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Abstract—The integration of quantum-enabled learning and
quantum communication offers new opportunities for secure
collaborative optimization in future wireless networks. As these
networks become denser and more functionally integrated, dis-
tributed quantum learning units may be used to solve complex
optimization problems, leveraging unique quantum properties,
while exchanging learning information through quantum com-
munication. However, we typically encounter practical challenges,
quantum channel noise and device imperfections, which distort
the exchanged information. Consequently, it also degrades both
the learning process and the resulting optimization performance.
This paper, therefore, proposes a quantum-connected collabora-
tive learning (QCCL) workflow which incorporates parameter-
ized quantum circuits (PQCs) and superdense coding protocol
to optimize wireless Internet-of-Everything (WIoE) networks.
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Specifically, we introduce an additional unit called a quantum-
classical router (QCR) into the proposed workflow to mitigate bit-
flip channel and coherence errors caused by device imperfections.
We then apply the QCCL to centralized power allocation in
a distributed wireless network to maximize the minimum user
rate under transmit-power and minimum-rate constraints. Using
the extra QCR unit, it reduces the information-retrieval error
probability by approximately 50.41% at a bit-flip probability
of 0.25. Moreover, we also demonstrate the reliability of the
proposed QCCL for the centralized power allocation under mild
quantum-channel and device imperfections.

Index Terms—Quantum machine learning, quantum com-
munication, quantum superdense coding, wireless Internet-of-
Everything.

I. INTRODUCTION

HE DEVELOPMENT of sixth-generation (6G) commu-
nication technology is facilitating convergence between
communication systems and emerging quantum technologies
[1], [2]. This reflects that leveraging more quantum properties
to help actualize 6G applications is an emerging technology.
For example, integrating existing networks with quantum
to achieve ultra-secure communication [3], and extending
computational capability through distributed quantum com-
puting [2], [4]. Furthermore, the inherent quantum properties
such as quantum entanglement and superposition also enable
emerging communication approaches in which information
can be effectively processed via quantum bits (qubits) [2].
These approaches are further motivated by the slowdown of
conventional transistor scaling associated with Moore’s law,
as transistor dimensions approach the atomic scale, thereby
implying the need for an alternative computing and communi-
cation paradigm [5]. A major challenge facing current quantum
technologies, however, is the absence of fault-tolerant quantum
computers, that is, processors capable of detecting and fixing
errors using quantum error correction (QEC) [6]. Besides its
current limitation, many studies have shown potential benefits
in using quantum technologies, particularly in certain tasks
that may be infeasible for classical algorithms. However, such
analysis is often conducted under the assumption that quantum
properties can be utilized perfectly and that algorithms are
computed on an ideal, isolated quantum computer [7], which
signifies prospects for forthcoming technology.
The realization of 6G is expected to deliver unprecedented
capabilities in terms of data rate, latency, reliability, and other



major indicators [8]. To meet these expectations, 6G strives
to establish a unified intelligent network capable of real-time
adaptation and autonomous optimization across diverse com-
munication, sensing, and computing domains. Attaining this
vision is typically referred to as realizing a network of every-
thing, in which heterogeneous applications and functionalities
are deeply interconnected within a cross-domain infrastructure.
In particular, wireless Internet-of-Everything (WIoE) emerges
as a key application thereof, because it allows not only the
collection and transmission of large data pools, but also their
processing and integration based on contextual intelligence
within wireless networks. To support the operation of such net-
works, artificial intelligence (AI) and machine learning (ML)
serve as key enablers by providing the intelligence required.
Typically, pertinent network management and optimization
tasks, including resource allocation, channel estimation, and
beamforming [9]-[13], can be addressed using Al and ML.
However, the associated computational and energy burdens of
managing and optimizing these networks are expected to grow
with their scale. These challenges are further intensified by the
physical limits of classical computing hardware, particularly
the slowdown in transistor scaling [14].

As network complexity and data volume are expected to
grow, quantum computing and communication offer com-
pelling approaches to information processing, managing
vast amounts of information through quantum operations.
Quantum-enabled learning has also attracted significant in-
terest owing to its potential to capture nonlinearity and in-
tricate data correlations [15], which are highly relevant to
solving the aforementioned optimization problems in Internet-
of-Everything (IoE) [16]. This quantum-enabled learning ap-
proach also provides a viable practical means on current noisy
intermediate-scale quantum (NISQ) computers, where noise
and limited qubit resources are present [17]. For example, in
the wireless communication field, many studies have inves-
tigated integrating deep learning and parameterized quantum
circuits (PQCs) to optimize resource allocation, power control,
or beamforming configurations by learning channel informa-
tion patterns [18], [19]. In addition, [20] and [21] demonstrate
the utilization of quantum machine learning to estimate chan-
nel information and manage fluid antenna systems, respec-
tively. Collectively, these studies highlight the practicality of
variational quantum circuits for quantum-enabled learning on
near-term quantum hardware, including NISQ computers.

Recent academic and industrial efforts have accelerated
quantum computing beyond conceptual constructs, toward
early practical realization, notably through cloud-based ser-
vices, making quantum processors more accessible. Currently,
cloud-accessible quantum computers can handle computa-
tional tasks involving up to hundreds of qubits, although
preserving quantum information at such large scales remains a
challenge due to decoherence and the presence of noise [22],
[23]. While current NISQ devices remain noise-prone, notable
initiatives drive the notion of distributed learning workflows,
in which multiple quantum nodes (agents with embedded

quantum processor units) jointly execute computational tasks.
Such interconnected nodes, constituting distributed quantum
systems [22], inherently enable collaborative learning across
quantum nodes, where information or learned representations
are shared rather than computed centrally. Inspired by hy-
brid classical-quantum federated learning [24], [25], the same
concept can support collaborative learning for early-stage 6G
and IoE applications, where, in particular, a central quantum
processing node can act as a feacher by generating soft
targets or distilled knowledge for distributed quantum learners,
e.g., mobile edge computing (MEC) units, enabling efficient
knowledge transfer without full quantum state sharing.

As connected nodes, they may utilize quantum communi-
cation to share information, exploiting quantum entanglement
or other protocols, and facilitating visions such as quantum
internet [26]. However, such inter-node transmission may
encounter loss and attenuation, which may compromise the
integrity of the quantum states during communication [27].
Transmitting quantum information often involves sending pho-
tons through optical fiber or free-space channels, as typically
assumed in protocols such as quantum key distribution (QKD)
and quantum superdense coding. Unlike classical channels,
quantum channels are governed by quantum mechanics, which
introduces distinct concepts of information and channel capac-
ity [27]. The associated state evolution can be particularly de-
scribed using Kraus operators, with the evolved state remain-
ing completely positive trace-preserving (CPTP). In practice,
local computations can be performed using superconducting
technologies, while quantum information transmission can be
realized through photonic optical networks due to their low
latency and communication benefits.

There are possible applications of connecting quantum-
enabled learning nodes. One example is quantum-enabled
federated learning, wherein local data is processed on quantum
edge devices, and only the updates thereof (e.g., gradients or
parameters) are aggregated by central servers, to construct
global models. More broadly, here we refer to such non-
centralized quantum-enabled learning as quantum-connected
collaborative learning (QCCL), which includes quantum fed-
erated learning, ensemble learning, and related workflows.
Despite its benefits, QCCL may face security concerns: i) It is
especially vulnerable to Byzantine attacks, in which adversar-
ial nodes send malicious information to disturb the learning
process. In this context, the adversarial nodes may deceptively
pose as honest nodes. ii) In addition, model evasion attacks
allow the adversaries to tamper with the testing process of
the trained learning model, giving inaccurate measures of
how well the model performs. One may notice that these
risks share a common pipeline: attackers manipulate or extract
learning information, be it regarding the learning models
(e.g., the depth of the circuits), or relevant to them (e.g.,
the datasets used for training). Accordingly, in optimizing
future 6G scenarios such as WIoE, security is no longer only
about protecting transmitted data, but must also safeguard
the learning process itself. In particular, exchanging model



updates and control information over classical channels can
compromise the trustworthiness of the learning process. For
example, studies such as [28] have classified ML-related
attack categories in 6G/ Internet of Things (IoT), including
communication-centric threats that arise during the learning
stage.

