quantum circuit, we can perform quantum measurements
on the output state of UM as illustrated in Fig. 3. After the
measurement, each classical-valued output can be defined as
oud € 10,1], Vm € {1,--- , Nap}, and the transmitter-user
solution for m-th AP can be obtained as: 6, = |09 Nyger |,
whereas 0,,, indicates the index of the user that will be served
by the m-th AP. For example, if 6; = 2, the first user will
be served by the second AP. In addition, the value of the
training loss, which quantifies the performance of the cloud
QNN model, can be defined as the difference between the

performance achieved by employing the quantum model and a
reference point representing the target performance, which can
be expressed as

. . o2

Lassign(’Y‘H) = HQassign ('Y|H7 V%R) - (bassign(H)’ ) (13)
while the reward can be formulated as

Qussign (YHL Vi) = — min R (y[viiX).  (14)

Uk }Nuser

For the aforementioned reference point, we assume that each j-
th transmission link is physically separated from the other links
and does not interfere with them, allowing them to be treated
as orthogonal to each other. In this case, we use @assign(l:l) =

*Ziv{wl 5V£1 log, (1+
the array of eigenvalues of ilm k, as the target performance
to represent the ideal capacity [81], [82], given the acquired
channel information H.'® In order to meet the constraint in
Eq. (8c), let us introduce a penalty variable rpepaiy to the reward
function, to encourage the cloud to always assign an AP to
each user: Specifically, when no AP is assigned to the k-th user,

®) = 0.

Ry (’y\vm ) = —Tpenalty i assumed instead of R, (’y|vl\n’fb

p) where {)\ } i1 + indicates

B. Transmit Precoding Optimization

The solution for the second sub-problem, which is de-
fined as the precoding optimization of each AP a,,, Ym €
{m,---, Nap}, is estimated by each of the edge QNN models.
Given assignment solution +,, € 7 and assigned user %, the
precoding optimization of the m-th AP can be expressed as

(15a)

maximize Rk (Vin|Vim)
Vi

subject to  [|V,|3 < 1. (15b)

The constraint of Eq. (6¢) is relaxed in Eq. (15), as satisfying
Eq. (6¢) is the cloud’s responsibility, and each edge optimize its
corresponding AP according to the cloud’s optimized +,,. For
each m-th AP, given channel information and assignment policy
coupled as input features {ﬁm, ~Ym }» the precoding policy for

[m]

AP a,, can be expressed as Tprecode : {ﬁm,ym} — v,
where the precoding elements can be presented as v,, =
{v,[}L],-~- 7vﬂ]@\[“]} € CNr=, In addition, to ensure that the
constraint of Eq. (15b) is met, let us consider the normalization
of v,,, as so articulated: v,,, < Vm/|v,,||>. As we aim to
maximize the sum rate in Eq. (15), the reward for each m-th
AP can be expressed as

Ql[;rz]code (Vim |ﬁm7 v) =

Moreover, the pertinent training loss can be expressed as

(I)precode (ﬁm) H27
a7)

R (Vin 7). (16)

Lprecode(ﬂ'precode |ﬁm) = || Ql[):"eblode (Vm |ﬁ’ma 7) -

16The use of target values, @ygsign(+) in Eq. (13) and Pprecode(-) in Eq. (17),
within this paper, is intended to facilitate training convergence. They represent
ideal performance levels, and thus, the training losses indicate the deviation of
achieved performance from the ideals. This can be extended to other wireless
network scenarios as well, for ®,gign(-) and Pprecode (+), in particular, can be
conveniently substituted with upper-bound performance indicators.



where @Frecode(ﬁm) denotes the target reward for AP m, which
is defined as

N['m]

