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Abstract

This study employs the statistical Quantum Federated Learning (sQFL) to optimize NOMA power allocation. Com-
pared to the existing Federated Learning (FL), sQFL does not require other edges to perform neural network infer-
ences. The other edge only required to transmit the statistical information to the cloud.
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To maintain users’ data privacy and distribute the
computational load, federated learning (FL) can be em-
ployed to optimize the future wireless network [1]. On
the other hand, quantum computation has been stud-
ied to enhance the processing of machine learning [2].
The existing federated learning approach continuously
includes the neural network of the “informant” in the
training process [3].! To reduce the burden of the
“informant” (in terms of computation and communica-
tion complexity), this paper proposes a statistical quan-
tum federated learning approach (sQFL). In the sQFL
scheme, the “informant” is only required to send the
dataset statistics (without performing neural network in-
ference).

Notations: Let H, Cz, Cx, and Ry be the operation
of Hadamard gate, controlled Z gate, controlled X gate,
and rotation on the Z axis, respectively. Quantum mea-
surement is denoted as M(-). Let x ~ CN(u, 0%), where
u and o denotes the mean and the variance, respec-
tively, be a complex Gaussian distribution. The notation
of ® expresses Knocker product. The notations of R and
C denote the real and complex numbers, respectively.

1. System Model

Consider the mth radio access network (RAN) with
a radio access point (RAP) for downlink (DL) non-
orthogonal multiple access (NOMA). Consider u™ and

str
u{;’;‘ak as the user with a stronger and a weaker chan-

nel gain, accordingly. Let 4

(m]
s and d_ - be the normal-

!For the sake of simplicity, this paper refers to the computing unit
that processes the local dataset as the “informant.” Moreover, let us
refers to the computing unit that obtains the information from infor-
mants” as “recipients.”
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ized distance values between the AP and u”"! and u&’/’i{k,

respectively. Considering p as the transmit signal-to-
noise ratio (SNR), the channel coefficients of u”! and

! AL CN(0, (d[m])_ﬂ) and h\[:";]ak ~
[m]

weak 9 str str
weak) )» respectively, where 9 is the pathloss

CN(0,(d
exponent [4]. The receive signal-to-interference-plus-
[m] [m]

are modeled as

noise-ratio (SINR) for ug,* and u__ can be [e?(pre[ss]ed
ml 2 m
NOMA _ plmlj2 40ml] NOMA Ve "PA o
as Y str - Ihstr | p/lstr and yn,weak \h['\”vlea|2p1[’?ﬂe:1 ’
weak str

respectively [5].
NOMA users can be expressed as R

Subsequently, the sum rate of the

NOMA _ RNOMA
m,sum m,str

T+

RNOMA ' yhere the achievable rate of u”! and u”! is
m.weak str weak

NOMA _ NOMA NOMA _

defined as Rm,str = logy(1 + Vimste ) and Rm,weak -

log, (1 + yOM), accordingly. Finally, the objective of

the NOMA power allocation optimization can be ex-
pressed as [6]:

- NOMA ¢ y[m] 3lm]  _ [m]
ma);}”{]rllze Rosom (Agge s Apeaie = 1= At (la)
str
. NOMA . pOMA pNOMA  pOMA
sub]ect to Rm,str 2 Rm,str ’Rm,weak 2 Rm,weak’ (lb)
0 < AMA < 1, (1¢)
where the achievable rate of u””! and uL’/’;Lk by utilizing
orthogonal multiple access (OMA) is denoted as Ry v
and ROMA respectively.

2. Proposed Scheme

The proposed sQFL (Fig. 1) can be described as
follows. For this initial study, the presented scheme
only considers one edge (therefore, no aggregation re-
quired).”

