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Abstract—This paper presents a quantum deep Q-network
(QDQN) approach for adaptive resource control in augmented
reality (AR) systems supported by space-air-ground integrated
network (SAGIN) architecture. Specifically, we jointly optimise
the image sampling rates of ground cameras, task offloading
decisions at unmanned aerial vehicles (UAVs), and bandwidth
allocation to minimise a weighted multi-objective function of
latency and bandwidth utilisation. The resulting problem is
formulated as a mixed-integer non-linear programming (MINLP)
problem, which poses significant computational challenges for
conventional optimisation methods. By leveraging the expressibil-
ity of parameterised quantum circuits (PQCs) and the capability
of advanced reinforcement learning, the proposed QDQN solution
efficiently addresses the problem and enables adaptive decision-
making. Simulation results demonstrate that the QDQN achieves
significantly better training stability and faster convergence
compared to the classical DQN approach. Notably, the proposed
method reduces task delay by up to 100 times compared to con-
ventional benchmarks, highlighting the substantial advantages of
quantum-enhanced reinforcement learning in complex resource-
constrained AR scenarios.

A. Introduction

Space-air-ground integrated networks (SAGIN) technology
is a key enabler of 6G networks, offering ubiquitous connec-
tivity to support services in remote and hard-to-reach areas.
SAGIN can robustly provide communication infrastructure for
a wide range of applications across various domains, including
environmental monitoring, smart oilfields, wildlife tracking,
disaster management, and precision agriculture [1]. Enabling
these applications, however, involves addressing numerous
challenging problems that are gaining increasing attention
in the research community. These challenges span from the
physical layer to higher layers and include fundamental issues
such as the optimal design of waveforms and modulation
schemes, adaptive data scheduling, and resource manage-
ment [2]. Recent efforts in this area have tackled problems
such as wireless resource allocation in heterogeneous SAGIN
environments [3], cost-efficient computation offloading [4],
and energy-efficient cloud-edge collaboration [5]. Among
the promising approaches, deep reinforcement learning has
emerged as a key solution to address these complex and
dynamic optimisation challenges [4]-[6].

Recently, SAGIN has been applied to support immersive
applications such as augmented reality (AR), where a SAGIN-
based mobile edge computing (MEC) architecture is leveraged
to handle computationally intensive tasks. Unmanned aerial
vehicles (UAVs) and low-Earth-orbit (LEO) satellites equipped

with edge servers can provide high-throughput and low-latency
services for AR systems. Advanced solutions—such as edge
caching, adaptive task offloading, and related optimisation
techniques—have been actively explored to realise these inno-
vative systems [7]. MEC, with its inherent capability to offer
near real-time and powerful computing resources, has been
extensively adopted to support immersive applications such
as AR and the metaverse [8], [9]. The integration of SAGIN
and MEC technologies continues to open up unprecedented
possibilities for deploying intelligent applications that enhance
quality of life.

Motivated by the above discussions and the development of
these emerging technologies, this study considers a SAGIN-
enabled AR system by addressing a weighted multi-objective
function problem of latency minimisation and bandwidth
utilisation. The objective is to jointly optimise image sam-
pling rates, bandwidth allocation, and task offloading deci-
sions under queuing-aware latency and energy constraints.
To efficiently solve the formulated mixed-integer non-linear
programming problem, we propose a quantum deep Q-network
(QDQN) solution that leverages the expressibility of pa-
rameterised quantum circuits (PQC) and the adaptability of
reinforcement learning. Our contributions include the design of
a realistic system model with parallel processing and queuing
dynamics, a reinforcement learning formulation of the control
problem, and the development of a QDQN framework that
achieves superior delay performance and training efficiency
compared to classical baselines.
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Fig. 1. An illustration of the SAGIN-enabled augmented reality systems.