: d A
Dprecode () = — Z log, (1 + ZW] p). (18)
i=1 N A

Definition 2 (The QNN operation pertinent to each m-th

AP). The QNN operation employed for optimizing transmit

precoding of each m-th AP can be expressed as
U & Ul (00 UG ()

encode

19)

where U™ and U are the encoding and connec-
tion operations, respectivelx. To execute U™, the qubits
can be initialized as [0)®""". As in [28], the encoding
operation for the m-th AP can be presented as Ute[;rcL(])de =
®sz1 R, (ﬁm,k; ‘q,&m]> )H(qu,[fm]> ). Akin to the operations
in [28] and [80], the main QNN operation for the m-th AP
can be expressed as
Nuser

Ulibea®™) £ Ry (61 |o™)) T] Ce([a™)
k=2

Nuser

@Ry ( ™)) Cz(|a™) <[ ) )
TT ool o)) T {at eyt

Ve )il )
(20)

where 91[:1] e 0l is the weight parameter for the k-th input
embedding, k& € {1, -, Nyser}. It is worth noting that, in
contrast to the operation of UZ% | the qubits are assigned
depending on the number of input entries of the said operation,

as defined in Eq. (20).

ql[:z]1> )

Nuyser

RY (HLm];

C. The Algorithms for Transmitter-User Assignment and Trans-
mit Precoding Optimization

After ~ is obtained, each m-th edge executes Algorithm 3 to
estimate precoding. The number of data training samples and
episodes are presented as Ngaa and Nepoch. As Algorithm 2 and
Algorithm 3 employ stochastic gradient descent, the number of
training iterations is given as Nyain = NaataNVepoch- The learning
step size is denoted as p.

D. Complexity Analysis and the Number of Required Qubits

To facilitate the analysis, we evaluate the complexities of
Algorithm 2 and Algorithm 3 based on the number of gradient
calculations. In particular, we use the symbol G to represent
a single gradient calculation. Based on this notation, we can
determine the complexities of Algorithm 2 and Algorithm 3
as NierG and Nap Ny G, respectively. The number of required
qubits for the QNNs under consideration can be analyzed as
follows.

Lemma 1. To execute the quantum-based operations Ul

requires ((Ncluud _ 1) + (Ncluud _ 1) + Nclouchlaud ), while

layer layer layer * Y neuron

Uc[;ﬁlwct requires Nyser qubits.

Algorithm 3 Transmit Precoding Optimizations for m-th AP

Input: The channel information, and the assignment policy 7,
obtained from Algorithm 2.
Output: The transmit precoding v,,,.
Initialization:
1: Prepare the qubits, by initializing the state as |0) for each
of the qubits.
Training:

2: for each iyyin € {1, , Niain} do

3. Considering h,, as input, employs U™ in Eq. (19).

4. Decode the output of U™ to obtain the assignment
policy v,,.

5:  Given the assignment policy 7 (see Algorithm 2), obtain
Qi oge (Vi B, 7) and @ precode (B,) (as in Egs. (16)
and (18)). Subsequently, calculate the training loss
Lprecode in Eq. (17).

6:  Calculate Vg’FL]meode (as in Appendix B). Update
the edge QNN’s parameter as per ™ «+ @lml —
MV‘[gm] Lprecode .

7: end for

Proof. As expressed in Eq. (12), U employs NSowd — 1

layer
qubits to connect layers and

Necloud 1 t5 connect neu-
rons. MOI'COVer, Nc]ouchloud

neuron
layer * Y neuron qubits are needed for weight

parameters. In addition, the cloud’s encoding operation U;lfc’gge
requires Nap qubits. Therefore, USU ~employs ((Ng;e”rd -
1) + (Ngoad — 1) + NgowdNowd ) qubits. On the other hand,
as presented in Eq. (20), each m-th edge processing on
Uc[:,ﬂlect involves Ny connected qubits for the purpose of
entanglement. In addition, for the operation of variational gates
with the parameters acting as the weights, Ny, qubits are
required. Since the mentioned operations involved in Uc[omnlmt
are performed using the same qubits, the whole operation of

[m . .
Usconnect T€QUires Nyger qubits. ]

