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Abstract—In recent years, distributed wireless communication
optimization, where training data is stored remotely from local
multi-access edge computing (MEC) processors to preserve data
security privacy and minimize complexity, has seen noteworthy
progress for relevant wireless Internet-of-Everything (WIoE)
networks beyond 6G. Nonetheless, the exploding number of WIoE
clients requires secure data storage and scaled data processing
at the network and transmitter, which local processors might be
unable to afford. Parallel to this, we are witnessing widespread
quantum-enabled learning adoptions for optimizing wireless
communications. The rapid growth of quantum technologies has
introduced security concerns for classical channels, due to their
potential to undermine classical cryptographic approaches. This
paper, therefore, considers the adoption of quantum-enabled
learning with quantum communication protocol, especially quan-
tum secure direct communication (QSDC) via superdense coding.
While the processing learning happens across different locations
for next-generation WIoE networks, the QSDC prevents vul-
nerabilities of data poisoning and model stealing in connected
quantum collaborative learning.

I. INTRODUCTION

W IRELESS INTERNET-of-Everything (WIoE) is an
extension of Internet-of-Things (IoT) for the sixth-

generation wireless communication (6G) and beyond appli-
cation. Sensors generate an increasing influx of data to enable
interaction between people and everything, such as real and
virtual environments. Integrating artificial intelligence (AI)
across all layers of beyond 6G networks, such as machine
learning (ML) for resource allocations [1] and interference
management [2] in wireless communications, is essential for
extensive computational data in the WIoE, as it excels in
interpreting information and recognizing data patterns. Never-
theless, it grows increasingly complex as it evolves into dense,
heterogeneous ecosystems with massive device connectives.
Optimizing such cross-domain systems poses major scalability
concerns, demanding intelligent, adaptive learning workflows
[3], [4]. Compounding the issue, the miniaturization of classi-
cal transistors has already reached its physical limits, signaling
the need for alternative computing technologies to meet future
demands.

Quantum technology has been widely investigated by en-
gineers, not only for the field of physics but, notably, for its

utilization in computations and communications. The current
noisy intermediate-scale quantum (NISQ) computers already
show potential to outperform classical computers for specific
essential tasks, as shown in [5] and [6], among other in-
stances. Furthermore, quantum-enabled learning has garnered
substantial interest ranging from future wireless networks
[7], directing unmanned aerial vehicle (UAV) trajectory [8],
to tactical augmented reality [9]. Still, tangible risks are
inherent in centralized quantum-enabled learning, wherein the
central unit performs the entirety of the computational heavy
lifting, rendering the central unit a single point of failure
and scalability. These concerns prompt the advancement of
non-centralized quantum-enabled learning, which we termed
quantum collaborative learning (QCL), in the form of quantum
federated learning, ensemble learning, and other such work-
flows.

To address this, leading studies have promoted that quantum
communication protocol is a secure communication using
the principles of quantum mechanics, where protocols utilize
entangled qubits to communicate between quantum processing
nodes that exposing any attempt to eavesdrop on one, and
forbidding perfect copying of quantum state, which is known
as the no-clone theorem. Capitalizing on these benefits, this
study introduces quantum connected collaborative learning
(QCCL), utilizing a superdense coding protocol [10] to con-
nect different learning models, as illustrated in Fig. 1. As
a proof-of-concept, this study leverages QCCL to maximize
clients’ achievable sum rate in WIoE, given their varying
channel conditions. This paper directly confronts the contri-
butions through the following key points: (i) While prominent
studies do employ distributed learning models in collabo-
rations, as in robust quantum federated learning, e.g., [11]
and multi-agent quantum deep reinforcement learning, e.g.,
[12], quantum communication protocols are unfortunately left
unutilized in these studies. This paper, therefore, introduces the
notion of QCCL, in which different quantum learning models
are integrated with quantum communications. (ii) This paper
provides workflow designs for adopting quantum secure direct
communications. This approach not only directly addresses the
security concerns of quantum collaborative learning but also
opens possibilities that are unthinkable without it. Specifically,