I. SYSTEM MODEL AND PROBLEM FORMULATION
A. Network Architecture and Working Flow

We consider a SAGIN-enabled AR system that is illustrated
as in Figure 1. The system comprises five main components:
a set of M ground-based IoT cameras that capture image
and video data; K UAVs equipped with edge computing
capabilities that serve as intermediate processing nodes for
M, 10T cameras in its network; a single satellite cloud
providing additional computation and acting as a relay; ground
gateway nodes (GGNs) that forward processed data; and AR
users who interact with services based on the delivered results.

The system operates in two phases. In the data collection
and processing phase, each IoT device captures images at a
rate 7,,, transmits data to its associated UAV, which then either
processes the task locally or offloads it to the satellite. In
the AR user request phase, users retrieve processed data from
GGNs, which access results stored at the satellite.

This work focuses on the first phase, aiming to jointly
optimise the sampling rate 7,,,, bandwidth allocation, and task
offloading decisions at UAVs to minimise a weighted objective
of latency and bandwidth utilisation under practical system
constraints.

B. Image Collection and Computational Workload Models

Each IoT camera captures image data that must be processed
and transmitted through the SAGIN system. The size and
complexity of the captured data are influenced by several
device-specific parameters: the resolution of the image in
pixels (H,, x Wy,), the bit-depth per pixel (d,,), and the
applied compression ratio (7,,). Based on these parameters,
the data size per frame generated by IoT device m can be
calculated as

Dy, = Hpyy X Wiy X dpy X (1= ). (D

To process each captured frame, a certain number of CPU
cycles is required, depending on the complexity of the task.
This requirement is captured by the computational workload
per frame, which is given by C,,, = v, X D,,, where 7,, is
the complexity factor of the task from the device m in terms
of CPU cycles per bit.

C. Wireless Transmission Models

We consider a resource block (RB)-based orthogonal fre-
quency division multiple access (OFDMA) scheme. The allo-
cation of RBs directly affects the achievable transmission rate
and consequently the latency of data transmission.

1) IoT-to-UAV transmissions (i2u): Since UAVs typically
maintain a strong line-of-sight (LoS) link with IoT devices,
the small-scale fading component for the IoT-to-UAV wire-
less channel is modeled using Rician fading as h,,; =

v/ %hms +4/ ﬁhNLos,, where K denotes the Rician
factor, hp,s represents the deterministic LoS component, and
hNLos is the non-line-of-sight complex Gaussian fading com-
ponent. The wireless channel gain incorporating path-loss is

defined as g, = \hm,k|2/d§l7k, where d,, 1, is the distance
from IoT device m to UAV £k, and 3 is the path-loss exponent.

The signal-to-noise ratio (SNR) for IoT-to-UAV communi-
cation is expressed as

ngm,k
Nk BoNo’

where P,, is the transmit power of IoT camera m, N, is
the number of RBs allocated to the IoT-to-UAV link, By is the
bandwidth per RB, and Ny is the noise spectral density. As
a result, the achievable transmission rate for the IoT-to-UAV
link is calculated as

SNR,,.x = )

Rk = Nk Bology (1 4+ SNRyy, 1), 3)
leading to a transmission latency given by
- D
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where D,, is the data size generated per frame by camera m.

2) UAV-to-Satellite transmissions (u2s): Each UAV for-
wards offloaded tasks from IoT devices to the satellite. The
channel gain for the UAV-to-satellite link adopts the free-space
path loss (FSPL) model with atmospheric attenuation effects:
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where c is the speed of light, f. is the carrier frequency, dy
represents the UAV-to-satellite distance, and A, accounts for
atmospheric attenuation. The corresponding transmission rate
from UAV £ to the satellite is expressed as
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and the associated latency for each offloaded task from camera
m is calculated as
TUZS _ D m
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D. Queuing-Aware Computation Models

RS = NP Bjlog, (1 +

)

Due to the limitations of computing capacity and en-
ergy budget of UAV, the UAV k have to decide if pro-
cess the task m locally or offload it to satellite. To handle
this, we introduce binary task offloading decision variables,
a = {amrtvmir € {0,1} as follows:

1, the task is processed at the k-th UAV, )
Ak =
- 0, the task is offloaded the the satellite.