With respect to Eq. (12), the circuit depth, another

computational complexity indicator, can be analyzed
as follows. To facilitate the analysis, let us assume
a uniform number of neurons across all layers, given
by Nr?el:?llsgn Nrfé(l)llr]gn,l = = Nrféfllrlgn,l = =
géz‘rlgn newa- The initial component of Ugowd,, ie.,

layer
N li.lfeurd -1 N, :;ﬁlr‘gn a1 cloud cloud H
=1 [LZ™  Cz Qmt1 )5 |Un , yields the
circuit depth of O(N&u ) "since we may execute N — 1
cloud
. : euron,l 1
instances of the operation [[,*™" Cz ( qf‘%‘f1> : qlc};’l“d>)
the remaining two terms,
Nelow } )
ayer cloud \ . | ,cloud
=1 Cx ( ql+171> 3|9 Netowd >)
?~ “neuron, 1
Nyt .
{®n—1 " Ry (65'9) }, each contribute only O(1) to

the circuit depth. Overall, UM manifests a circuit depth of

O(N&ud ) For reference, a typical classical neural network

has a computational complexity of O(Nyeins, (Ng)?), where

in parallel.!” Likewise,

i.e., and

cloud
Nlayer
=1

7For generality and consistency with Eq. (12), this analysis assumes serial
execution of controlled-Z gates within each layer. These gates may be scheduled
in two sequential rounds, effectively reducing the circuit depth per layer to

o(1).



Niewon and N2 are the number of neurons and layers,
respectively, assuming an equal number of neurons per
layer [83]. The parameter complexity of the cloud QNN
presented in Eq. (12) can be analyzed as follows. As for

N]c]oud NCIOUdl Joud
ayer neuron, cloud
only the last term @, %" ¢ @ y (6500)

contains trainable parameters, particularly corresponding to
the rotation operation around the Y-axis Ry(:). The other

Ucloud

connect? n=1

cloud
e o 1, o5, @ Oy () 45 )
only execute controllable gates like Cx(-). Hence, Uggﬁﬂgct
involves O(Ng;’;d]\frféﬂ;‘gn) parameters, assuming that
Nﬁéﬁggn = Nﬁéﬂ?gm == Nxféﬁlrlgn,z == rféz?sn,NF‘ﬂud'

layer

Such a parameter complexity is comparable to existing
classical learning models. For perspective, a full-batch graph
NN and a graph convolutional network with variance reduction
[84] both operate on O(Nayer NVnodes Viea) parameters, where
Nayers Nnodess and Ngey represent the numbers of layers,
nodes (or vertices), and each node’s (or vertex’s) features,
respectively [85].

Further, the trainability of the cloud QNN can be expressed
as follows. The norm of the gradient for the cloud QNN has
bounds expressed as:

1
g {Tr[xinpm]Q + Tr[szinputh}Q}
X 2 21
< Egoow (Hved"“‘iLassign(vH)H ) < Niayer Nocuron

where Tipp, denotes the input data, and o, represents the
Pauli Z operator. The proof for these bounds can be found in
Appendix D.

V. RESULTS

In this section, the performance of the proposed method
is investigated. Unless otherwise stated, the simulation and
training parameters are presented in Table IIL.'® In addition, in
relation to the channel model articulated in Eq. (3), the Rayleigh
channel gain is assumed, expressed as gﬁ]_k ~ CN(0,d,).
Vm, Yk, Vj, in which  represents the pathloss exponent and
the normalized distance between m-th AP, and k-th user is
denoted as d,, , € [0, 1] [88]. Further, we focus our study on
employing non-centralized QNNs (Egs. (10) and (19)) and the
corresponding algorithm design (Algorithms 1, 2, and 3). As
as in pertinent studies concerning model learning (including
[89] and [44]), we accordingly assume that the APs, as parts of

18While the limited number of currently available qubits restricts the network
scale of this paper’s simulation, studies like [86] promote the use of hybrid
architectures. In future work, a classical-quantum algorithm sequence may
be used to reduce the dimensionality of the CSI before feeding it into the
quantum circuit. For instance, [87] employs classical convolutional neural
network models to flatten and reshape the high-dimensional input data.

