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Abstract—A quantum federated Generative Adversarial Net-
work (QFGAN) for NOMA power allocation is presented in this
paper. Compared to the existing quantum GAN schemes, the
federated scheme provides enhanced user privacy. In this scheme,
the generator is processed by the cloud while the discriminator
is processed by the edge.

Index Terms—Generative Adversarial Network, machine learn-
ing, quantum computation, wireless communication.

I. INTRODUCTION

With the increasing concern about data privacy, federated
learning can be considered for securing distributed resource
allocation in future wireless communication [1]. Moreover,
quantum neural networks (QNNs) are expected to improve
the computational capability of classical neural networks
[2]. Furthermore, existing works in Quantum Generative
Adversarial Network (QGAN) considers centralized (”non-
distributed”) architecture [3], [4].

The contributions of this work can be summarized as follows.
This paper employs a distributed QGAN that utilizes a generator
in the cloud and multiple discriminators in the edge for power
allocation in non-orthogonal multiple access (NOMA) [6].1 To
improve data privacy, this paper considers that the edge keep
its dataset locally (the dataset is not uploaded into cloud).

Notations: A complex Gaussian distribution is indicated as x ∼ CN (µ, σ2),
where µ and σ2 denotes the mean and the variance, respectively. Let | · |
indicates absolute value. Consider R and C as the real and complex numbers.
A Knocker product is presented as ⊗. Moreover, H, CZ, CX, RZ, and M

indicate Hadamard gate, controlled Z gate, controlled X gate, rotation on the
Z-axis, and quantum measurement, respectively.

II. SYSTEM MODEL

This study assumes an access point (AP) in the edge that
serves two NOMA users: the user with a stronger and the user
with a weaker channel gain (presented as ”strong” and ”weak”
users, respectively). Let Un,str and Un,weak be the strong and
weak users of the nth edge, respectively.

The channel model between the AP and the users of the
nth edge is considered as follows. The pathloss exponent is
denoted as κ. Moreover, consider dn,str as the normalized
distance between the strong user and the BS. Furthermore,
the normalized distance between the weak user and the BS
is considered as dn,weak. The channel coefficient of Un,str

1Hereafter, “edge” and “cloud” refers to the edge and cloud quantum cloud
computing.

Figure 1: The proposed QFGAN for NOMA power allocation.

and Un,weak can be presented as hn,str ∼ CN (0, d−κn,str) and
hn,weak ∼ CN (0, d−κn,weak), respectively [5].

The receive signal-to-interference-plus-noise-ratio (SINR) for
Un,str and Un,weak are presented as γNOMA

n,str = |hn,str|2ρλNOMA
n,str

and γNOMA
n,weak =

|hn,weak|2ρλNOMA
n,weak

|hn,weak|2ρλNOMA
n,str +1

, respectively, where ρ is the

transmit signal-to-noise-ratio [6]. Let λNOMA
n,str and λNOMA

n,weak as the
power allocation coefficients for Un,str and Un,weak, respectively.
The achievable rates for Un,str and Un,weak can be expressed
as: R[n]

NOMA,str = log2(1 + γNOMA
n,str ) and R[n]

NOMA,weak = log2(1 +
γNOMA
n,weak), respectively.

III. PROPOSED SCHEME

Figure 1 highlights the proposed scheme.2 The generator
and the discriminator, which employ quantum neural networks
(QNNs), are processed by the cloud and the nth edge,
respectively.

1) Objective: Consider λNOMA
n,weak = 1− λNOMA

n,str . The goal of
the proposed scheme is to maximize the sum rate of the NOMA
users [7]:

max
λNOMA
n,str

R[n]
sum

(
λNOMA
n,str

)
(1a)

s.t. R
[n]
NOMA,str ≥ R

[n]
OMA,str, R

[n]
NOMA,weak ≥ R

[n]
OMA,weak, (1b)

0 ≤ λNOMA
n,str ≤ 1, (1c)

where R[n]
OMA,str and R[n]

OMA,weak are the achievable rate of Un,str
and Un,weak by employing orthogonal multiple access (OMA).

2This paper envisions the utilization of quantum computation as a part of
network function. Moreover, “CORE”, “RAN”, “AP”, and “XDR” refer to
core network, radio access network, access point, and extended data record.
The cloud and nth transmitting the QFGAN variables via control plane [8].



Figure 2: Achievable rate by using QFGAN.

Accordingly, the objective of the proposed scheme is presented
as a non-saturating GAN loss function [9], which can be
expressed as max 1

Nedge

∑Nedge
n=1 log

(
U

[n]
D (UG(o[n]))

)
.