To secure this critical exchange of information, the use of
quantum communication protocols has emerged as a solution,
utilizing quantum properties to provide secure communication
between parties. Developing such protocols typically requires
generating quantum entanglement, particularly in the form of
Bell states, where any malicious interventions would immedi-
ately alter the correlations, exposing the adversarial attempts.
Not to mention, the no-cloning theorem prevents any direct
copying of qubits, thereby preventing attackers from dupli-
cating transmitted information, particularly models’ gradients
and prediction outputs. That said, quantum communication
realized through quantum optics and photonic technology
may encounter device imperfections, leading to non-ideal
operation. In real-world experiments, such imperfections may
result in detector inefficiency, optical interferometer drift, and
beam-splitter imbalance. While non-coherent errors affect the
quality of quantum information during quantum transmission
via the quantum channel, hardware impairments associated
with using photonic technology should also be considered, as
many quantum applications, such as teleportation, superdense
coding, and entanglement swapping, depend on high-fidelity
Bell state measurements.

A. Motivations and Objectives

Collaborative learning strategies aimed at developing ef-
ficient, robust, and precise computing paradigms have been
discussed in survey papers such as [24], [29]. Yet, while
the exchange of learning information (e.g., model updates
or parameters) continues to rely on classical channels, the
use of quantum channels for this purpose remains relatively
underexplored. For example, quantum servers that collaborate
with classical clients, while exchanging classical snapshots
and local gradients, yet still use classical transmission, are
presented in [30]. Likewise, [31] adds classical Laplace-
distributed differential privacy noise to protect transmitted
gradients from clients to the server, yet the transmission occurs
over classical channels. In addition to quantum communi-
cation, recent studies further indicate that quantum-enabled
learning and quantum communication are beginning to in-
tersect. For example, [32] uses quantum circuit learning for
quantum entanglement distillation and quantum state discrimi-
nation, aiming to maximize the conditional fidelity and success
probability for noisy shared entangled states, respectively. [33]
employs a quantum autoencoder approach where encoder and
decoder quantum-enabled learning circuits are jointly trained
to adapt to a noisy channel. However, quantum communica-
tion, as an interconnection between quantum-enabled learning
units that directly participate in optimization, remains less
explored. Capitalizing on the security benefits of quantum

communication and quantum-enabled learning, therefore, this
study introduces QCCL, utilizing protocols, particularly su-
perdense coding, to connect different learning models, as in
Fig. 1.

As we briefly mentioned, noise remains a major problem in
quantum systems, including quantum communication, and it is
typically handled by QEC or error mitigation, which is mostly
assumed to apply in fault-tolerant systems. The use of quantum
learning models, such as quantum neural networks (QNNs), in
addition, has also been explored in the noisy settings, primarily
for optimization and noise characterization. For example, [34]
uses QNN for high-fidelity reconstruction of distorted orbital
angular momentum (OAM) beam profile images, affected by
perturbative channels. QNNs have the potential to be used in a
quantum environment for learning in the presence of quantum
noise-induced errors: QNNs can be used to characterize noise
and recover distorted images [34]. Another work, [35], uses a
QNN to profile quantum noise and leverage the information
to optimize noise effects by mapping highly influenced output
logical qubits onto reliable physical qubits. Accordingly, this
study introduces quantum-classical router units (QCRs) that
use a quantum model to learn the noise characteristics and
thus facilitate both communication and noise mitigation. As
a proof-of-concept, it further leverages QCCL to maximize
clients’ achievable sum rate in WIoE, under different quantum
channel conditions. Our initial study indicates that, even with-
out such noise mitigation models, QCCL can attain reasonable
performance under low error rates, albeit with the expected
performance degradation [36].

In optimizing WIOE networks amid imperfections in quan-
tum channels, this paper aims to deliver the following con-
tributions. i) This paper proposes the QCCL workflow in
which distributed quantum-enabled learning units are con-
nected through a quantum communication protocol, partic-
ularly superdense coding. ii) We develop an imperfection-
aware quantum communication model by considering both
quantum-channel-induced bit-flip errors and coherent Bell-
operation errors caused by device imperfections. iii) We design
a learnable QCR unit based on a PQC model to mitigate
these imperfections and recover the transmitted information
more reliably before it is used at the MEC unit. iv) We
apply the proposed QCCL workflow to a distributed WIoE
network and formulate a max-min power-control problem
to improve the minimum user rate under AP power and
service constraints. v) This paper numerically shows that the
proposed QCR-assisted QCCL workflow reduces quantum-
link decoding errors and improves the minimum-rate and sum-
rate performance compared with equal-power allocation under
imperfect quantum communication.

B. The Paper’s Organization and Notation

What follows outlines the rest of this paper. In Section II,
we discuss the quantum channel and errors associated with
imperfect deployment. Then, the propositions for connecting
quantum learning models by means of quantum communi-
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Fig. 1: The proposed QCCL workflow between Alice and Bob. The central unit processes classical learning information
and sends the quantized outputs to Bob via superdense coding. During transmission, the encoded state passes through an
imperfection-aware quantum communication model (red dashed box), which is then mitigated by the QCR unit before the

reconstructed values are used as optimization variables.

cation, particularly as QCCL, are detailed in Section III.
We discuss the system model of the wireless network in
Section IV, with particular attention given to the optimization
objective and the performance indicators. In Section V, we
demonstrate the utility of QCCL with a performance analysis.
In Section VI, we conclude this paper and offer future research
directions.

Throughout the paper, we use a variety of quantum gate
notations, particularly R(6),Ry(6),R,(#) denote rotations
around the x-, y-, and z-axes, with 6 representing the rotation
angle. Controlled-X gates are indicated by C(|tc) , [1¢)), with
|the) and |1)¢) indicating the states of the control and the
target qubits, respectively. U®? stands for parallel operations
of unitary U using ¢ qubits. H denotes the Hadamard gate
notation. I denotes the identity gate, and a vector and a
matrix are respectively indicated through bold lowercase and
uppercase lettering. The operators of transpose and Hermitian
are given by ()7 and (), respectively. The absolute value
is denoted by | - |. ()T denotes the Hermitian conjugate of a
matrix or operator. C and R denote the fields of complex and
real numbers, respectively, while 2e(-) and Jm(-) convey the
real and imaginary values of a complex number, respectively.

II. PRELIMINARY ON QUANTUM COMPUTING AND
CHANNEL

The following section details the fundamental concepts of
quantum computing and communication. In particular, it also

discusses the potential errors pertaining to quantum commu-
nication, highlighting the relevance of addressing such errors
using quantum learning models.

The basic unit of a quantum system is typically referred
to as a qubit, represented as a Dirac vector that describes its
state. For example, the computational basis states of a single
qubit can be expressed as |0) = [1,0]T and |1) = [0,1]T.
Quantum processors store and process information distinctly
from their classical counterparts, owing to inherent quantum
phenomena such as superposition and entanglement. In par-
ticular, quantum superposition permits a quantum system to
exist in multiple states simultaneously. For a single qubit,
this can be expressed as [v) @ol0) + a;]1) € C2,
where o and oy are the complex amplitudes, of which the
squared magnitudes, |ag|? and |oy|?, must add up to 1, to
preserve the probabilistic interpretation of quantum mechanics.
Generalizing this formulation, for a register of N, qubits, the
state of the system is given by |¢) = Z?:; ' ;i) € c2",
where the squared magnitudjs:s of the amplitudes satisfy the
normalization condition Z?:Sﬂ |a;]> = 1, and |i) denotes
the computational basis state corresponding to the binary
representation of the integer ¢. In influencing the states of the
qubits, one may apply different quantum gates. For example,
the controlled-Z gate, which can be defined as Uc, represents
a two-qubit operation that applies a phase flip only when the
states of both qubits are |1), explicitly, |[11) — —|11). Another
quantum phenomenon of interest is quantum entanglement,



in which two or more qubits are linked such that the state
of a qubit depends on the state of another, regardless of the
spatial distance between them. Accordingly, measuring one
qubit allows us to infer information about the other instantly.
Here, “measuring” refers to the act of performing a quantum
measurement, whereby classical outcomes are obtained by
observing a quantum system. Further discussion on this is
provided in Section III-B. As this paper focuses on applying
quantum principles to the benefits of quantum collaborative
learning and communications, those interested in the founda-
tional theories are encouraged to consult treatises such as [37].