Table III: Parameters

Parameter | Value [[ Parameter [ Value
Nuser 3 m 0.01
K 23 Niata 100
Mk 0.1 Nepoch 100
Nap 4 Tpenalty -10
NTX 2 o 7‘/2

the radio access network, can access samples of CSI (channel
state information), which can be obtained, for example, via
pilot transmissions. The simulation was carried out as follows.
First, Algorithm 2 was employed to estimate transmitter-user
assignment solution (refer to Section IV-A). Imperfections in
the channel information are accounted for in ﬁ, as discussed
after Eq. 3. Second, Algorithm 3 optimized the precoding of
each m-th AP, m € {1,---, Nap} (see Section IV-B). Finally,
the achieved sum rates of the users were determined. During the
training, a descending learning rate is assumed. In particular, the
learning step at the i,i,-th training iteration can be expressed
as fliy = "/\/ieose+1. In addition, following the assumption
in [90], the transmit SNR is known during training. A Monte-
Carlo simulation with 103 trials was performed. Fig. 4 exhibits
the achieved sum rates. Moreover, for the sake of comparison,
an iterative search method, which searches for the highest
possible transmitter-user assignment with maximum received
SINR, is described in Appendix C. It is worth noticing that
the search space of the search method in Appendix C, defined
as the set of APs and users, i.e., A and U, respectively, grows
with the number of APs and users. In addition, the factor piq4
in Fig. 4 corresponds to the interference from neighboring APs
(see Egs. (4) and (5)). To maintain fair comparisons, let pg =
tn.k, V7, Vk. Notably, the proposed QNN-based framework
outperforms the iterative search method, even under conditions
of high interference among different APs.

In addition, the training losses of the QNNs processed by the
cloud, pertinent to transmitter-user assignment, and the edges,
pertinent to precoding optimizations, are shown in Fig. 5 and
Fig. 6, respectively. As portrayed in Fig. 6, it is evident that
the edge QNNs converge as early as the first episode. This
expedited convergence reduces learning latency, as transmit
precoding can be optimized without extended training iterations,
facilitating operations. As shown in the figure, the average
training loss values of edge QNN decreases by about 71.9%
as early as the first episode, and remain stable thereafter.
For example, between the second and the tenth episode, the
average training loss varies by around 1.9%. These trends
reflects progress toward approaching local minima, as each
edge QNN independently optimizes the transmit precoding of
its corresponding AP. Regarding Fig. 5, it is noteworthy that
cloud needs to handle transmitter-user assignment for all users
and AP spaces, and the vast number of combinations are mostly
responsible for the alterations in training loss. Nonetheless, it
is evident that the training loss follows a converging tendency.
Our analysis attributes such fluctuations to the combinatorial
nature of the solution space of the transmitter-user assignment
managed by the cloud. Unfortunately, the inherent complexity
of such combinatorial problems is well recognized across
studies, e.g., in the user pairing problem studied in [91]. To add
to this, the channel matrix H is regenerated at each iteration,
significantly affecting the user rate, albeit the algorithm’s efforts
to identify solutions. These fluctuations are much akin to
those observed in reinforcement learning studies, including
[92] and [91]. Further in optimizing AP transmit precoding,
the proposed two-stage approach in Algorithm 1 requires fewer
quantum measurements, thereby reducing resource demand.
Since each m-th AP already knows its assigned users from
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Figure 5: The training loss of the cloud QNN, pertinent to
transmitter-user assignment (see Eq. (13)).

the previous optimization stage in Algorithm 2, each edge
QNN only needs to yield Ntx output entries, matching the
dimensionality of the transmit precoding. In contrast, a central-
ized workflow employing a typical variational quantum circuit
(VQC) architecture, as in [93] and [94], would need to produce
NapN1x entries for the same precoding optimization task,
burdening the cloud’s computational resources. These results
align with the expected performance of QNNs capability to
provide suitable solutions. Besides their trainability articulated
earlier in Eq. (21), the expressivity of the QNN models is also
investigated, as discussed thus.