Fig. 1: An overview of the proposed QCCL involving a central
and multi-access edge computing (MEC) unit, leveraging
quantum communications for information exchange.

it adopts a design guide that can be extended to other commu-
nication protocols and models, making this paper distinctive,
providing such a guide for quantum communication-enabled
learning interconnections.1 (iii) This study demonstrates the
utility of QCCL to optimize wireless networks, particularly for
supporting WIoE, considering a practical objective to optimize
a small transceiver’s parameters, aiming to maximize the sum
rates of clients. At the time of writing, this is an earlier study
that considers the utility of collaborative learning, let alone
superdense encoding employments.2

II. WIOE MODEL

We study a WIoE network where a small access point
(AP), equipped only with a single antenna, serves Kuser
single-antenna clients in wireless downlink communications.
We use an MEC unit capable of quantum computing and
communication that connects with AP. The MEC and a central
unit are in different locations and connected via a quantum
channel, sharing entangled qubits to facilitate quantum com-
munications. Nevertheless, as per WIoE directives, this MEC
has limited memory capacity and must therefore send learning
datasets directly to the central unit for processing via quantum
computing. At each iteration time t, given Nsub frequency
allocations, the wireless channel between the AP and the
clients, a key factor influencing the network’s performance,
can be expressed as h(t) = [{h(t)m,k}

Kuser,m
k=1 ]Nsub

m=1 ∈ C1×Kuser ,
where Kuser,m denotes the number of users occupying the
m-th frequency allocation, and h

(t)
m,k denotes the channel

coefficient of the (m, k)-th client among them, and where
Kuser =

∑Nsub
m=1Kuser,m.

Given the aforementioned minimal transmit equipment and
limited transmit power typical in WIoE networks, the small
AP is expected to maximize the sum rate of the clients while

1By comparison, pertinent studies either lean toward providing workflows
to support the execution of quantum algorithms, e.g., such as [13], addressing
hardware and computations, e.g., [14], or focusing on quantum communication
protocols [15].

2For example, the pertinent study in [16] employ an evolutionary algorithm-
based approach, while [17] considers classical reinforcement learning.

satisfying the quality-of-service (QoS) of each k-th client, as
defined in the following:

maximize
p
(t)
Tx,k

Nsub∑
m=1

Kuser,m∑
k=1

R
(t)
m,k

subject to R
(t)
k ≥ Rmin,

p
(t)
Tx,k ≤ P̂Tx,

(1a)

(1b)

(1c)

where p
(t)
Tx =

[{
p
(t)
Tx,m,k

}Kuser,m

k=1

]Nsub

m=1

∈ C1×Kuser denotes

the vector of transmit power allocations, by which p
(t)
Tx,m,k

is associated with the k-th user occupying the m-th sub-band.
The constraint in (1b) enforces a minimum allowed rate Rmin
as it may need to send multimedia content in addition to
the requirement for sensors only. The constraint in (1c) deals
with the transmit power budget, accounting for compliance
with the maximum transmit power P̂Tx. To adhere to it,
we optimize the power coefficients for each t, where e

(t)
k

denotes the normalized coefficient for the k-th user, abiding
by e(t)1 + · · ·+ e

(t)
k + · · ·+ e

(t)
K = 1. The allocated power for

each k-th user is then given by pTx,k = e
(t)
k P̂Tx, ∀k.

The rate of each k-th user depends on several factors,
including the multiple access technique used, prominent
examples including partial non-orthogonal multiple access
(pNOMA) and power-domain non-orthogonal multiple access
(PD-NOMA) [18]. These two techniques pair certain clients
and then assign distinct transmit power to each according to
their channel gains. To streamline the analysis, we arrange the
clients’ indices according to their channel gains: |h(t)m,1|2 >

· · · > |h(t)m,Km
|2, where Km marks the number of clients

within the m-th pair. When we employ pNOMA in particular,
the achievable rate of the l-th client, with the use of the m-th
sub-band bm, is given by:

Rm,l = bm log2

(
1 +

|h(t)m,l|2 p
(t)
Tx,m,l

σ
(t)
m,l +

∑l−1
i=1 |h

(t)
m,l|2 p

(t)
Tx,m,i

)
, (2)

where the denominator of the signal-to-noise ratio accounts
for inter-pair interferences.