A. The Evolution of Quantum State Under Quantum Channel

A quantum channel can be described as a physical trans-
formation that maps a quantum state operator, a quantum
density operator, to another operator, over a Hilbert space. This
transformation can be mathematically described as a linear
mapping: @ : L(H) — L(H), in which #H denotes a Hilbert
space, and L(H) denotes a space of linear operators on H.
This maps operators linearly, and represents a quantum system
evolution, which may be unitary or non-unitary, depending
on the system interaction. The unitary dynamics are ideal
evolutions because they are reversible and do not destroy infor-
mation. Typically, to obtain this type of evolution, the system
interaction ought to be isolated from the external environment,
a condition usually referred to as a closed quantum system.
Howeyver, inevitable interaction with the environment causes
the evolution of the system of interest to become non-unitary
due to induced errors. However, it can still be represented as a
unitary operation, by recasting it within an extended system,
which includes the environment and the system of interest,
known as the Stinespring dilation theorem. It follows that, in
evaluating a valid physical transformation, the said evolution
must be a trace-preserving and completely positive map [27].

A quantum channel, resembling a state evolution, can be
described using the following operator-sum representation

Elpin) = D MipM], ()

3

where {M;}; represents the Kraus operators, satisfying
z:l/\/l;r./\/lZ = 1. This evolution can be derived by tracing
out the environment from the extended system, containing the
system of interest and an auxiliary. As noted earlier, while the
reduced dynamics of the system makes the evolution of the
interested system is non-unitary, the evolution of the extended
system remains unitary pexp = U(pin ® |0)(0|eny)UT. The use
of an auxiliary state |0)(0|eny, also known as an ancilla, helps
describe a system’s interaction with its environment. Accord-
ingly, any such interaction, including those wherein systems
are entangled with others, is represented by a completely
positive (CP) map. Therefore, we can describe the evolution
of the system of interest as

E(pin) = Treny [U(pin ® [0){0leny)UT] 2
= Z(Hin oY <€i|env)VpinVT(Hin ® ‘§i>env)7 3)

where UUT = I, Treny|[:] denotes a partial trace operator over
an environment subsystem, which operates on the joint state
Pexp- The term V' = UW captures an isometry operator, where
Wi [€), = |€)in ® |)eny represents an embedding isometry,
VIV =1, and E(pyn) = 0 [27]. Following this equation, it
implies that Eqs. (1) and (3) are equivalent, for the i-th Kraus
operator is given by M; = (Iin ® (&il.,,)V, Vi, where |§;)
forms a basis for the said environment.

env

Based on the above characterization, we now discuss the
evolution of quantum channels, which generally comprises 1)
decoherence and ii) coherence errors.

As the interaction of the system with the environment
induces errors, these errors can be modeled using Kraus
operators, where each operator represents a physical error.
Therefore, we can use operator sum representation to model
the errors arising from such interaction. For example, a bit-
flip channel with its parameter ¢ results an output density state
Youts as expressed in the following:

N(qz[}in) = hour = COxVYin0x + (1 - C)wim 4)
where oy indicates the Pauli-X operator corresponding to
the bit-flip error, with ¢ indicating its probability. Here, the
gates with probabilities still represent Kraus forms, with
My = /oy and My = /1 — (I. We can also say that, due
to the interaction, the channel output becomes a probabilis-
tic mixture, which is also known as quantum decoherence.
Although a practical quantum communication channel may
involve various error conditions, including phase-flip and
depolarizing channels, throughout this paper, we consider the
bit-flip channel as a representative Pauli error model because it
can be interpreted as a logical-bit mismatch at the receiver, and
it provides a simple and interpretable first-order abstraction for
analyzing how quantum-channel errors propagate through the
proposed QCCL workflow. The evolution of the Bell density
matrix, after transmission through a bit-flip channel, has been
discussed in studies such as [38], and extensions to more
general quantum channels are left for future work.

A coherence error is a form of error arising during a
quantum operation, in which the implemented state rotation
deviates from the ideal, either through under-rotation, over-
rotation, or rotation about an incorrect axis. Typically, hard-
ware impairments or miscalibrations can lead to this category
of error. Such interactions can be described as an incorrect
Hamiltonian, which still generates a unitary evolution, yet de-
viates from the intended unitary. For example, the ideal/logical
C, Hamiltonian comes from H¢, = m|11)(11|, and in the Pauli
form it can be written as

HCZ:%[H®H—H®Z—Z®H+Z®Z]. (5)

Therefore, the ideal unitary can be written as Uc, = e~ HeT,
An imperfect entangling angle error can be illustrated by an
extra €4 in the Hamiltonian, and it can be written as Hc, =
(1 + €4)|11)(11|. Following this notion, we abstract the
imperfections of defective devices by modeling the hardware-
dependent coherence at the qubit level. Since we focus on Bell-
state operations, we form non-ideal unitaries for Hadamard



(“H”) and CNOT gates by adding extra terms to their ideal
Hamiltonians. In particular, the ideal Hamiltonian for the
Hadamard gate can be articulated as Hy = 7/ 2v/2(X + 7),
and we use X7 5

HE™ = g (1+e€) (\%) + 52 (6)
to represent an imperfect device when applying the unitary
operation corresponding to this Hamiltonian. In this Hamil-
tonian, € and § represent over/under rotation and equivalent
mismatch of the Hadamard operation, respectively. With re-
spect to the CNOT operation, we may build it leveraging
H and C,, in situations where C, is more accessible at the
hardware level. To be precise, we can obtain the equivalent of
CNOT by placing H after and before C, on the target qubit:
CNOT = (I®H)Uc,(I®H), where Ucz is the ideal operation.
Since we consider imperfect devices, the C, Hamiltonian can
be represented as H(e") = m(1+€y)|11)(11]4+61 ZRI+521Q7Z.
We add extra Z terms on both the control and the target qubits
herein to illustrate an equivalent mismatch of phase drift error
within Bell-state operations. The imperfect operation of the
Bell unitary can therefore be described by

U](;rﬂ) _ U(err) U(err) (7)

Henot?
where U(err and US:N)OT represent the imperfect Hadamard and
CNOT umtary operators, respectively. The time evolution of a
closed quantum system can be generated by its Hamiltonian,
to describe its time evolution. Generally, a unitary operator
can be constructed as Uy (7) = e 7*H7, where H denotes the
corresponding Hamiltonian matrix generating the evolution,
and 7 conveys the evolution duration [37]. Likewise, we adopt

this construction to represent the imperfect Bell gate in Eq. (7).

The following discussions detail the impacts of such imper-
fections. Initially, suppose we have a pure quantum state, for
which we have complete knowledge of the quantum system,
and the measurement outcomes are fully determined by the
quantum randomness. After it goes through the quantum
channel in Eq. (4), the state transforms into a statistical mixture
state. In this manner, the randomness of the system is no
longer fully quantum in origin. Rather, it contains classical
probabilistic uncertainties, as we can observe from the Kraus
operators. In other words, the purity of the quantum state (the
interference terms) shall be reduced or may even vanish when
noise affects the system. By contrast, the state remains pure
after undergoing an imperfect unitary operation.