Lemma 2. The expressivity, Y, of the QNN models of
interest, particularly the cloud QNN, can be determined as the
dimension of its dynamic Lie algebra a, that is, Y = dim(a).

Proof. In regard to Egs. (10), (11), and (12), it is plausible
to frame the cloud QNN model as a generalized generator P,
comprised of concurrent Pauli operators, i.e., iP = {iO; }3]:1,
where O; is a Pauli operator with ¢ qubits, and where J
denotes the depth of O.! With ()i indicating a Lie closure,
the dynamic Lie algebra pertinent to the model can be expressed
as a = span((P)ri). Accounting for the analysis in [96],
the expressivity of the model can thereby be described as
Y = dim(a). ]

VI. CONCLUSION

Motivated by the rapid advancement of quantum computing,
this study explored the possibilities of leveraging a QNN-based

19Here, the controlled gates are not explicitly discussed, as with [95], as
their relevance pertains primarily to contributing to the non-linearity of the
outputs.

—#— Nepisode = 20, Noata = 50

0 2 4 6 8 10 12 14 16 18 20
ith episode

Figure 6: The average training loss of edge QNN pertinent to
optimizing transmit precoding, taking on optimized assignment
policy v (see Eq. (17)).

optimization scheme, to maximize the achieved sum informa-
tion rate in cell-free MIMO systems. Specifically, the QNN-
based framework is realized as a two-stage, non-centralized
optimization process to handle joint optimization problems.
First, a QNN model, processed by the cloud processing unit,
is utilized to optimize transmitter-user assignment, given the
complete channel information of the network. Afterwards,
the transmitter-user assignment decision is forwarded to the
edge processing units, which are each connected to an AP.
Second, to optimize the transmit precoding of each AP, local
QNN models are used. These models are computed by the
edge processing units, and each one takes advantage of local
channel information obtained by the corresponding AP. In
addition, this work provided detailed descriptions of the specific
quantum operations used for the proposed QNN-based scheme.
Further, the trainability, loss, and performance results of the
proposed QNN-based scheme were also investigated. Possible
future directions for this work include applying quantum-based
optimizations to estimate and optimize the parameters of the
heterogeneous wireless communication networks [97]. The
maximization or minimization of other performance metrics,
e.g., minimizing the communication outage [98], can be pursued
as optimization objectives. Additional optimization variables,
including transmit power management, can be considered.
QNN can also be used in multi-agent settings, as demonstrated
in [99] in which they are used to optimize multiple un-crewed
aerial vehicles (UAVs) as a system. It also facilitates interplay
between wireless systems and other verticals, such as traffic,
railway, harbor, and/or airport management.

Though quantum computing remains in its infancy, the non-
centralized workflow presented in this paper resonates with
distributed quantum computing directives [100]. Subsequent
studies may thus attend to operational aspects, particularly
packet buffer management and entanglement distribution [101].

APPENDIX A
EMPLOYED QUANTUM LOGIC GATES

The gates ensuing are used in the cloud and edge QNN
operations across this paper. Hadamard gate: To introduce
superposition into a single qubit, especially when its prior
state is either |0) or |1). It can be conveyed as H =
1
V21 -1
tion on the target qubit |g,), in reference to the state of

Controlled-Z gate: To induce Pauli-Z opera-




the control qubit |g). It is given by Cz(|¢.)||qw)) =
1 0 0 O
01 0 O
00 1 O

00 0 —1

ation on the target qubit |g,), given the state of the control
1 0 0 0

. Controlled-X gate: To induce Pauli-X oper-

qubit |gp). It is given by Cx(|¢a) | |gs)) =

O OO
O O =

0 0
0 1|
10
A quantum rotation gate around the Z-axis: To introduce a
rotation along the Z-axis, to a single qubit, given the angle of
e'2 0