III. PROPOSED SCHEME

To optimize WIoE, we use QCCL that integrates distributed
learning with quantum communication and computation, as
depicted in Fig. 1.3 We assume a vastly more capable central
processing unit, one that commands a large count of logical
qubits. It further assumes the responsibility for mapping the
classical-valued learning information, represented by X

(t)
cent,

into Hilbert spaces, via a particular unitary Ucent,A(X
(t)
cent), to be

computed through its quantum circuit. In adjusting the output
of the learning model, parameterized quantum operations are
subsequently used, illustrated by the unitary Ucent,B(w

(t)
cent)),

with w
(t)
cent denoting its parameters. The resulting outputs are

3We focus on option 1 throughout this paper, as it is more likely to
be implemented in the near future, given the limited quantum computing
capabilities on MECs.



in classical bits, obtained via quantum measurements and

expressed as the vector c
(t)
cent =

[
c
(t)
cent,j

]Nbits

j=1
∈ {0, 1}1×Nbits ,

where c
(t)
cent,j is the j-th individual bit of the Nbits-length

classical bits These bits are transmitted to the MEC unit via
a quantum communication protocol, particularly superdense
coding, which impressively conveys two bits of information
per an entangled qubit. Upon receiving the qubit, the MEC
then measures the pair of entangled qubits to decode the
designated information as classical bits. At time t, these

bits can be denoted as the vector c
(t)
MEC =

[
c
(t)
MEC,i

]Nbits

i=1
∈

{0, 1}1×Nbits , in which c
(t)
MEC,i signifies the i-th bit: an ideal,

lossless channel shall allow c
(t)
MEC = c

(t)
cent. Subsequently, these

bits are used to control pertinent quantum operations, as the
unitary UMEC,A(c

(t)
MEC), followed by an entanglement operation,

UMEC,B.
As illustrated in Fig. 1, we employ a quantum commu-

nication protocol, superdense coding [10], to communicate
between the central processing unit and the MEC, leveraging
its inherent communication efficiency and reliable security. To
illustrate its working principle, let us consider a transmitted bit

vector
[
c
(t)
cent,j

]Nbits

j=1
with Nbits = 2. Initially, a pair of entangled

qubits is prepared for both the central unit and the MEC, in
the Bell state |Φ+⟩ = Cx(0, 1) · (H0 ⊗ I1) · |0⟩⊗2. Leveraging
the superdense coding protocol, the central unit encodes its
share of the entangled qubit pair, according to c

(t)
cent,j . The

bit pair in c
(t)
cent,j dictates the quantum gate applied in the

encoding part of the superdense coding protocol, resulting in
four distinguishable quantum states: if c(t)cent,j = {0, 0}, {0, 1},
{1, 0}, or {1, 1}, then we apply I0, X0, Z0, and X0 Z0,
respectively, X0 and Z0 denote the application of the Pauli-X
and -Z gates onto the central unit’s qubit, respectively. Once
encoded, this qubit is then sent through the quantum channel
to the MEC, with the entangled Bell state facilitating secure
information transfer.

On the MEC side, to recover the classical information sent
by the central unit, Bell state measurement is performed. This
involves applying the unitary operation (H0 ⊗ I1) · Cx(0, 1)
to the pair of entangled qubits (MEC’s own qubit and the
received qubit from the central unit), followed by measurement
in the computational basis, yielding classical bits.4 As such,
this process allows two classical bits to be transmitted by
sending a single qubit. To accommodate larger messages,
we generalize this approach to support the transmission of
Nbits = 2N classical bits, where N is the number of
shared entangled qubit pairs, as illustrated in Fig. 2. The
process of quantum communication similarly begins with the
preparation of the entangled qubit pairs. To generalize for
larger-scale communication, we distinguish the central unit’s

4A Bell state measurement projects a pair of qubits into one of four
Bell states, which are identified through corresponding outcomes in the
computational basis. For instance, the Bell state |Φ−⟩ = 1√

2
(|00⟩− |11⟩) is

mapped to the computational basis |10⟩.