In classical information theory, the maximum extractable
information from a classical channel is quantified by the mu-
tual information between inputs A and B, which is generally
described as I(A : B). The amount of information that can
be conveyed through the channel is quantified through the
entropy of the random source variable, signified as H(A). In
a quantum system, quantifying the uncertainty of a quantum
state is typically used to capture both entanglement, the
fundamental property of quantum mechanics, and extracting
classical information from a quantum system. Such a quantifi-
cation can be done by calculating the quantum entropy, known

as the von Neumann entropy, as follows.
S(p) = — Tr(plogs p) Z Ailogy A, ®)

where {\;} are the corresponding elgenvalues of the given
state, represented by the density matrix p [39]. For example,
for a pure quantum state, which contains no uncertainty of
itself, the entropy is S(p) = 0. For maximally entangled states,
where d represents the dimension of the Hilbert space, the
entropy reaches S(p) = log,(d), representing a completely
random state. For general mixed states, the entropy holds
S(p) > 0.

We now discuss the transmission of classical information
through a quantum channel, where classical information is
encoded into quantum states using an ensemble of quantum
states {p;, p;}. The amount of classical information that can
be extracted is restricted by the Holevo quantity, as follows.

I(A: B) < X < H(A), ©)

sz (pi)

represents a general definition of the Holevo quantity. Here,
Pesm = , Pip; captures the ensemble-averaged states, where
p; denotes the i-th encoded state with probability p; [37].
Based on Eq. (10), the use of mixed states in the ensem-
ble generally reduces the amount of accessible information.
Besides the choice of encoding states, the non-orthogonality
between the encoded states further decreases the accessible
information because of the state overlap. Such an overlap
is a property that limits the distinguishability of quantum
states. For the case of two encoded states, this minimum
unavoidable error is bounded by the Helstrom limits: P™* =
2 (1 = |lpopo — p1p1lly). where ||-||; represents a trace norm.
Therefore, the maximum accessible information cannot exceed
classical entropy (see Eq. (9)). This bound can be achieved
by an ensemble comprising pure and orthogonally encoded
states [37], [39]. For this reason, we select pure, orthonormal
basis states as our encoding states. Further details on quantum
communication security, pertinent to this functionality, appear
in Section V.

where

= S pesm (10)

III. QUANTUM-CONNECTED COLLABORATIVE LEARNING

In this work, we use the term quantum-connected collab-
orative learning to describe two or more quantum systems
linked through a quantum communication protocol. Such a
connection is designed to securely share meaningful values
during and after the learning process, leveraging it within
a secure distributed quantum optimization system. Figure 1
illustrates a quantum-connected learning between the central
unit, as “Alice”, and the MEC unit, as “Bob”, where the MEC
unit may have multiple units under this study. This workflow
can be directly adapted to other distributed quantum learn-
ing architectures discussed in Section I. For example, when
transmitting local quantized gradients or model parameters
in quantum federated learning, the QCR unit can be placed
within a quantum communication link to mitigate channel- and
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Fig. 2: Training workflow of the proposed QCR unit. The noisy superdense-coded state is processed by trainable rotation and
entangling blocks, and the measured output is used to compute the loss gradient and update the circuit parameters.

device-induced imperfection before recovering the information
for global aggregation [24], [25]. Thus, the workflow can be
considered as a link-level quantum communication and miti-
gation interface for distributed quantum learning architectures.
In the following paragraphs, we first discuss the employed
quantum communication protocol and then explain how the
central and MEC units learn collaboratively.

A. Quantum Communication and Quantum-Classical Router
Unit

One prominent quantum communication protocol is the
superdense coding, which facilitates the transmission of two
classical bits using a single qubit. Now we explain the use
of this protocol, assuming a simple scenario using only one
pair of entanglement states. Nevertheless, it is also possible to
extend this scenario to a higher number of entanglement pairs,
using a similar process. i) The process of quantum superdense
coding requires the central unit and the router unit to share a
Bell state to establish a link. In this context, we assume that
both the central unit and the router unit always share ideal
Bell state qubits during the learning and optimization process,
as they are used as entangled resources for secure communi-
cation. ii) Having prepared the state |®,), the central unit’s
qubit is encoded using the superdense coding protocol to send
its classical bits by following protocol Uspc = (X ZCC AR Zicc ),
where X and Z are the Pauli gates on the i,-th central unit’s
qubits. iii) After the preparation and encoding process, the

whole state at this stage can be written as

|'(/)enc> = USDC‘q)g:r>' (11)
In the ideal case, the prepared state can be characterized
either by measuring its Pauli correlators {XX,YY,ZZ} or
by applying a Bell-basis transformation (Bell operation) and
then performing computational-basis measurements. However,
since the ideal case is hard to achieve in a quantum commu-
nication scenario, considering noise and non-ideal hardware
operation is hardly avoidable. iv) We therefore introduce an
extra operation to the Bell operation circuit to characterize the
noisy prepared state, which we define within the QCR unit.
The discrete measurement outcomes (collapsed state) from this
unit will be demapped classically to a predefined continuous
value, subsequently used as input data during execution at the
MEC unit. We discuss this approach in more detail in the
following.

Previously, we discussed in general the interaction between
the environment and the quantum system of interest, which
can be described by a unitary transformation in Eq. (2). The
interaction also describes the evolution of the quantum state,
especially during the transmission of the encoded qubits after
the central unit applies the superdense-coding operation, which
can be written as &(tenc), Where enc = |Penc){(Wenc|- Fol-
lowing the bit-flip channel model in Eq. (4), errors occurring
during transmission not only perturb the isolated qubits, but
also alter the Bell-state correlation that is later decoded at
the QCR. On top of that, we also use an abstraction of the
imperfect Bell operation as the effect of coherence noise (see



Eq. (7)). Hence, as we use quantum communication to facili-
tate secure transmission under such impairments, the evolution
of the original information state is affected by both errors,
U](gﬁ) N (tenc), which substantially affects the subsequent
optimization stages. Therefore, this study specifically aims to
address these imperfections during quantum communication
by executing an additional parameterized circuit inherently

within the QCR.

Fig. 2 depicts the integration of a parameterized circuit
within a QCR to support quantum communication, and further
illustrates the QCR learning process, in which each circuit
parameter is updated according to the gradient of the loss
function defined by the learning objective. During the learning
process, this circuit is pre-trained, as illustrated in Fig. 1, prior
to its deployment as a quantum-enabled learning component
within the overall QCCL workflow. Typically, trainable quan-
tum circuits, such as PQCs and QNNs, consist of two main
blocks: parameterized rotation blocks and qubit entangling
blocks. These blocks form the core functionalities of quantum-
enabled learning, and thus can be used for addressing impair-
ments within learning pipelines. Accordingly, we utilize these
blocks jointly to learn noise characteristics and subsequently
mitigate errors. Specifically, the goal of the QCR circuit
is to construct a trainable unitary approximator capable of
representing an ideal Bell transformation, thereby facilitating
information retrieval in the presence of noise. For an N,-qubit
QCR system, we design the PQC as

Ny—1 N,
Upge.qcr (Bacr) = H C(|), ¢z+1>)<®
-1 (12)
szaca,»Rywacm)Rx(eaCR,i)),
where Oock = [B5cr; O ocr)T € R3¢ and

ocrs Ogcr: Oocr € RY*Na are the row vectors for particular
Pauli-gates rotations. This combination of rotations provides
a general single-qubit unitary structure that enables the circuit
to mitigate amplitude, phase, and axis-misalignment effects
induced by imperfect quantum operations. Meanwhile, the en-
tangling block is included to capture the two-qubit correlation
required for the Bell state. This circuit can be stacked or
applied multiple times to form layers when quantum com-
munication and hardware-related errors become sufficiently
complex. As ansatz design in quantum-enabled learning re-
quires balancing model expressiveness and trainability [40], a
shallow ansatz is considered in this work. Here, the protocol
requires the number of qubits to be a multiple of two, with
a larger number of qubits affecting the quantum communi-
cation effectiveness pertinent to the quantization level. For
instance, when both the quantization level ~ and the number
of transmitted qubits N, are equal to 4, then the quantum-
connected system transmits only a single piece of information
from the central unit (namely, the measurement outcome used
subsequently as an optimization variable later, see III-B) to
the MEC. Accordingly, reducing - decreases quantization
resolution, while reducing N, albeit potentially improving

qubit efficiency, increases the computational complexity of the
learnable QCR unit.

