
Quantum Federated Learning for
Wireless Communications

Bhaskara Narottama∗ and Soo Young Shin†
Department of IT Convergence Engineering, Kumoh National Institute of Technology, Gumi, South Korea

e-mail: {∗bhaskara,†wdragon}@kumoh.ac.kr

Abstract—This initial work presents a quantum federated
learning (QFL) architecture for wireless communications. Dif-
ferent from centralized learning, federated learning offloads the
learning tasks into local computation units to improve privacy.
The presented QLF is expected to reduce complexity by utilizing
quantum computation. The presented two-tier QLF consists of
QNN operations in the access points and the cloud.

Index Terms—Quantum federated learning, Quantum neural
networks, Wireless communications

I. INTRODUCTION

Future wireless communications is expected to utilize
machine learning for various tasks, such as optimization [1].
Centralized learning, which uses a central processing unit,
has several drawbacks such as security issue [2]. Federated
learning aims to tackle these issues by distributing the burden
of learning into edge computation units [3]. That is, instead of
uploading all of the training data to the central processing unit,
the data is kept in the edge devices, thus enhancing data privacy.
Moreover, QNN gains research attentions amid performance
gain offered by quantum computations [4], [5]. Motivated by
these factors, this study inspects the usage of QFL for wireless
communications, which utilizes multiple QNNs. The presented
QFL can be used for general optimization in wireless (such as
optimizing power allocation in non-orthogonal multiple access
[6]).

II. PROPOSED QUANTUM FEDERATED LEARNING

The operation of two-tier QNN circuits in QFL is presented
in Fig. 1. Consider a wireless network where users are grouped
into NG groups. Each group, consists of Um,1 and Um,2 in
particular, is served by an access point 1 .

Each access point Em, ∀m ∈ {1, . . . , NG}, receives channel
information of Um,1 and Um,2 (h̃m,1 and h̃m,2, respectively)
from pilot signals. Subsequently, each Em,∀m ∈ {1, . . . , NG},
predicts the solution for Gm using a particular shallow QNN,
Qlocal

m . The local prediction of Gm, which is a set of opti-
mization solutions in Gm, is denoted as slocal

m = {λm,1, λm,2},
where λm,k is the optimization value for Um,k. This study
refers “solution” as a general term for wireless optimization 2 .
Subsequently, the cloud processing unit takes slocal

m , ∀m ∈
{1, . . . , NG}, as an input for shared QNN (i.e., Qshared). The
output of Qshared is used to optimize Em, ∀m ∈ {1, . . . , NG}.

1This study refers to each user as Um,k , where m and k indicates group
and user indexes, respectively.

2In particular, it can be the transmit power level in NOMA [6].

Figure 1: QFL for wireless optimization, which consists of two-
tier operations: access point QNN (Qlocal

m , m ∈ {1, . . . , NG})
and cloud QNN (Qshared).

A. Local QNN

Figure 2 presents the circuit design for the local QNN. This
study combines the multi-layer QNN design of [8] 3 with
activation function of [4] for local QNN . The local QNN,
which is computed by Em to predict slocal

m based on h̃m, is
defined as

Qlocal
m =CCX(ancilla|q1, q2)︸ ︷︷ ︸

“activation function”

X⊗NG︸ ︷︷ ︸
“neuron connection”

H⊗NGU encodeU localH⊗NG ,

(1)

where U encoding and U local are encoding [7] and unitary opera-
tion of shallow QNN.

Definition 1 (Shallow QNN). The unitary operations of shallow
QNN is defined as

U local ,
(
Rz(θ

local
m,k)

)︸ ︷︷ ︸
“weight”

⊗N local
q CZ(q2|q1), (2)

where CCX(ancilla|q1, q2) indicates X-axis rotation (applied
on an ancilla qubit, controlled by q1, q2) and CZ(q2|q1)
indicates Z-axis rotation (applied on q2, controlled by q1).

3Notice that QNN neurons in [8] do not utilize activation functions.



Figure 2: Unitary operation for local QNN. The multi-layer
QNN design of [8] is combined with activation function in [4]

B. Shared QNN

Figure 3 presents the circuit design for the shared QNN
QNN. The design of shared QNN in this work is based on
the multi-layer QNN design of [8] and activation function of
[4]. The shared QNN, which is computed in cloud to predict
sshared is given as

Qshared =
( NGNl⊗

i=((NG−1)Nl)+1

XH
)
U sharedU encodeH⊗NGNl , (3)

where Nl indicates the number of layers. Moreover, U shared

denotes the operation of deep QNN, which is defined as follows.

Definition 2 (Deep QNN). The unitary operations of deep
QNN is defined as

U shared ,
( Nl∏

l=1

CX(qNGl|qNG(l−1))
)

︸ ︷︷ ︸
“inter-layer connection”(Nneuron∏

l=1

CZ(qNGl|q(NGl)−1)
)

︸ ︷︷ ︸
“inter-neuron connection”( Nl⊗

l=1

NG⊗
m=1

Rz(θ
local
l,m )

)
︸ ︷︷ ︸

“weight”

,

(4)

where CX(qNGl|qNG(l−1)) indicates X-axis rotation (applied
on qNGl, controlled by qNG(l−1)).

III. FUTURE WORKS

This initial work presents a QLF architecture for optimizing
wireless communications. For future work, complexity can be
analyzed. Supporting operations, e.g., encoding and decoding,
will be further studied.
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