1) Queuing delay of task processing at UAVs: We apply
M/M/1 queuing model to calculate the processing delay of
the offloaded tasks at UAVs, which can be modelled as

1
o= ———, 9
E T = )
where A\, = Eme M, Tm 1s the task arrival rate and
e = fk/ EmeMk 0, Cr, is the UAV processing rate to
execute all tasks in its network with respect to the offloading



decision «,.

2) Queuing delay of task processing at the satellite:
The queuing delay of task processing at the satellite is also
modelled similarly as at the UAVs, which is expressed as

1
T = ——, (10)
5 ps —As
where Ag = > > c iy, (1= 1) T s the task arrival rate
at the satellite and ps = fs/ >0 > cp, (1 — @m k) Con i
the satellite processing rate to execute all the offloaded tasks.

E. Latency Model

The total latency of a task coming from the camera m
consists of image collection time, transmission time from the
camera m to the UAV k, queuing delay for processing at the
UAV £ or offloading delay from the UAVs to satellite and
satellite’s processing delay. As a result, the total delay for
data collection and processing phase considered in this system
model is calculated as

T =T + T2 + T + (1 — i) (To5%.s + T3) (11

where T = 1/, is the image collection delay and other
delay components are calculated as in (4), (9), (7), and (10).

F. UAV Energy Consumption Model

To handle the computational tasks generated by IoT cam-
eras, UAVs consume energy for both wireless transmission
and local task execution, depending on the offloading de-
cisions. Accordingly, the total energy consumption of UAV
k is modelled as Ek = B 4 B where E{M™™ =
Py Zj\n/t" Qi kT2 5.5 is the energy for wireless transmis-
sions and E™ = gf2yMrq, 1C,, is the energy for
task execution; here, x is the parameter of execution energy.
We note that, in this work, the energy consumed for UAV
flight and hovering is not considered, as our focus is on
communication and computation-related energy costs.

G. Optimisation Problem Formulation

The addressed optimisation problem of this paper is formu-
lated as follows:

N + N
min wlszt—Fw Z (Zm N’“Jr k) (12a)
N,r tot

s.t. Z Nt + Nip < N, VK, (12b)
meMy,
Ep < EP™ Vi, (12¢)
e < pk, Yk, (12d)
As < us, (12e)
ac ANeN,T€T. (12f)

In (12), we aim at minimising the total delay of all tasks
generated by IoT cameras and the bandwidth utilisation ratio
(12a). Constraint (12b) shows the RB allocation constraint of
each UAV. Constraint (12c) reflects the energy budget of UAV
k. Constraints (12d) and (12e) represent the queuing stability
requirements for task processing. Lastly, constraint (12f) gives
the discrete selection options of the optimisation variables.

II. PROPOSED SOLUTION

As presented in (12), the formulated problem is a mixed-
integer non-linear programming (MINLP) problem, which is
NP-hard and computationally intractable using conventional
optimisation techniques. Leveraging advanced reinforcement
learning algorithms, such problems can be addressed more ef-
ficiently through data-driven exploration and decision-making.
Furthermore, quantum circuits, with their inherent express-
ibility, are well-suited to capturing the complex non-linear
patterns characteristic of MINLP problems. Motivated by these
capabilities, we propose a quantum deep Q-network (DQN)
solution to tackle the formulated problem. To enable this, we
first reformulate the original problem (12) into a reinforcement
learning framework, as described in the following subsection.

A. Reinforcement Learning Transformation

1) State space: The RL agent observes the system through
an aggregated state vector x € R? (with d = 3 in our design),
defined as x = [z1, 22, 3], Where x; represents the total delay
across all IoT cameras, which includes the image collection,
transmission, queuing, and offloading delays as defined in
(11); a2 denotes the bandwidth usage across UAVs, computed
as the ratio of the sum of allocated resource blocks (RBs) to the
total available RBs; z3 captures the total energy consumption
across all UAVs.