0 e |
A quantum rotation gate around the Y-axis: To apply a rota-
tion along the Y-axis to a particular qubit, given the angle of ro-

rotation cw. It can be articulated as Rz(w) =

. . cos(Z) —sin(&
tation co. It can be written as Ry (w) = | . (%) gj ) .
sm(;) COS(E)
APPENDIX B
THE EMPLOYED QNN PARAMETER OPTIMIZATION
APPROACH

As the QNN models take advantage of the gradient descent
parameter optimization in Algorithm 2 and Algorithm 3,
the gradient calculation can be described as follows. The
gradient of L € {Lygsign; Lprecode }» given parameter 6, calcu-
lated by leveraging parameter-shift rule [102], is given by
VoL(0) = 1/2sin(o)(L(0 + 0) — L(6 — o)), where ¢ is the
shift parameter. Moreover, a gradient-free approach can also
be employed. Let Gl[k] be the i-th element of the parameter
vector A%, where k € {cloud,m}. As an effort to acquire
optimized parameter él[ g% L, the i-th parame-
ter can be optimized using a Rotosolve-based approach as

= arg min

éz[k] = 77r/2—arctan(2Lcj’:_+_EiL’) where Ly = L(Gl[k] =0),
Ly = L(HZU“] =m/2), and L_ = L(Qz[k] = —7/2), accordingly
[103].

APPENDIX C
THE SEARCH-BASED METHOD

For comparison, a search-based method is presented in
Algorithm 4. The received signal-to-noise-ratio of the k-
th user served by the j-th AP is given as I'j,, =

~ 2
p‘h:%k/uﬂ‘b‘

Nap 0T 2
pzn:l,n#nt Kok [hy, o nl '+1 ) )
selects the j-th AP which yields highest I';_,, for each k-th
user. Here, ~y;, ; is the {k, j}-th element of the transmitter-user
assignment matrix v in Eq. (7). Eventually, the maximum-ratio-
based transmit vector, i.e., VMR = ”1:17“, Ym € {1, -+, Nap},
m 112

is considered for each AP.

. For each iteration, Algorithm 4

APPENDIX D
ON THE TRAINABILITY OF THE CLOUD QNN

The bounds for the QNN operation utilized in transmitter-
user assignment can be presented as follows. To facilitate the
analysis, let us consider the normalized loss as

A 'Y‘I:Iv V%R) - (I)assign(l:l) ‘

R |
assign (bassign (I:I)

o (22)

Algorithm 4 The Search-Based Method

~ |7 Ndmlm
Input: The acquired channel information {HM}

Output: The assignment policy 7.

i=1"

Initialization:

1: Define the available APs and users as A and U, respec-
tively.

2: Set S « .
Iteration:

3: while |S| < Nap do

4 for ke {l,---, Nyer} do

5: Calculate T'j_,, Vj € {1,--- ,Nap}, j & S

6: Define j* = argmax;(vjx), j € {1,---, Nap}. Set

JrUS. Set - = 1.
7:  end for
8: end while

so that Lassign € [0,1].

Lemma 3. The bounds of the gradient norm for the cloud
ONN can be analyzed as %{ Tr[:ﬂ,-n‘,,m]2 + Tr[crza:,-,,pmoz]z} <

EG""’“d (H VOCIU“t/I:assign (’Y|f1) H 2) < Nlayeaneuron-

Proof. The upper bound can be analyzed as follows. Con-
sidering the normalization in Eq. (22), we can infer that
(VG;{‘;ng:assign(V |ﬁ))2 < 1, where Ve;{‘;gdl:assign(W’ |ﬁ) =
8Lassien (v/H) /5051w [104]. Moreover, the norm of the said loss
gradient can be expressed as

Nlayer Nneumn r . § 2
||VGC‘°“d£assign(7|I:I)|’2: Z Z (éwwl—l)> ’ =

cloud
I=1 n=1 591,71

so that ||V9cloudﬁassign('y\l:l)”2 < NiayerVneuron, Where Nyeuron =
Nap can be considered. The lower bound can be investigated
as follows. The expectation of the gradient norm in Eq (23),
w.r.t. the parameter vector 0%, geloud ¢ [0 27] Nayer Nocuron jg
given by