During the QCR learning process, we train the model using
a predefined subset of classical bit inputs to estimate noise
characteristics by updating the parameters via minimizing
the loss function, as illustrated in Fig. 2. When N, = 2,
for example, we train the model on the classical input set
Cocr = {00,11}, which generates the Bell states belonging
to different parity sectors (correlated and anti-correlated) in
the Z basis. Using this scenario, we can train the QCR unit
while simultaneously demonstrating quantum communication,
after which it is used as an additional operation to mitigate
errors. The learning objective of the QCR circuit is thus to
counteract the effect of imperfections in the Bell unitary (see
Eq. (7)), such that the trained PQC in Eq. (12) represents the
ideal Bell transformation. This objective can be described by
the following expression.

Upge.ocr (€ocr) © UBeerlE o N (enc) = Upett (Yenc)- (13)
Using the representative Bell states in the predefined set, the
QCR can learn to identify the coherent misalignment. Once
the compensating transformation is approximated, the learned
correction naturally extends to the remaining Bell states, owing
to their Pauli symmetry. Therefore, we define a loss function
and aim to minimize it by adjusting the entries of Ogcr
over the predefined input sets during the learning stage. The
optimization reads:

minimize »CQCR(aQCR) =

QCR

subject to 0 < Oqcr =X 2,
where each entry of Ogcr holds non-negative value, and is
constrained to the interval [0, 27], corresponding to the rotation
phases of quantum rotation gates. The term C; denotes the cost
associated with the error probability of the quantum—connected
circuit, for transmitting the set of classical information j,
which can be written as C;(0qcr) = (1 — P(j|5))?, where
J is the predicted output. Specifically, the terms P(00[00) and
P(11]11) indicate the probabilities that the classical informa-
tion 00 and 11 are correctly retrieved under the measurement
(-). Coo(Oqcr) and C11(0qcr) respectively indicate the error
rates pertinent to transmitting classical information 00 and 11,
with respect to the parameter set Oqcr.

Coo(0qcr) + C11(0qer),
(14)

B. Central and MEC units within a collaborative learning
workflow

As discussed, the collaborative approach involves both the
central and MEC units sharing the same learning objective,
connected through quantum channels, exploiting quantum se-
curity, i.e., security inherited from quantum properties, such as
the no-cloning theorem. The collaborative approach has two
options for applying quantum-connected collaborative learning
[36]: i) store and process all information at the central unit,
or ii) partially store and process the information at both the
central and the MEC units. In this work, we focus on the
first option, as it is more practical at the time this work is
conducted. At the central unit, the circuit comprises three main



parts: an encoding circuit, a parameterized quantum circuit,
and the measurement part. In the encoding process, the central
unit encodes classical information (in this work, wireless
channel state information of the users) into Hilbert spaces.
This process transforms classical data entries into quantum
states, facilitating the utilization of quantum algorithms to
solve optimization problems. We perform the angle encoding
techniques by adopting the angles of the rotation gates based

on the classical data, which is formulated as:
Nq
Uenca = ® [Rz(tanh(Jm(xi))ﬂ') . Ry(tanh(i)‘ie(a:i))ﬂ)}.
i=1
Since we admit wireless channel information as classical
data input (defined in Section IV), we accordingly separate
each complex-valued data point into two entries, the real and
the imaginary components, encoded into a single qubit by
applying two subsequent gates R,(-) and Ry(-), respectively,
instead of encoding one feature per qubit. Each data entry
is first normalized into a typical quantum angle range using
tanh(-), to avoid unnecessary rotations. The state after the
encoding process, therefore, can thus be written as |enc.a) =
Uenc: A|O>®Nq, where N, represents the number of qubits. For
simplicity, this work assumes that the qubits are initialized in
the state |0), typical in quantum circuit models.

For the parameterized quantum circuit, we train the encoded
state using

Nq
Upgea (62) = [@ Ry <tanh<9A,i>>] [Callon,) o))
i=1

Ng—1
(T Ctten) i) (1s)
i=1

as a learning circuit, where 04 is a set of parameters vector.
During the training phase, we initialized the parameters ran-
domly with 85 ~ U[—m,]. In the PQC circuit, we apply the
same learning operation circuit blocks, rotation and entangling
blocks, which are required to influence the model output.
To alleviate the issue of barren plateaus, indicated by the
vanishing variance of the training loss gradients, the learning
circuit dimension should lie in a sweet spot between being
excessively simple and excessively expressive, in terms of the
Lie algebra dimension.

The last part of the connection is the MEC unit circuit. We
express this circuit as an execution circuit since its outputs
are directly used as optimized outputs for the wireless system
model. The MEC unit circuit comprises the encoding and the
entangling parts, which can be written as

Ug = {@ZN:‘H Rz(tanh(e(*)cm)ﬂ)}

(16)

Ny—1
H CX(|wl> ) |wz+1>)1 ’
=1

where g, denotes a reconstruction value from the QCR’s
output, used as input at the ¢-th qubit at the MEC unit, repre-
senting the quantization and de-quantization process (detailed
in the following paragraph). While the MEC unit circuit could

be extended into a learnable design, similar to a PQC circuit,
representing a multi-stage optimization approach [41], it does
not contain a learning component for generalization purposes
in this work.

To obtain task-related classical outputs from the quantum
state, we perform quantum measurements and evaluate the
expectation value of an observable M. Since the required
outputs as solutions are bounded within the range of the
continuous value [0, 1] (detailed in Section IV-B), we define
the projection operator as M = |1)(1], applied to both the
central and the MEC unit circuits. The resulting expectation
value ()| M|t) consequently corresponds to the probability
of the target state. In particular, we quantify es; < (M),
which represent the probability of measuring state |1) at
the ¢-th central unit. This captures the desired information
transmitted through quantum communication. The presented
QCCL, however, involves a quantization process to map this
value into a sequence of classical bits, for transmission via the
superdense protocol, as discussed in Section III-A.

In this work, the quantization process essentially transforms
the value according to the quantization level ~ into binary data.
The value of « depends on the chosen quantization strategy,
and leads to an overhead in the number of qubits when the
level is high. For example, using v = 2, we can transform
e; < 0.5 into ¢ = 0, while e; > 0.5 is quantized into ¢ = 1.
This requires the same number of qubits as the number of
e; values due to the low quantization level. However, if the
quantization resolution is too coarse, it leads to less precise
reconstruction of the QCR outputs back to continuous values
(see Eq. (16)). The reconstruction process represents a linear
mapping from a single bit or a sequence of bits into specified
continuous values, akin to a code-book mapping, e.g., 00 —
0.25 and 10 — 0.75.

IV. WIRELESS SYSTEM MODEL AND PROBLEM
FORMULATION

To analyze QCCL utility in improving wireless system
performance, this section describes a WIoE network model,
with particular emphasis on a distributed transmitter system
with centralized power control. Subsequently, we consider the
practical limitations and formulate the optimization problem
for analyzing the performance of the QCCL workflow.