2) Action space: The action space is formulated as a multi-
discrete set to control the decisions for both cameras and
UAVs. We define the following discrete option sets:

o 7T: the set of available sampling rates for each camera,

o A: the set of offloading decisions,

e MNpr: the set of RB allocation options for the IoT-to-UAV
link for each camera,

o Nyav: the set of RB allocation options for the UAV-to-
satellite link for each UAV.

Then, for each camera m and each UAV £k, an action is given
by a = (al,, a2, aX, af), with a], € T, a%, € A, al) €
Mor, a; € Nyav, which is presented in (12f).

3) Reward design: The reward function is designed to
encourage policies that minimise both the total delay and
the resource usage while penalising any violation of system

constraints. Mathematically, the reward is defined as

r= —<w1 x1 + wa xg + P24, 952,963))7 (13)

where w; and wo are weighting coefficients that balance
the relative importance of delay and bandwidth usage; x; is
the total delay, and x5 is the normalised bandwidth usage,
P(x1,x2,x3) is a penalty function that accounts for violations
of system constraints in (12).

For example, consider the bandwidth constraint for each
UAV £k, i.e., (12b), which requires

N N
> a) +ap) < Ny, VE,
me My,

(14)



where Ni,4 denotes the total available RBs per UAV. If this
constraint is violated, we impose a penalty

—)\bWZmax{ (Y al+al=No) b 09

me My,

with Apana as the penalty coefficient. Penalty terms for energy
or latency violations are conducted similarly.

B. Proposed Quantum Deep Q-Network (QDQN) Solution

1) Quantum state encoding via the parameterised quantum
circuit (PQC): Given a classical state x € R¢ (with d = 3
in our case), our PQC acts on () qubits and is structured in
L layers. To enhance the data encoding step, we adopt data-
reuploading and trainable scaling techniques for data encoding
in the PQC [10]. As a result, the quantum embedding operation
of a single layer in the PQC is expressed as

Q
® Uéicqo)de(

q=l

e(y) 6(2)7 ,Bq)

l
Ué))DQN( ) l,q°

Data Encoding & Trainable Rotations

Niicn)

q=1

(16)

Daisy-Chain Entangling

where the encoding operation on the g-th qubit is defined as
a unitary operation, given by

Ll 03,05 5)

encode
=R, (arctan(xq Bq))Rz (arctan(xq Bq))

Data Encoding

x Ry (01 R-(017)).
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(17)
Trainable Rotations

where 3, is the trainable scaling parameter. By applying
the encoding scheme as (17), we achieve a universal single-
qubit rotation that injects the classical data x (scaled by ;)
into the qubit and then applies additional trainable rotations.
This structure is fundamental to data re-uploading, where
each qubit repeatedly encodes classical information throughout
multiple layers or at multiple points in the circuit, helping
the quantum model learn richer representations. For multi-
ple layers, the overall PQC is expressed as Ug.pqn(x) =
I S)DQN( ), with US?DQN(X) =US- Ue(Ill)COde(X)’ and
Uéfl)t HQ "CZ(q, ¢ + 1). is the entangling operation in
each layer.

2) Measurement and post-processing: After the application
of the PQC, the quantum state is measured in the computa-

tional (Z) basis, yielding a measurement outcome given by
ze{-1,+1}% (18)

This measurement vector is then processed by a classical fully
connected (FC) layer:

o=Wz+0b, (19)

where W € RT*® and b € R”. The total output dimension
is defined as

H
2 : i)
T= (ndecmons optlom)

=1

(20)

The output vector o is partitioned into H segments. For each
head i, the corresponding segment is reshaped into a matrix:

(@) (9

K3 n, ><
0(9) & R Mdecisons X Topiions (21)

where each element oy,)c represents the estimated Q-value for
the jth decision taking the kth option in head i.
3) Q-Value computation: For a composite action

a={a"|i=1,...,H}, (22)
where for each head ¢ the decision j selects an option agi) €
{1,... ,nc()?ﬁons}, the overall Q-value is computed as