Fig. 2: Quantum communication circuit with superdense en-
abling transmission of multiple classical bits from the central
unit to the MEC.

qubits and those of the MEC, by indexing them as ic ∈
{0, . . . , N−1} and jm ∈ {0, . . . , N−1}, respectively. Qubits
with matching indices are paired together, e.g., ic = 2 and
jm = 2. Thereby, the state of the entangled qubit pairs can be
prepared as: |ψQC,A⟩ = UinitSDC ·

{⊗N−1
ic,jm=0 (|0⟩ic ⊗ |0⟩jm)

}
,

where UinitSDC =
⊗N−1

ic=0 Cx(ic, jm = ic) · [Hic ⊗ Ijm=ic ]
is the initialization operator. The values of 2N classi-
cal bits are then encoded to the states of N qubits, us-
ing a combination of Pauli X and Z gates, as follows:
UQC,enc =

⊗N−1
ic=0

(
(Xic)

c
(t)

cent,j=2(ic+1) · (Zic)
c
(t)

cent,j=2(ic+1)−1

)
⊗

Ijm=ic .5 Upon receiving the transmitted qubits, the MEC
performs Bell state measurement defined by UQC,B =⊗N−1

ic=0 [Hic ⊗ Ijm=ic ] · Cx(ic, jm = ic), recovering the 2N
classical bits encoded earlier. Eventually, the full state evo-
lution of the transmitted qubits is given by

|ψQC⟩ = UQC,B · UQC,enc · |ψQC,A⟩ . (3)
Upon executing measurement on |ψQC⟩, the quantum
system collapse unto a computational basis state{
|bin(i)⟩

∣∣ i ∈ {0, 1, . . . , 2N − 1}
}

, representing the original
classical information sent from the central unit to the MEC.6

Regarding the MEC unit’s learning model, the first operation
encodes the classical bits received and is given by: UMEC,A =∑Nsub

m=1

(
Ry

(
tanh(c

(t)
MEC,m,a)π

)
⊗ Ry

(
tanh(c

(t)
MEC,m,b)π

))
,

where c(t)MEC,m,a and c(t)MEC,m,b are among the received classical
bits by MEC. Each binary representation can either be
interpreted directly or linearly mapped to a corresponding
level within a continuous range, e.g., 0 → 0.25 and
1 → 0.75, depending on the chosen quantization strategy.
Such quantization approaches are common to represent
continuous-valued wireless communication parameters,
such as transmit power allocation, using classical bits. For
instance, representing φ transmit power allocation levels
requires ⌈log2(φ)⌉ classical bits. Nonetheless, thanks to the
superdense coding protocol, every two of these bits can be

5For instance, (Xic )
(1) or (Xic )

(0) indicate that we apply or omit the
Pauli X operation on the qubit ic, respectively.

6bin(i) denotes the binary representation of the integer i as a bit string,
e.g., from bin(4) = 100.



transmitted by the cloud unit via a single qubit, provided
that it shares an entangled qubit pair with the MEC unit.
The second operation connects different qubits operated by
the MEC unit, and is given as UMEC,B =

∑Nsub−1
m=1 Cz . The

learning model processed by the MEC unit can be expressed
as UMEC = UMEC,BUMEC,A |ψinit

MEC⟩, in which the initialized
state is typically prepared as |ψinit

MEC⟩ = |0⟩⊗2Nsub . While there
are viable opportunities to use parameterized operations for
the MEC unit’s model, we henceforth focus on entangled
operations, to simplify the learning processes, and to delegate
them to the central unit, which is expected to surpass the
MEC unit in capability.

