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Abstract—This study proposes a quantum reinforcement learn-
ing method with stochastic parameter-shift rules (QRL-SPSR)
for jointly optimize the trajectory of the unmanned aerial
vehicle (UAV) and the transmission power in UAV-based non-
orthogonal multiple access (NOMA), under the consideration of
transmission power budget and the quality of service constraints.
The result shows that QRL-SPSR outperformed quantum-based
reinforcement learning with general parameter-shift rules (QRL-
GPSR) and classical DRL by achieving highest energy efficiency
as cummulative rewards.

Index Terms—Quantum reinforcement learning, stochastic
parameter-shift rules, energy efficiency, UAV communications.

I. INTRODUCTION

The development of unmanned aerial vehicle (UAV) -based
wireless communications (in which UAVs are exploited as the
transmitters) have received growing attention thanks to their
capability to provide reliable communications and enhanced
wireless coverage [1], [2]. However, most of the UAV-based
wireless communication systems have been applied in dynamic
environments, requiring time-series optimizations in which
higher computational capability is needed. Taking advantage of
the quantum-based computations, quantum machine learning
has been expected to enjoy computational gains compared to
that of classical-based systems [3], [4]. Recent studies have
proposed quantum-based RL (QRL) [5], [6] to solve this
kind of issues; in particular, by using general parameter-shift
rules (GPSR) -based methods to perform gradient descent,
QRL algorithms can outperformed classical RL algorithms
an obtaining higher rewards [7]. Unfortunately, most of the
GPSR-based methods can only be implemented for a specific
time frame [8], rendering it less suitable for RL, in which
perpetual operations are expected. To mitigate this challenge,
a stochastic parameter-shift rules (SPSR) was presented in
[9] to solve the aforementioned issues by transforming it
transforming it in time sequential domain. Motivated by the
superiority of SPSR in time domain, (i) a quantum reinforce-
ment learning that with SPSR (QRL-SPSR) is proposed in
this work to enhance achievable learning rewards, (i) as a
particular case, the proposed QRL-SPSR is used to jointly
optimize the trajectory planning and resource allocation in
order to maximize the energy efficiency of UAV-based non-
orthogonal multiple access (NOMA).

II. SYSTEM MODEL

Let us onsider an energy-constrained UAV employed as
the transmitting base station (BS), roaming over a designated
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Figure 1. Architecture of the proposed quantum-based reinforcement
learning with stochastic parameter-shift rules for UAV trajectory and resource
allocation optimizations.

geographical area (modelled as M € R3) while serving a
number of K receiving ground users (GUs). The UAV location
at the t-th time can be represented as o = {¢™® y® H®},
Meanwhile, the location of the k-th user at the ¢-th time can be
expressed as q,(:> = {x,(?, y,it)} € R?. In order to improve spec-
tral efficiency, multiple users are grouped into non-orthogonal
multiple access (NOMA) groups. Let us consider M NOMA
groups, each m-th group accommodating K, users. The allo-
cated transmission power for k-th user in the m-th group at ¢-th
time can be expressed as p\"), = d\") Pl where 6" € (0,1]
denotes power coefficient for the kth user in the mth group
and P}y is the total transmit power of the UAV. The distance
between UAV and the k-th user in the m-th group can be ex-
pressed as d"), = \/(x<f) —aD 2+ (O -y )2+ HO?
Subsequently, the achievable communication throughput of the
k-th user in the m-th group at the ¢-th time can be expressed as

® 2

R = log, (1 + Pl . ), where \h,(:)mﬁ

| S R, |+ 02 |
is the gain of the channel between the UAV and the k-th user
in the m-th group.?

The energy consumption model of UAV is designed based
on practical environment from [10]. The energy which con-
sumed by UAV at t-th time can be expressed as I'V =

3/2
st (i mlgo? | (Z2amo)™” | o
k=1 Kz o TP

z
where 7; denotes the UAV’s framework and battery, g is the
gravity acceleration, o(*) represents the location of UAV at tth

® p

k,m~Yk,m?>

The GUs are assumed to be able to acquire perfect channel state informa-
tion (CSI) in the UAV downlink communication channel.

2The interference is happened because of the signals of users with stronger
channel gains i.e., h17m|2 > > |hk7m\2 > .. |th,m|2.
Additionally, interference is happened because signal interference cancellation
(SIC) performs only for the signals of users with weaker channel gains.
Therefore, the inter-group interference is not impacting the user with the
highest channel gain.
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time, « is the lift-to-drag ratio, z is the number of UAV rotors,
& denotes the air density, ¥ is spinning velocity of the blades
at one rotor, A is the power comsumption of the avionics in
the UAV, v(*) is the velocity of the UAV at tth time, pg)m is
the power consumed for communicating with the k-th user of
the m-th group, and Rk 'm 1 the achievable sum-rate of the
k-th user belonging in the m-th group. The objective of the
optimization is to maximize energy efficiency of UAV denoted
by 7™, which can be expressed as

Km p(t)
k=1 Rk,m

(t) — &=h=1"Tkm 1
NG @ (o
subject to Zp,(f)m < Pl R,(f)m > Ruin, (1b)

k=1

where R, denotes the minimum required throughput (related
to the quality of service).