H_ Miidsion
=> o m (23)

i=1 j=1
4) Training via temporal difference (TD) learning: For
a transition tuple (x,a,r,x’,d) from the environment (with
d € {0, 1} indicating whether x’ is terminal), the TD target is
defined using a target network Qarget as
y=r+vy (1 - d) HZE}X Qtarget(X/7 a/)7 (24)
where 7 € [0,1) is the discount factor.
The loss function is then given by the mean-squared error
(MSE) between the predicted Q-value and the target:

£06) = Bpenra | (i) ~1)'|.

where the parameter set # includes the PQC parameters i.e.,
the trainable input scaling factors {3,} and rotation angles
{6, 12)7 Q(z)} and the classical FC layer parameters: W and b
for post-processing. These parameters are updated via gradient
descent (using, e.g., the Adam optimiser) to minimise £(6),
and the target network is updated periodically to stabilize the
training process.

(25)

C. Proposed Algorithm

Based on above development, the proposed the QDQN al-
gorithm to solve the problem (12) is summarised as presented
in Algorithm 1.

III. SIMULATION RESULTS AND DISCUSSIONS
A. Simulation Settings

To evaluate the performance of the proposed solution, we
conduct simulations using the parameter settings as follows
[3], [4], [9]. The system consists of M = 10 IoT cameras
and K = 2 UAVs. Each IoT device captures images at a
sampling rate selected from the set 7 = {20, 25,30} fps. The
task offloading decision is binary, represented by .4 = {0, 1},



Algorithm 1 : Proposed QDQN algorithm for solving (12).

1: Input: Environment Env, QDQN network Q(x,a;0),
target network Qyarget (X, a; 07 ), replay buffer D, discount
factor v, exploration parameters ¢, batch size, target update
frequency.

2: Initialise parameters 6, set target parameters 6~ < 6

3: for each episode do

4:  Initialise State x <—Env.reset()

5 while not terminal do

6: Quantum Encoding and Measurement:

7 Compute measurement:

L
Z Measure(H U(g.)DQN(X) |0>®Q) e{-1,+1}¢
=1

8: Post-Processing:
9: Compute output:
o+~ Wz+b

10: Partition o into segments {0(”}/Z, to obtain Q-
value estimates Q(x, a; 0)

11: Action Selection: Choose action a using an e-greedy
policy based on Q(x,a;6)

12: Execute action a in Env, observe reward r, next State
x’, and terminal flag d

13: Store transition (x,a,r,x’,d) in D

14: Update State: x < x’

15: if size of D > batch size then

16: Sample minibatch {(x;, a;, r;, x},d;)} from D

17: Compute current Q-values: Q(x;,a;;6)

18: Compute target using the target network:

Y =1+ (1 - dv) HlE}X Qtarget(xgh al)

19: Update parameters 6 by minimizing the loss:
2
L(0) = E{(Q(xi, a;;0) — yz) ]

20: end if
21:  end while
22:  if episode mod (target update frequency) = 0 then

23: Update target network: 6= < 6
24:  end if
25: end for

26: Return: Trained QDQN model with optimal actions.

where 1 indicates local processing at the UAV and 0 indicates
offloading to the satellite. Resource block (RB) allocation
between IoT-to-UAV and UAV-to-satellite links is selected
from NV = {1,2,3,4,5}, subject to a maximum of Ny = 10
RBs per UAV. Each RB has a bandwidth of Brg = 180 kHz,
and the noise spectral density is set to Ng = —174 dBm/Hz.
Both IoT devices and UAVs transmit with a power of 30 dBm.
The processing frequencies of the UAVs and the satellite are
set to fuw = 4 x 107 cycles/s and fi, = 20 x 10° cycles/s,
respectively. The energy consumption model uses an energy
coefficient K = 10727, The UAV-to-satellite distance is fixed
at ds = 500 km, and the wireless channel model incorporates

a path loss exponent 8 = 3.0 and a Rician factor K = 3.0,
which reflects the presence of line-of-sight components in the
IoT-to-UAV communication links.