The central unit’s learning model can be deconstructed as
follows. Upon first leveraging the encoding operation Ucent,A,
the following operation comprising L layers is executed, as
provided here:

Ucent,B =

[
L∏

l=1

{
Cx(|ψN

(l)
qubit

⟩ , |ψ0⟩)
(N

(l)
qubit∏

i=1

Cx(|ψi⟩ ,

|ψi+1⟩)
)N

(l)
qubit⊗

i=1

Ry (tanh(wl,i))
}]
, (4)

where N
(l)
qubit signifies the number of qubits involved in the

l-th layer. The learning model of the central unit can then
be expressed as |ψcent⟩ = Ucent,BUcent,A |ψinit

cent⟩, where the
qubits are prepared as |ψinit

cent⟩ = (H |0⟩)⊗n, and Ucent,A =(⊗N
(l)
qubit

i=1 Ry

(
tanh(Re(xi))π

)
·Rz

(
tanh(Im(xi))π

))
. Again,

there are vast possibilities of leveraging distinct quantum
variational operations, much like employing various encoding
approaches. To obtain the optimization variables in (1a), we
use the measurement outcomes from the MEC’s quantum
model.7

IV. PERFORMANCE ANALYSIS

In this section, we evaluate the proposed QCCL within
the context of optimizing a WIoE network. We consider two
scenarios to evaluate our approach: grant-free and pNOMA
(see Section II). Both share the same objective functions, i.e.,
maximizing the users’ sum rate, as in Eq. (2). We performed
the learning with information encoded at the central unit,
Option 1, to maximize (2). In the classical setup, we set
P̂Tx = 10 W, Kuser = 4, B = 5 MHz, Rmin = (1 bps/Hz ·
B)/Kuser = 1.25 Mbps, Neps = 50, and h represents Rayleigh
fading channel. We encoded the channel coefficients as input to
a parameterized quantum circuit. We apply the parameter shift
rule to compute the loss gradient, with Nshots = 1024. Sim-
ulations were performed using the IBM Qiskit-Aer platform
simulator, assuming quantum communications under both per-
fect and imperfect conditions. When accounting for quantum
communication imperfections, we consider the bit-flip error,

7The measurement results are directly used for optimization in our model
and converted into normalized transmit power allocation coefficients, as
en ← ⟨MMEC,n⟩, where MMEC,n = |1⟩⟨1| is the observable measured on
the MEC’s n-th qubit.

Fig. 3: QCCL training loss values under perfect and imperfect
quantum communication, assuming grant-free access for all
users.

whose effect is akin to Pauli-X gates with probability εx, thus
modeled as a property of the following quantum channel Q,
presented through Kraus operators acting on the transmitted
qubit ϱ. Q : ϱ = K0ϱK

H
0+K1ϱK

H
1 , where K0 =

√
εx − 1 I, and

K1 =
√
εx X. To update the circuit parameters, we calculate

a training loss involving the objective function (i.e., sum-
rate calculation) and a penalty term (for constraint violations),
expressed as:

L = −µa

Nuser∑
k

Rk + µb

Nuser∑
k=1

max(0,Rmin − Rk), (5)

where µa and µb are the weight factors associated with sum-
rate maximization and constraint compliance, respectively. We
set µa = 0.9, where µa + µb = 1. As such, a larger
µb prioritizes fairness while a smaller µb favors sum-rate
maximization.

We train the superdense coding-connected collaborative
learning architecture in Fig. 1, aiming to maximize the client
sum-rate elaborated in Section II. Figure 3 compares QCCL
performance under different quantum communication condi-
tions, with ϵx = 0.5 reflecting the worst case. As expected,
ϵx = 0.5 leads to significant loss fluctuations, while the
other cases show clear learning progression during the first 20
episodes and then stabilize. We also extend the WIoE system
model from grant-free to pNOMA to assess whether QCCL is
applicable to different multiple access techniques and able to
minimize the sum-rate loss calculation L. We investigated its
loss performance under perfect quantum channel conditions
in Fig. 4, using three different quantization levels to show
the impact of a higher level φ.8 The proposed QCCL follows
the unsupervised learning paradigm, towards maximizing the
achievable sum rate, so that it does not require labeling in the
loss functions, as in Eq. (2). This aligns well with real wireless
applications, where the problem involves unlabeled data. Fig-
ure 5 shows a sum-rate comparison, between QCCL applied
to pNOMA and grant-free scenarios, assuming ϵx = 0.1.
The proposed QCCL approach demonstrates improved training
performance under imperfect quantum channels. The choice
of multiple access techniques particularly affects the WIoE

8Since the optimization variables are heavily affected by the quantization
of input values of the MEC unit, a higher quantization level φ resulted in a
finer control over the power resource allocation coefficients.