A. WIoE Network with Centralized Power Coordination

This work considers a network with L distributed coopera-
tive access points (APs) jointly serving K user equipments
(UEs) distributed across the network. Each AP and UE is
assumed to be equipped with M antennas and a single antenna,
respectively, and thus M > K. Regarding QCCL integration
into WIoE networks: the APs are connected to the MEC
unit via high-capacity links, which enable user-data sharing
and coherent joint transmission. Therefore, we can model the
channel between the [-th AP and the k-th UE as

hy; = v/ 5k,lR]167/12gk,l e CMx1, (17



Algorithm 1 Training Procedure of the Proposed QCCL
Workflow

Require: Acquired wireless channel information H; prede-
fined QCR bit-label set Cqcr; quantization level «y
Ensure: Trained parameters 0}, 6y, and optimized ¢*
Stage 1: QCR pre-training
1: Initialize QCR parameters Oqcr
2: for each QCR training iteration do
3: Transmit predefined bit labels ¢ € Cocr through super-
dense coding under quantum-channel and Bell-operation
imperfections
4: Update Ogcr by minimizing the decoding loss Locr
5: end for
6: Fix the trained QCR parameters Opcg
Stage 2: WIoE optimization
7: Initialize the central-unit parameters 6, and ¢
8: for each WIOE training iteration do
Encode H at the central unit, obtain measurement
outputs, and quantize the outputs using 7.
10: Transmit the quantized value through the noisy quan-
tum link
11: Apply the QCR unit with the trained parameters and
reconstruct the corrected values at the MEC unit
12: Obtain the power-control variables and evaluate the
WIOE loss Lwiog
13: Update 04 using the parameter-shift rule
14: Apply the updated 0,. Obtain the MEC unit’s output
to update ¢ using its gradient
15: end for
16: return 0}, O e, and t*

where ), denotes the large-scale channel gain component
that captures distance-dependent path loss and shadowing
effects, gr; ~ CN(0,Ip/) marks the small-scale fading
random component that captures channel characteristics such
as reflections or scatterers, primarily due to multipath links
and other factors, and Ri/ lQ represents a correlated component
across element antenngLs. For the large-scale component, we
model it as By ; = 10_%, where the path loss model is given
by PL;; = PLy + 10ep, loglo(%[), with dj; denoting the
distance between the k-th UE and the [-th AP, PL( denoting
reference path loss, dy denoting reference distance, and epp
denoting the path loss exponent [42]. We model the spatial
correlation across the antenna elements of a uniform linear
array (ULA), at the [-th AP, using the following structured
correlation matrix: [Ry ]mn = rl:f”‘, where r,; € [0,1)
represents the correlation coefficient associated with the [-th
AP and the k-th UE, in which a larger value indicates a higher
correlation level. The channel correlation can be captured
as Ry, = ]E[hk’lhf’l] € CMxM_ We can also define the
covariance matrix of the channel model expressed in Eq. (17)
as the product of the large-scale and structure components, as
follows.

Ry.i = Bk, Raom, (18)
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Fig. 3: A depiction of the assumed WIoE network, featuring an
MEC for centralized power coordination. . APs are deployed
to serve K UEs.

where Ryorm = Rk,l(ﬁ) conveys the normalized struc-
tural matrix. The normalization maintains Tr(Ri,) = M B .
capturing the total average power, which is well explained
in [43]. Since Ry; = 0 is a positive semi-definite matrix,
we can perform eigen-decomposition Ry; = Uk,lAk,lUf’l,
to construct a valid square-root matrix R,1€/ 12 in Eq. (17), by

computing R,lf/f = Uk’ZAimUkHl. Here, Uy ; represents a

unitary matrix that contains the corresponding eigenvectors.

Fig. 3 illustrates the assumed WIOE network model, where
L distributed APs are employed to serve K users. The figure
also depicts a single MEC unit connected to the central unit
for evaluating the QCCL model, which is defined in Sec. III.
As detailed therein, our QCCL model can be extended to
incorporate multiple MEC units, where each unit is linked
to the central unit through quantum communication protocols
(see Fig. 1). The MEC unit in the WIoE network is responsible
for controlling the transmit power of all APs. We assume that
each AP stores data pertinent to the UEs. In this context,
fronthaul links connect the MEC with all APs, to facilitate data
sharing. Centralized multi-AP coordination is also considered
in emerging WLANSs, where a local controller exchanges
channel and control information with connected APs over
high-capacity links to coordinate their transmissions [44].
Additionally, the discussion on how the MEC unit coordinates
transmit power levels for all APs in the system can be found
in Section III-B. Such a network model is commonly adopted
in scenarios such as cell-free multiple-input multiple-output
(MIMO) systems, where the access points are distributed to
provide better fairness to all users [45]. Data sharing among
users can also enable coherent joint transmission, providing
beamforming gains across the network [46].

In the downlink scenario, each AP transmits a superposition
signal to K UEs simultaneously. With respect to the [-th AP,



such a transmitted signal can be represented as
K

X] = E W 1Sk E(CMXI,

k=1
where s; denotes the symbol designated to the k-th UE,

with E[|s;|?] = 1. The notation wy; € CM*! denotes a
beamforming vector intended to the k-th UE, by the I-th AP,
and can be decomposed as

Wi 1 = /Dk,IVk,- (20)
Here, v denotes the corresponding beamforming vector at
the k-th UE and the [-th AP; hence, the term ||vg ;|2 = 1
conveys the corresponding beam direction. The term py;
indicates the transmit power associated with the [-th AP
and the k-th UE, where it must be > 0; the total power
at the /-th AP must satisfy Zf D < ]51“‘“", where ]31“‘“
denotes the maximum transmit power. This paper assumes that
the beam directions are set using the zero-forcing technique,
for the sake of generality. Accordingly, the channel matrix
between the [-th AP and K users can be defined as H; =
[hi,hay, ... hg,] € CM*E We can then compute the zero-
forcing beam direction matrix of the [-th AP to K UEs as
vV, = Hl(quHl)_1 € CM*K In addition, to preserve unit-
norm beamforming vectors, each (k,7)-th beamformer can be
normalized as follows: vy ; = H:;,’:—ZH Therefore, the received
signal at the k-th user can be described as

19)

L
yk = _hilxi +ny,
=1
L L
=N bl wis+ > Y b wisitne, 21
=1 itk =1

desired signals interference signals

where ny, ~ CN(0,0?), denotes the additive white Gaussian
noise, o2 is the noise variance. Since the received signal
contains the desired signal and interference from other users,
the data rate of the k-th user shall depend on the received

signal-to-interference-plus-noise ratio (SINR), which can be

written as
| S by wi
> iz | ZzL:1 hif;wi|? + o2 '
The rate of the k-th user, therefore, is given by
Ry, = log, (1 + SINRy,).

2

SINR;, =

(22)

(23)

This work also considers imperfect channel estimation pro-
cesses to account for limitations in practical deployments,
such as limited pilot resources. Therefore, as we assume the
presence of residual error, the actual channel can be modeled
as

hig=heg+ e, (24)
where e, ~ CN(0,02) indicates the stochastic error, with
variance 03, and fzk,l denotes the estimated channel state infor-
mation [43]. Accordingly, as each AP applies the zero-forcing
technique based on the estimated channel state information,
perfect interference nulling cannot be guaranteed under im-
perfect channel information. Each [-th AP then computes

H = [flLl,}AlQ’l,...,flel] € CM*K_ The beam-direction
matrix can then be obtained as V; = H;(HH,;) ' € CM*XK,
with each column normalized to construct vy ;. Thus, for
h,g iy # 0,¥i # k, the residual inter-user interference
remains in the received SINR.

B. Max-Min Problem Formulation

The objective of the WIOE optimization is to maximize
the minimum user rate by jointly optimizing AP transmit
power levels. Such an objective emphasizes user fairness while
promoting overall rate improvement without neglecting the
performance of users experiencing poor channel conditions,
which is crucial for communication reliability. We formulate
this objective subject to AP power restriction and service
constraint, as follows:

maximize min R ,
Pk, yPK,L k=1,..K
subject to  p; < ]3lmax7v1 e{1,---,L}, (25)

Ry > Rp™ Vk e {1,--- K},
where p; = >, pr. The first constraint dictates that the
selected power levels at each AP do not go beyond the max-
imum allowable power level. The second constraint ensures
that the service received by each UE, particularly attained user
rate, shall meet a certain threshold, where Rg‘i“ defines the
minimum allowable rate.

C. Reformulated Problem

To avoid the non-smooth function max min, we reformulate
our problem in Eq. (25) into an epigraph formula by introduc-
ing an auxiliary variable ¢. The optimization problem becomes:

maximize ¢
t7 0A
subject to ¢ < Rp(0a),Vk € K,
RP™ — Ry(64) <0,k € K,

0 < pi(Bx) < P Vi L.