2This study considers that the quantum computation can be em-
loyed to complement the future network function. Moreover, this
ploy! p
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Figure 1. The proposed sQFL scheme.
2.1. Dataset Statistics as
Consider Ny as the number of the informants. Nogo | Shanie!
[ﬂ‘l] ..
Let N, be the number of training data for. the U W ( t[gﬂn) - ® ® R, (tanh [ml))
mth informant, m € {1,..., Nt} Consider- it 3)
ing k A { Em}] " t[mj] " {mjj] t} and K A pre processing
[n] [n] rain. [snr] rain,we. rain,str x[m] c S[Ninfo]
{’.ltra.in,str’ train,weak’/ltram 5tr} the mean and standard de- i train °
viation of the strong user channel, weak user channel, (] oo . .
. . where x'" indicates the input values from nth infor-
and strong user power allocation of the mth informant [m] [Ningo]
mant, i.e., elements of S input” Let |G, | be the num-
can be expressed as: u(K) = ‘“““ k and o(K) = .
P H(K) = Nlﬁ:.]n Z (K) = ber of elements of Gt[::gn. Consider tanh(-) function as
. the pre-processing operation. Let @, be the set of
ml P “““ Al —,u(K) , respectively. The confi- pre-p & op moe
N train,str weights. Considering Niayer and Nyeyron as the number
dence interval is denoted as 8(’15311 W) = M t[:gn BE: of layers and neuron, respectively, the quantum dense
o(am ) layers (based on [9]) can be presented as
zvalue% where Zyaue denotes the z-value with re-
N, . Nocy =1
spect to a determined confidence level.” The dataset .
p P reCN(®reC) - ( 1_[ CZ(quayer:j‘"l s quayer’j))UA
statistics of the mth edge can be concatenated by the i1
recipient as a tuple of Niger N
eC
Inl _[ o qlm] {m] {m] X R R.6),)),
6tram [S(J'Lram str H(hlrain er) O-(hlram str)} ( =1 j=1 ! )>
[m] [m] . [m] [m] A
{'u (htram Weak) O-(htram weak)}’ {/J (/ltram str) U(/ltraln str)}]' UA =
(2) N]ELL"‘O“
HJ ) Cz(Qzl,qU) forl=1,
Niager—1 Niduron=1
2.2. ONN Circuit
0 1_[ Cx(qrr1,1: g1 ) Cz(quj+15 q1.7),
The considered quantum neural network (QNN) cir- =1 =1 for2<l<N
. .. . <l< s
cuit of the recipient can be described as follows. The or fayer @)
ncodin ration, which i n 1S expr S
encoding operation, which is based on [8], is expressed where 67 € Or is the weight. Considering |t,0)([)’gt],r
as the output state of Ur“N(G)reC) for the rth quantum
paper assumes that the QNN data can be communicated via the con- measurement, [,5516 deCOdmg funii?‘? can b[?nlexpressed
trol plane (C-plane) [7]. a5 Faccode( W0t ) = §— Zpme M(y)bi ) Where
3For instance, zyaue = 1.96 is employed for 95% confidence level. Nmeasure 18 the number of uantum measurements and
q
2
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Figure 2. Initial simulation result of sQFL for NOMA power
allocation.

[m] [m]

[m] _

|¢>ou[ - {|¢>out,1 L] |¢,>OLII,Nmez\sure}. Subsequently’ con-
sider /lgz.ll = Fdecode( |¢>([)r:t] )
3. Result

A simply iterative training (Algorithm 1) is employed
for this initial study. Let W as the set of weight options,
where the ith weight options (w € ‘W) can be expressed
asw; = 2+ (i — 1)127’;, where w; < 2rand [ > 1.

Algorithm 1 Training

Output: Optimized O,.

Initialization:
0: Set all qubits in U7 .. U&SIN to |0). Set all weights
in O to 0.
Training:
0: Calculate G[[:gn (Section. 2.1).
0: for each weight in @, do
0:  for all weight options do
0: Consecutively, perform U;‘;CCO e US:ISIN, and
Fecode to Obtain /lg'r] (Section 2.2).
2
0: Calculate loss L(Or) = |l — p(A) D",
0: end for
0:  Determine 0 = arg ming;ejce@‘_ec L(Orec).
0: end for=0

The quantum operations (U7 .. and Ug’lle) were
performed using IBM Q (using IBM Qiskit [10]), where
Nmeasure = 1024 were considered. The simulation pa-

rameters are considered as follows: ¥ = 2 and Ngy, =

100. For each jth training data, j € {1,...,N[[r':i]n}, the
power allocation coefficient is obtained as /l{rmfj]
ain,str
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Figure 3. QNN circuit for simulation (includes encoding operation).

VIR I p)-1
Wil o
For simplicity, this paper assumes p = 10 dB for all
training data. The average result of Monte-Carlo sim-
ulation (10* trials) is presented in Fig. 2. The consid-
ered quantum circuit for simulation is presented in Ap-

pendix.

, [6] (further described in Appendix).

4. Future Work

This paper investigated the usage of the presented
qSFL for optimizing power allocation in NOMA. The
future work can consider other data statistics.

Appendix
.. . [m, /1 .
For training data, the calculation of Almin,m, i.e.,
the optimal power allocation for ug;’], is based on [6].
Specifically, considering the constraints of /lt[mfj] <
rain,str
7 —
1 I p=1 ; I+ o)1
N i P and A > N Cwnae P e fol-
Wiginsel e e Wil
lowing condition requires to be satisfied /lt[mfj]
rain,str

m,j 2
1+ )1

f 2
"2 W p

train,str

For simulation, the quantum circuit in Fig. 3 was em-
ployed. The QNN parameters are presented as follows:
1 2 3

Nlayer =1, Nr[le]uron =2, Nr[leglron =2 and Nx[leLmn =1.
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