Fig. 4: The QCCL training loss values in the pNOMA scenario
(see (2)) with different quantization levels φ.

Fig. 5: The achieved sum-rate of QCCL in both grant-free and
pNOMA scenarios, accounting for imperfections in quantum
communication.

network performance, with pNOMA significantly outperforms
the grant-free system model.

In the following, we investigate QCCL security, involving
a central unit as a sender, an MEC unit as a receiver, and a
single attacker (analogous to the archetypes “Alice,” “Bob,”
and “Eve” in typical security analyses). Suppose the attacker,
Eve, has the following objectives. First, the attacker intercepts
the traveling qubit from Alice to Bob after encoding two
classical bits. Nonetheless, Eve can not learn from the qubit
since it is always in maximally mixed state 1

2I , and Eve
will break the entanglement of Alice and Bob, prompting the
detection of the attack on test rounds; furthermore, the attacker
also will not be able to copy of the quantum state, thanks to
the no-cloning theorem. Second, the attacker may attempt to
relay fabricated information to the MEC unit through its qubit,
|ψEve⟩, which is not entangled with the central unit’s qubits.
As a result, Bob is likely to detect this statistically, observing
Bell-state fidelity or correlations, as the measurement outcome
will deviate from the expected measurement of the Bell state.

We evaluate the complexity of the proposed QCCL method
by examining the number of gates and the total number of
parameter operations within the quantum circuit. The proposed
method comprises three segments: the parameterized quantum
operations processed by the central units, the quantum opera-
tions processed by the MEC unit, and the quantum communi-
cation protocol to connect those two segments. Both the central
and MEC units each leverage input encoding operations, re-

spectively defined as Ucent,A and UMEC,A. The number of quan-
tum gates requisite for each operations scales with the count of
the transmitted classical bits: κ

(
Ucent,A

(
X

(t)
cent
))

= 2Nbits and

κ
(
UMEC,A

(
c
(t)
cent
))

= Nbits, where the function κ(·) denoting
the number of quantum gates. As an example, we consider
Nbits = 4. Accordingly, the total number of gates required for
Ucent,B and UMEC,B are given by κ(Ucent,B) = 2Nbits = 8 and
κ(UMEC,B) = Nbits − 1 = 3, respectively. The number of gates
for a quantum communication channel depends on the classical
bits output from the central unit, as we use the superdense
coding operation UQC,enc that uses Z and/or X gates. Both
UQC,A and UQC,B therefore require the same number of gates,
given by κ(UQC,A) = κ(UQC,B) = Nbits. Therefore, for
Nbits = 4, the whole quantum system requires κ

(
Ucent,A

)
+

κ
(
Ucent,B

)
+ κ

(
UMEC,A

)
+ κ

(
UMEC,B

)
+ κ

(
UQC

)
= 7Nbits

gates.9

We also evaluated the entanglement capability of the entire
QCCL operation using the Meyer-Wallach (MW) measure.
In addition, an ideal distributed quantum-enabled learning
scenario is also presented for comparison, in which the
decoding result from the cloud unit, ⟨Mcent⟩, is directly
transmitted to the MEC unit. The general MW measure
on a quantum state |ψ⟩, given Nqubits qubits, can be writ-
ten as Q(|ψ⟩) = 4

Nqubits

∑Nqubits
j=1 D

(
ιj(0)|ψ⟩, ιj(1)|ψ⟩

)
, where

D(u,v) =
∑

i,j |uivj − ujvi|2 represents the squared area of
the parallelogram spanned by vectors u and v, and where
ιj(b)|ψ⟩ is a linear map acting similarly to a Kronecker
delta filter, projecting |ψ⟩ into a reduced Hilbert space
C2

Nqubits−1

. The linear map can be written as ιj(b)|ψ⟩ =
δb,bj |b1 . . . , b̂j , . . . , bN ⟩, where b ∈ {0, 1} and b̂j is the
omission of the j-th bit.