Applying the first constraint, we maximize min[Ry(64)] via
the variable ¢. Using this form, our problem becomes easier to
solve while remaining aligned with the original problem. We
also redefine the second constraint as a standard inequality
so that we can construct the training loss using regularization
terms. As our QCCL model employs a gradient-based method
to optimize the variables, we transform the constrained prob-
lem into an unconstrained one by adding penalty terms based
on the constraints. The penalized objective function can be
written as

(26)

] =

f(Oa,t) =1 — X1 [max (0, t_Rk(eA))]z_
. k=1 | 2
A2 Y [max (0, RP™ — Ry(64))] ", 27)
k=1

where A\; and Ao are the penalty coefficients (larger coefficient
values impose greater priority to satisfy the constraint). The
penalty term is activated only when the particular constraint



conditions are violated, to ensure that the model accounts
for the constraints in the original problem. This approach is
commonly adopted in learning-based constrained optimization,
including constrained reinforcement learning and deep rein-
forcement learning workflows [47], [48].

V. RESULTS

This section discusses the feasibility of the presented QCCL
workflow for optimizing wireless communications, particularly
corresponding to WIoE networks. In this wise, it first defines
the training loss function and the associated gradient computa-
tion. Subsequently, the feasibility of integrating QCR units is
demonstrated through numerical results. For this experiment,
we use fI, generated in Section IV, as our unlabeled data
during the WIoE optimization. The workflow follows an
objective-driven unsupervised learning, to directly optimize
the data rate. Predefined labels are used only during QCR
pre-training, to evaluate the decoding probability of the noisy
superdense-coding links.

A. Training Loss and Gradient Computations

We define a training loss for optimizing the WIoE network
based on the problem formulation in Eq. (25) and the refor-
mulated Eq. (27) as

Lwiog(0a,t) = —f(0a, 1)
K
= —t+ A Y [max (0, t - R(8a))]”
. k=1 | 2
+ X2 ) [max (0, R™ — Ri(6a))] . (28)
k=1

Since this work is also inspired by gradient descent to optimize
the penalized objective, we redefine the objective as the neg-
ative of the penalized objective function. The final objective
for optimizing our WIoOE network is defined as:

min ,CWIOE. (29)
Ot

In this stage, we have two different variables to be optimized
using the final training loss: ¢ and 0. To optimize ¢, we simply
use the first-order iterative optimization technique to update
its value. Hence, we need the loss gradient calculation with
respect to t. In addition, since ¢ is an explicit variable, and
Ry (04) does not depend on it directly, we can compute its

gradient as:

OLwioE(Oa, 1)
k:t>Ry,(84)

=142\ (t — Ri(64)), (30)

ot
where the second term is activated if the condition t > Ry (0)
is satisfied. For the second variable, as it represents the
sequence of weights, as in quantum machine learning, in the
quantum circuit we leverage the parameter-shift rule method
for parameter updates, given its wide adoption in quantum-
enabled learning workflows. As discussed in Section III-B,
the outputs from the learnable circuit are used for power

allocation. Therefore, we treat the quantum circuit as a model
for optimizing the final training loss while optimizing for the
power allocation. By doing that, we can obtain, for example,
the gradient of a single parameter of the quantum model with
respect to the training loss at step ¢ by computing
¢ OLwior (0 1
v9£=i£WIOE(0A’t) - 8(9£€)A) B 2sin(s)

(<o s (05:8) = (o —(65.89) | 6D
where s is a predefined shift coefficient [49]. During training,
we also update the parameters of each rotational gate using a
first-order gradient-based method. The iterative update for the

i-th parameter, Of\tl, can be defined as

O =08 — avaﬁyiﬁwm(@gy t), (32)

where « specifies the learning rate for optimizing the cir-
cuit parameters, and Vot L'WIOE(O A, 1) represents the partial
derivative of the training ‘loss function computed at ¢, with
respect to 04 Ai € 6.

The last constraint in Eq. (26) ensures that the total power
of a single AP, p;, cannot exceed the maximum power, leax.
As the output of the quantum circuit is e; < (M;), we allocate
Dk, = € ~]5lma". To ensure the allocated power always satisfies
the constraint conditions, we perform power scaling when the
total transmit power of an AP is larger than the maximum
power, as in p; < 15““‘", where p; = Zk pi,1- The scaled
power allocation can be computed as: py; = Pm“lx . B ’“.
Otherwise, the original power allocation is used. By domg
this, we can guarantee that the last constraint from Eq. (26) is
always satisfied during the optimization process. During the
learning process, we use an alternating optimization approach,
where the first variable is optimized before moving to the
subsequent variables. For example, we first set ¢ to an initial
value, then perform the learning process to update 0, for
the quantum model. Subsequently, after updating all quantum
model parameters, we update ¢ using classical optimization
while simultaneously using the updated quantum model pa-
rameters in the training loss. This process is also detailed in
Algorithm 1.

As we use encoding states from the Bell states |tenc) €
{|®*), [U*)} which are orthogonal (see Section III-A), the
entropy of each of these states is S(-) = 0, as they represent
pure states. However, when the subsystems are observed indi-
vidually, each appears completely random, hence the entropy
of the reduced state is S(-) = 1. In this wise, neither
qubit carries information, as shown in Lemma 1. We can
therefore utilize this property, whereby the global system
remains perfectly determined while each individual subsys-
tem appears random, improving the security of information
exchange. The same argument applies to the other Bell states.
For example, for |[¥+) = L 75 (101) + [10)), the reduced
state, pa = Trp(|TH)(TT|) = 1[ also gives S(pa) = 1.
Hence, Bell states yield max1mally mixed reduced state and
the individual qubit carries no accessible information by itself.

Lemma 1. The entropy of the reduced state corresponding



to a maximally entangled state is inherently equal to 1,
representing completely random information.

Proof. Consider |®T) = %(\00) +|11)) as the encoded state.
The density matrix of the composite system is thereby pap =
|®T)(®T|. We understand, from Eq. (8), that S(pap) = 0
because the state is pure. Assume that an attacker can only
observe one individual subsystem, for the qubits are trans-
mitted individually. The reduced state of psp is therefore
pa =Trp(pas) = %-]I, with eigenvalues {\; = Ao = %} The
entropy of this state can thus be calculated as S(p4) =1. W

B. Performance results

The following details the parameters associated with co-
herence errors in the Bell operation: Regarding the detuning
error in the Pauli-Z operation, denoted by Z, we assume the un-
wanted frequency drift is set as § = 27-1 MHz. In this abstrac-
tion, we set the error associated with amplitude miscalibration
as eump = 10%. Regarding the construction of the controlled-Z
gate, we consider that the detuning parameters, affecting both
the target and control qubits, are equal to the previously set
0. Regarding the miscalibration error in this abstraction, we
assume a 5% over-rotation error, and the quantization level
used in the QCCL transmission process is set to v = 4.
As we focus on the optimization performance, we assume
certain physical or hardware conditions. For example, rather
than expressing these values in Watts, we adopt normalized
quantities relative to noise power. More precisely, we assume
a ratio between the transmit and noise power values, which,
under ideal conditions, with a noise power of c2=1and a
maximum power of ﬁ’lma" = 200, corresponds to a signal-to-
noise ratio of around 23 dB. Accordingly, we normalize the
channel coefficient in Eq. (17) to obtain consistent rate calcu-
lation under such normalization. To do so, we normalize the
channel by considering effective channel gains to preserve the
physical characteristics, such as frequency and distance, during
simulation. The effective channel gain is computed from the
aggregated channel gains of each user: n = [n,...,7k],
where 7, = Y, |hg|?. Therefore, the effective channel gain
and the normalized channel coefficient can be written as

7Ner = median(n) (33)
Ri,t,m

and h;ﬁl’m = a respectively, where hy; ., denotes the
m-th element of hy, ;, V&, VI. During simulation, we consider
a distributed cooperative network with L. = 4 APs and
K = 3 UEs, where each AP is equipped with M = 8
antenna elements. The APs and UEs are independently placed
at random within a 200 m x 200 m area, following a uniform
distribution. In generating the wireless channel, we use a path-
loss exponent of epr, = 2.3 and include log-normal shadowing
with a standard deviation of 7 dB. For the spatial correlation
model, we set the correlation coefficient to r,; = 0.75,
representing a moderately high correlation among the antenna
elements at each AP. For the constraint-quality service, the
minimum rate is defined by a target of 1 bps/Hz, which is
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Fig. 4: Decoding error probability of the quantum-connected
link with and without the proposed QCR unit under different
bit-flip error levels.

converted to the corresponding minimum rate based on the
adopted bandwidth.