Regarding model training, we adopt standard hyperpa-
rameter settings commonly used in the DQN algorithm, as
summarised in Table I. It is important to note that the same
configuration is applied to both the quantum and classical
approaches to ensure a fair comparison of training perfor-
mance—this includes parameters such as the maximum num-
ber of steps, epsilon decay schedule, replay buffer capacity,
and discount factor. The implementation of the proposed
solution and the simulations are conducted in a Python en-
vironment, using well-known libraries such as PyTorch,
NumPy, Gymnasium, and TorchQuantum [11].

TABLE I
HYPERPARAMETER SETTINGS.

Parameters | Value
Max steps 100
Batch size 64
Discount factor 0.99
Learning rate 0.001

Update target model | 10

Initial € 1
Final € 0.01
Decay of € 0.99

10000

Replay capacity

B. Numerical Results
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Fig. 2. Training performance of the proposed algorithm compared to the

classical DQN algorithm with varying network size.

1) Training performance of the proposed algorithm: Fig-
ure 2 illustrates the training performance of the proposed quan-
tum deep Q-learning algorithm compared to classical DQN
models with different network sizes. As shown, the quantum-
enhanced agents achieve significantly better stability and faster



TABLE I
COMPARISON OF TRAINABLE PARAMETERS.

Architecture \ Number of Parameters
Classical DQN (64,64) 11, 566

Classical DQN (128,128) 31,214

Quantum DQN with 1 Layer | 449

Quantum DQN with 2 Layers | 455

convergence. In particular, the quantum DQN with two PQC
layers consistently outperforms all baselines, achieving the
highest average reward and the most stable training behaviour.
Even with a single PQC layer, the quantum model demon-
strates superior convergence compared to classical DQNs.
This improvement is especially notable given the number of
trainable parameters reported in Table II, where the quantum
models have dramatically fewer parameters—only 449 and
455—compared to 11,566 and 31,214 for classical DQNs
with (64, 64) and (128, 128) hidden layers, respectively. These
results highlight the representational efficiency and learning
effectiveness of quantum models, which are able to explore
and exploit the solution space more effectively with fewer
resources.
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Fig. 3. The comparison of total delay achieved by Algorithm 1 and other
conventional benchmarks with different settings of the task complexity.

2) Average delay comparison: Figure 3 presents the aver-
age per-step total delay under different task complexity levels
for three approaches: the proposed Algorithm 1, a heuristic
baseline, and a random policy. Task complexity is controlled
by varying the image resolution and computational workload,
where low complexity corresponds to a resolution range of
400 x 400 to 500 x 500 pixels and a processing intensity 7y in
the range of [0.5, 1.0], while high complexity increases these
ranges to 500 x 500 to 600 x 600 pixels and v € [1.0,1.5].
Across both low and high complexity settings, the quantum-
based Algorithm 1 consistently achieves significantly lower
delays compared to the baseline methods. Under high com-
plexity, Algorithm 1 maintains its advantage, achieving delays
that are about 100 times lower than random and over 65 times

lower than heuristic. These findings highlight the effectiveness
and robustness of Algorithm 1 in handling varying levels of
task complexity, thanks to its ability to adaptively allocate
resources and minimise queuing and transmission latency.

IV. CONCLUSION

In this paper, we have investigated a QDQN solution for
the optimal design of image sampling rates, task offloading
decisions, and bandwidth allocation in SAGIN-enabled AR
systems. By leveraging the expressive power of PQC and
an efficient reinforcement learning algorithm, the proposed
solution achieved significantly faster convergence and effec-
tively minimised total delay in the considered system. Looking
ahead, jointly optimising UAV path planning with resource
control represents a promising direction for developing optimal
designs in dynamic environments.
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