The parameterized circuits within QCCL evolve as func-
tions of their trainable parameters. To quantify their overall
entangling capability, we compute the average MW measure
over a set of parameters sampled uniformly from [0, 2π),
while keeping the classical-valued learning information fixed:
⟨Q⟩ = 1

|s|
∑

θi∈sQ(|ψθi⟩), where s = {θi}, θi ∼ U(0, 2π),
and where |ψθi⟩ indicates the output state of the parametrized
circuit for the given parameter θi. Table I shows that while
QCCL retains significant entangling capacity, it falls slightly
short of the ideal information transfer scenario, in which
information is transmitted without quantization or noise. This
indicates a trade-off introduced by leveraging superdense
coding to partition the learning model into sub-models. Our
analysis attributes this reduction primarily to the quantization
process required to map the transmitted qubit onto optimiza-
tion variables. In light of this, Fig. 6 compares the performance

9The total number of trainable parameters is typically tied to the learning
process. As such, the quantum communication protocol lacks such parameters,
only the circuits of the central and MEC units are involved in learning. Each
employs Ucent,B and Ucent,A for the parameterized quantum circuit, both having
the same number of parameters, as indicated by ϑ(cent) = ϑ(MEC) = Nbits.
The whole QCCL workflow, therefore, has a total of ϑtotal = ϑ(cent) +
ϑ(MEC) = 2Nbits parameters.



Fig. 6: The QCCL training loss value in the pNOMA scenario
with different setups.

TABLE I: Comparison of MW entanglement capability and
the average loss of using QCCL in three different setups.

Setup Description ⟨Q⟩ Avg. Loss
Grant-Free

Avg. Loss
p-NOMA

QCCL
cent → QC → MEC
(Quantization)

0.439 -2.427 -4.561

QCCL
with noise

cent → QC (εx = 0.5)

→ MEC (Quantization)
0.207 -1.945 -3.595

Ideal cent → MEC 0.476 -2.499 -4.886

of QCCL with that of classical communication connecting the
cloud and MEC, in the pNOMA scenario. The numbers of
qubits and bits in Fig. 6 represent the required communica-
tion resources, whether quantum or classical communication
is used. While classical communication performs better in
average by about ∼ 7.13% compared to QSDC under perfect
channel conditions, the number of classical bits required in
the classical communication case is more than double that of
QCCL.10

V. CONCLUSION AND FUTURE WORKS

This study introduces QCCL, utilizing protocols such as
superdense coding to connect different quantum learning
models, facilitating optimizations over a wider geographic
area, particularly in maximizing the achievable sum-rate in
the WIoE networks. The proposed QCCL links the cloud’s
and the MEC’s learning models, facilitating collaborative
learning. We investigate its performance under noisy quantum
channels, particularly under bit-flip error. It shows favorable
performance despite the need to quantize the cloud’s output
before sending it over the quantum channel, as the super-
dense protocol transmits information in binary. Prospective
developments include communication-efficient quantum col-
laborative learning, particularly through the quantization and
sparsification of the transmitted information [19], and the use
of multiple learning agents. In further advancing multi-agent
learning, it is important to account for varying training levels
of different learning models. Therefore, approaches based on

10Since traditional communication uses bits, continuous values must be
converted into a bit sequence, e.q., we convert the continuous value c into
the scaled range [0, 255], which requires 8 bits. This is done by computing
⌈c · 255⌉.

imitation learning should be investigated in facilitating the
learning of the less trained models, potentially via imperfect
experts’ demonstrations as well [20].
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