Figure 4 demonstrates the link-level benefits of integrating
a QCR unit into the QCCL workflow. Here, the estimated
decoding error probabilities under different bit-flip error levels
¢ are depicted; the error probability is obtained by averaging
the decoding errors observed across simulation trials. The
result compares performance under the imperfection-aware
quantum communication for two cases: a quantum-connected
link with and without the proposed QCR unit. Here, increasing
(¢ leads to a higher decoding error probability since the trans-
mitted Bell-state correlations are more frequently disturbed.
Nevertheless, the QCR-assisted case consistently achieves
lower error probability across all considered noise levels. For
example, employing the QCR unit reduces the decoding error
probability at ¢ = 0.25 by approximately 50.41% compared to
the case without the QCR-assisted. This quantitative reduction
confirms that the QCR improves the reliability of the decoded
information, or in other words, the learned QCR circuit can
partially compensate for quantum-channel and device-induced
imperfections, before it is used by the MEC unit for power-
control optimization.

Figure 5 illustrates the training loss in Eq. (28) for opti-
mizing the WIoE network under different levels of quantum-
channel imperfection. While the training loss decreases no-
ticeably over the training iterations, the loss exhibits fluc-
tuations as the number of iterations increases. This indi-
cates that learning is occurring despite imperfect conditions,
and the fluctuation behavior arises from penalty terms and
quantum randomness. For illustration, when the optimization
approaches the feasible boundary, small variations in the
decoded-and-reconstructed values from the QCR can slightly
change the user rates Rjy(64), which may activate or deac-
tivate the penalty terms associated with (¢ — Ry(64)) and
(R™" — Ry(04)). These variations can occur due to noisy
quantum communication, finite-shot measurements, and quan-
tization followed by reconstruction into continuous values.
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Fig. 5: Training-loss evolution of the proposed QCR-assisted
QCCL workflow under mild and severe quantum-channel
imperfections.

As a result, the training loss is not monotonic, but the
learning remains stable under mild-noise (¢ = 0.25) setting.
Compared with the severe noise when (¢ = 0.5), the loss
has a larger variance and higher value, but still maintains a
learning process, demonstrating the resilience of the proposed
workflow.

While the results in Fig. 5 indicate that the proposed QCCL
workflow can continue to be useful under imperfect quantum
communication, this benefit is accompanied by practical trade-
offs. In particular, the use of shared entangled Bell pairs is
required before transmission via the superdense protocol. The
shared pairs currently introduce practical challenges such as
resource overhead, synchronization requirements, and possi-
ble latency, especially in larger quantum-connected networks,
which is a common consideration in entanglement routing
studies [50]. In addition, the purpose of these results is to
evaluate the effectiveness of the proposed QCR-assisted QCCL
workflow under imperfect quantum communication. Equal-
power allocation is therefore used as a non-learning baseline to
verify whether the proposed workflow can learn useful power-
control behavior while mitigating quantum-channel and device
imperfections.

Figures 6 and 7 further evaluate the system-level perfor-
mance of the proposed QCCL workflow in terms of the
minimum user rate and the sum rate, respectively. In Fig. 6,
the proposed workflow improves the minimum user rate over
iterations under both severe and mild noise settings. Compar-
ison with the equal-power baseline is also included. While
some fluctuations are observed during training, the model can
still allocate power control more effectively than the baseline.
As a result, the weaker user, with severe wireless channel
conditions, is still supported. This promotes rate fairness. In
addition, Figure 7 complements this observation by showing
the aggregate network performance. A common concern in
max-min optimization is that improving the worst-user rate
may reduce the overall sum rate. The overall sum-rate trend
for both settings, however, maintains a higher sum rate than
the equal-power baseline.

The impact of quantum-channel imperfections can also be
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Fig. 6: Lowest user rate attained by the proposed QCCL
workflow compared with equal-power allocation.
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Fig. 7: Sum rate performance of the proposed QCCL workflow
compared with equal-power allocation.

observed by comparing the mild and severe noise settings.
When the bit-flip probability increases from ¢ = 0.25 to
¢ = 0.5, the decoded information becomes less reliable, which
degrades the quality of the power-control decisions at the MEC
unit. This explains the decline observed in both the minimum-
rate and sum-rate curves. Nevertheless, the proposed workflow
remains competitive relative to equal-power allocation.

VI. CONCLUSION AND FUTURE WORKS

This paper employs quantum learning models to address im-
perfections in quantum communication channels and deploy-
ment while maximizing WIoE performance, in terms of user
rate. It presents QCCL workflows in which distributed nodes,
each capable of executing quantum computing and commu-
nications, host separate quantum learning models, connected
via quantum communication protocols, leveraging quantum
superdense coding. Such separated yet connected architectures
facilitate improved security and computational load balancing
among nodes. However, quantum communication channels are
expected to be affected by imperfections, such as bit-flip errors
and coherence errors, which compromise state fidelity and
disrupt training progression. In response, this paper introduces
the use of quantum-classical router units capable of learning



and adapting to quantum communication channel conditions.
It computes parameterized circuits tasked with minimizing the
information misalignment caused by such errors. Numerical
results confirm the effectiveness of this approach. Further, as
this study explores the integration of quantum communica-
tion protocols with variational quantum circuits, prospective
research paths can thus be investigated as follows.

Future studies may also discuss the utility of quantum entan-
glement routing within networks of quantum communication
nodes. Akin to networks of classical communications, various
key performance indicators can be improved through quantum-
enabled learning approaches. In particular, we may aim to
reduce latency or balance computational and communication
burdens across nodes. In addition, entanglement routing poten-
tially involves entanglement swapping, with approaches such
as heralded swapping, which requires nodes to perform swap-
ping operations according to the swapping outcomes of other
nodes, or unheralded swapping, which does not require waiting
for such outcomes [50]. It is worth mentioning that swapping
operations inherently have certain success probabilities, which
might need to be accounted for in optimization or analysis.

At the link level, it is possible to design quantum proto-
cols that can accommodate multi-user communication. With
respect to QCCL, such protocols facilitate aggregation-based
distributed learning approaches, whereby training outcomes of
several edge units are aggregated at central nodes, leveraging
multiple entanglement links. These protocols may additionally
involve multi-user query management and key exchanges as
well, as highlighted in studies such as [51]. Furthermore,
given the increasing relevance of joint quantum-classical com-
munications, multi-user protocols exploiting quantum-classical
communication channels can be developed as well, accommo-
dating functionalities such as interference mitigation.

Finally, we concur that the presented QCCL workflow is
not restricted to WIoE performance maximization, and can be
useful for the other implementations as well: Notably, when
considering large-scale quantum-wireless networks, graph rep-
resentation and learning can be used to jointly optimize
network topology and associated performance metrics. For
instance, quantum-enabled graph representation can be used
to identify node activation sequences and routing patterns that
yield higher success transmission probability, subject to qubit
processing capability thresholds and state fidelity. Further-
more, abstraction learned from large-scale network topologies
can be adopted to smaller networks, using approaches such as
relational knowledge distillation [52]. For example, through
such methods, once a particular quantum learning model
identifies the favorable configurations of a wide-area network,
this representation can be distilled to construct small-scale
models, which in turn are used to maximize the performance
of local entanglement networks.
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