2) Generator in the Cloud: The quantum generator
model, which processed in the cloud is presented
as follows. The encoding operation (based on [10]),
which processes the input data, can be expressed as
Uencode(h̄

[n]
str , h̄

[n]
weak) =

⊗Nedge
n=1

⊗Ndata
i=1 Rz(tanh

(
xcloud

input,i

)
)H,

where xcloud
input,i ∈ {h̄[n]str , h̄

[n]
weak}. Moreover, the QNN

operations for the discriminator and generator, which
is based on [4], can be expressed as UG = U

[n]
D =(∏N

[N
[k]
layer]

neuron −1
j=1 CZ

)(∏N
[k]
layer−1

l=1 CX
(∏N [l]

neuron−1
j=1 CZ

))
Uent,

where Uent =
(⊗N

[k]
layer

l=1

⊗N [l]
neuron

j=1 Rz((w
[k]
l,j ))

)
, and

k ∈
{

cloud, n ∈ {1, . . . , Nedge}
}

. Let N [k]
layer and N [l]

neuron be the
number of layers and neurons, respectively. Consider w[k]

l,j as the
weight. Subsequently, the decoding function can be presented
as λ[n]str ← Fdecode

(
|ψ〉cloud

out

)
= 1

Nshot

∑Nshot
r=1 M(|ψ〉cloud

out,r), where
|ψ〉[n]out,r is the output state of UG for the rth measurement. Let
Nshot as the number of measurements of the quantum circuit.

3) Discriminator in the Edge: The local dataset of
the nth edge, which is consists of user channel data
and prior power allocation, can be expressed as S

[n]
train =

{h[n,1]train,str, h
[n,1]
train,weak, λ

[n,1]
train,str; . . . ;h

[n,N
[n]
data ]

train,str , h
[n,N

[n]
data ]

train,weak, λ
[n,N

[n]
data ]

train,str },
where N

[n]
data is the number of training data of the

nth edge. For training data, based on [7], consider

λ
[n,j]
train,str =

√
1+(‖h[n,j]

train,str‖
2
ρ)−1

‖h[n,j]
train,str‖

2
ρ

, where ρ = 10 dB,

∀j ∈ {1, . . . , N [n]
data}. From S

[n]
train, let h̄[n]str , h̄[n]weak, and λ̄

[n]
str be

the mean of the strong users’ channel, weak users’ channel, and
strong users’ power allocation values. The encoding operation
of the nth edge, which is based on [10], can be expressed
as Uencode(λ

[n]
str , λ̄

[n]
str ) =

⊗Nedge
n=1

⊗Ndata
i=1 Rz(tanh

(
x
[n]
input,i

)
)H,

where x[n]input,i ∈ {λ
[n]
str , λ̄

[n]
str } and λ[n]str is the “generated” power

allocation coefficient. The decoding function can be presented
as o[n] ← Fdecode

(
|ψ〉[n]out

)
= 1

Nshot

∑Nshot
r=1 M(|ψ〉[n]out,r), where

|ψ〉[n]out is the kth output state of U [n]
D .

IV. RESULT

1) Simulation: For this initial study, this paper utilize
a simple iterative training method, which is presented in
Algorithm 1. The simulation scenario is considered as follows.

Algorithm 1 Iterative Training
Input: Weight options.
Output: Optimized set of weights W cloud and W [n].

Initialization:
1: For UG and U [n]

D , set all qubits to |0〉. Set all weights in W cloud and
W [n] to 0.5. Set o[n] = 0.
Training:

2: for each weight in W cloud and W [n] do
3: for all weight options do
4: Calculate {h̄[n]str , h̄

[n]
weak, λ̄

[n]
str } (Section III-3).

5: Perform Uencode and UG Perform Fdecode. Obtain λ[n]str .
6: Perform Uencode and U [n]

D Perform Fdecode. Obtain o[n].
7: Calculate loss (Section III-1).
8: end for
9: Based on loss (Section III-1), determine W cloud and W [n].

10: end for

The QNN operations were performed in IBM Q using IBM
Qiskit [11]. Consider Nshot = 1024, κ = 2 and Ndata = 100.
Moreover, N cloud

layer = N
[n]
layer = 3, where N [1]

neuron = N
[2]
neuron = 2

and N
[3]
neuron = 1, was considered. Employing Monte-Carlo

simulation of 10000 trials, the performance of the NOMA
users by using the presented QFGAN is shown in Fig. 2.

2) Future Work: This study presented a federated GAN to
optimize NOMA power allocation. For future work, multiple
edges can be considered.
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