III. QRL-SPSR FOR UAV TRAJECTORY AND RESOURCE
ALLOCATION JOINT OPTIMIZATION

The proposed QRL-SPSR is depicted in Fig. 1. In this
study, the UAV is considered as a learning agent. As the
transmitting UAV serves GUs within energy restriction stated
in Section II, the state space S at t-th time can be formulated
as S = {d") e}, where €() denotes the remaining
energy of UAV at ¢-th time. The action space .A*) then can
be designed as the velocity of UAV in polar and angular angle
and power allocation for k-th user in m-th group. A®) = {9, =
00,.m, Up = 0v,.T, p,(ct)m}, where ¢s,,09, € [—1,1]. Based
on the objective function in Eq. 1, the reward is designed
as follows

ZKm R(i)

t) _ mo e p(t) )

R(t> — 7]( ) F<t) ) if Rk’m 2 Rmm, (2)
0, otherwise.

The goal of QRL is to maximize cumulative rewards over time
T which can be expressed as follows R{ = S YERITE,
where 7y € [0, 1] denotes a discount factor. Similar to classical
RL, in QRL, the best action A is taken based on the best policy
7 which predicted utilizing QNN. The feed-forward operation
of QRL which denoted by UgrL can be expressed as Ugr =
(®n_, Ry (tanh (6.))) (TT5, CZ(¢1l¢0) ® ... @ CZ(n|pn-1)

Rz(tanh (z,,)), where N denotes the number of inputs
and weights. In this proposed scheme, actor-critic networks
are adopted. Once Uggry. is processed, the measurement
operation M(|z)) and decoding operation are conducted
to obtain the classical-valued outputs. Then, the learning
loss of the actor network can be calculated as L(0,) =

- Z —(Pqre (85, Pore(s5; 0x); 0), where B is the number of
sample data. Moreover, the learning loss of the critic network
can be calculated as L(0g) = 1/58Y° (y; — Pore(s, 55 00)).
where Yyj =7r;+ ’ygq)QRL (8j+1, <I)QRL(.S?ijl; 07,./); 0Q/)> . The gra-

dient calculation of actor-critic networks are calculated using
0P(0r.q)

SPSR which can be expressed as follows Vo, , = =55 =

[

’J\/__—“—\_N‘-—"-'\_—u—_ e —
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Figure 2. Energy efficiency of the UAV as the cumulative rewards Rgﬁ,)n
with respect to the learning episode.

1
2sin t§
time, s is a random parameter which follows normal distribu-
tion in interval [0, ¢], §+denotes parameter-shift, and ®Z (6, s) =

UZ(6,5)®o {U,%(@, 5)}

fo &} (0x,0,5) — P (0x.0,5) | ds. where ¢ denotes the

, where @ is initial state in the quan-

¢~ i H(0) (Fit€ [0y, H(O)] o—i(t—o) H(6)

tum circuit and UZ(6,s) =
where H(0) is a general Hamiltonian. Finally, the weights
of the actor-critic networks can be updated by 6,0 =
0@ — aVe, ,L(0x,q), where o denotes learning rate. The
target actor-critic networks then can be updated as follows
O = €0r.q + (1 — €)0, g/, where € < 1, to maintain the
learning stability.

IV. PERFORMANCE EVALUATION

The simulation environment was assumed as follows. The
quantum operation (Ugrr-spsr) Was performed using IBM
Qiskit [11]. The simulation parameters were setup as follows:
M =100 x 100 x 100 m®, H® =50 m, v = 1 m/s, B =
1 MHz, Pl%, =30 dBm g = 9.807 m/s?, £ = 1.225 kg/m?,
¥ = 0.0507 m?, k = 3, 7;, = 1.46 kg K,, = 2, v = 0.99,
Qactor = 0.0001, agriie = 0.001, € = 0.01, Episode = 50,
N;?gﬁ?gn 2, Nrféilt;f)n 4, Ngpor = 1024.

Figure 2 shows the energy efficiency of the UAV (7).
The term “energy efficiency” refers to the average cumulative
rewards Rcﬁm described in Section III, in which higher rewards
indicate a better performance. As shown in Fig. 2, the proposed
QRL-SPSR achieved a higher energy efficiency compared to
that of the QRL-GPSR and classical DRL; considering 40—
th episode in particular, the QRL-SPSR, QRL-GPSR, and
classical DRL achieved 1 ~ 4.5 x 10% bps/Hz/J, n ~ 3 x 10°
bps/Hz/J, and 1 =~ 0.5 x 106, respectively.

For future studies, different quantum neural networks design
can be employed and investigated.
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