Egetou M V getoud Lassign ('Y|I:I) || 2}
. ~ 2
B Niayer Nyeuron E §Lassign (’ylH)
=2 2 B gpglond

=1 n=1
~ ~ 2
5Lassign ('Y|H)
565ioud

Nheuron
where Zinpye denotes the input data. In Eq. (24), the expectation
of the gradient norm of the first layer is considered as a single-
neuron operation, as it shall require the least amount of qubits
(only one qubit required) [104]. To aid further analysis, let us
represent the loss function pertinent to the cloud QNN, f°1°”d,

(24)

Y

Y

E loud
KR

n=1



as: Eq. (29) can also be articulated as
cloud 1
1,1 1 [
cloud __ 1 /5Ty cloud cloud T Egetowa §@cloud = 27 / GCIOHdA
f =1/2-1/2 33,3 U * Tinpue - U ) 1,1 T
1
_ cloud 1 2r 2
- 1/2 - 1/2 Tr |:0(3,3,-" 3) " Uconnect N]a)er‘rlUWE:lghl Nlaye, EE— d@CIOUd( (QCIOUd)) Tr[min ut]2
2T 0 P
cloud cloud cloud cloud
Uwelght 1Uconnect,1 * Zinput * Ucormect 1 Uwelght 1 1 ﬁ Joud loud Joud 12 9
cloud /: clou clou
Ucloud T 7 rcloud T - 27 dal,l (Sln(gl,l )COS(@Ll )) Tr[azminput]
weight, Niayer ~ connect, Nigyer+1 m
(25) 1 [== 2
. L. . . cloud cloud cloud . 2
Its partial derivation pertinent to a particular [-th layer, w.r.t. + % d0 (si (9 ) COS (9 )) Tr[o.Minpui]
659", can be obtained as | A
27 2 9
4 % d@CIOUd( (ecloud)) TT[Uzminmez]
cloud 2 1 2
D A 5f ! —Trlo Ucloud = g Tr[zinput] + é Tr[gzminputgz] .
P g = X (7639 " Ucomet N1 (30)
wigdewd o peloud  frrcoud f (26) Therefore, the lower bound can be expressed as
1Y connect,l Linput connect,l weight,l E v I: ﬁ 2 > 1 Tr 2
cloud T getoud H getovd Lassign (fyl )H = 8 [xinpul] +
U } .
connect, Njyer+1 2
fay Tr[0. Tinpui0-) [ ]

When applying the parameter shift rule, a typical approach
during QNN training, to the [-th layer, the following arbitrary

i

(1]

cloud
weight,l

cloud
weight, 1
cloud

0079

variable W, can be applied W; £ (GCIO“d
cloud

0) — Ussu (05 + g)}, where ¢ denotes the shifting
parameter, e.g., 0 = 7/4. In the least demanding scenario,
the cloud QNN may served a single edge, where employing
a single layer with a single neuron suffices (Nyeyron = 1 and
Niayer = 1). For this scenario, Eq. (25) can be represented as

[2]

(3]

(4]

1 1
P = 2= ST [0 Ry (859) - g Ry (859)'], 1
(27)
where Minput = |Zinput) (Tinpue| is the operator for input Tinpu. 6]
The derivation of Eq. (27), w.r.t. 69", is given by
(7]
5fcloud SR (Gcloud) fouds T
ot = I o) - —si— g~ M Ry(011) |- @8
. . 9]
Subsequently, the expectation of the norm of the derivation in
Eq. (28) is given by
[10]
5 cloud K} cloud o
B | (S )| 2 By (%)
661 ) ST [11]
’ (29)
1
_ Adec]oud [12]
27
SR, (6610w 2 (131
where A £ Tr [o(z) W * Minput * Ry(ﬁilf’l”d)lf] . Con-

sidering e~ = I cos() — io; sin(f), for any parameter 6,
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