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Abstract— In the context of Mobile Augmented Reality,
satisfying the challenging users’ requirements about Quality
of Service and Quality of Experience is not an easy task due
to the limited computing capabilities of mobile devices, and
the rapid, free movement of users within the environment.
To deal with these issues, graphical computations are typically
offloaded from mobile devices to edge servers. While traditional
offloading strategies rely on static optimization or heuristics,
this work proposes a multi–input data–driven dynamic control
of uplink power and image compression rate, introducing a
Policy Broadcasting Deep Reinforcement Learning approach,
based on the Deep Deterministic Policy Gradient algorithm. The
proposed solution is aimed at matching the challenging Quality
of Service constraints, in terms of maximum round–trip latency
and minimum resolution accuracy, while minimizing the energy
consumption. Simulations show the effectiveness and scalability
of the proposed approach for real–time applications.

Index Terms— Augmented Reality, Power Control, Deep
Reinforcement Learning.

I. INTRODUCTION

The rapid evolution of wireless communication technolo-
gies has driven a paradigm shift in the design and deployment
of wireless networks. One of the key developments has
been the emergence of Heterogeneous Networks (HN) char-
acterized by (i) the integration of wireless communication
systems belonging to different Radio Access Technologies
(RATs) and (ii) the coexistence of various network elements,
such as macrocells, microcells, picocells, and femtocells [1].
The pivotal enabler of the HN deployment is 5G, the fifth
generation of wireless communication technology, which
is able to address the challenges posed by the increasing
demand for higher data rates, low latency, massive device
connectivity, and diverse user application requirements [2].
The evolution of wireless communication technologies is
accompanied by the widespread diffusion of mobile devices
for daily use, such as tablets and smartphones. Over the
years, these digital devices made available to users have
become increasingly sophisticated and are equipped with
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powerful processors (CPUs), very high resolution screens,
video cameras and sensors of different types. This allows
smartphones and tablets to run very complex applications
and functions aimed at teleworking, virtualization and enter-
tainment [3]. In the latter domain, one of the key emerging
technology is Augmented Reality (AR), which has become
an integral part of education and healthcare [4], as well as
industry 4.0 [5].

In general, AR refers to the integration of computer-
generated sensory information, such as visuals, sounds, and
haptic feedback, into the real-world environment through
user devices. This technology extends human perception
by overlaying virtual objects, information, or experiences
onto our physical surroundings, creating an immersive and
interactive user experience [6]. Mobile AR (MAR) exploits
this concept running the applications on a mobile device
(MD). In this context, the inherent constraints posed by
limited computational resources and battery capacity of
MDs make the accomplishment of object analytics while
adhering to stringent low-latency requirements a challenging
endeavor [7].

Since MDs–like smartphones or headsets usually cannot
mount built–in GPUs, they need to perform computation
offloading towards network cloud servers, which arrange
object detection or creation of tasks, sending back the
augmented frames to MDs [8]. This operation usually is
characterized by high latency, not allowing to enjoy real–time
AR applications, especially in situations where the cellular
network is overcrowded [9]. To address this challenge, some
works integrated various different types of mobile networks
to get the best performances of each [10], while in others
the concept of Mobile Edge Computing (MEC), standardized
by the European Telecommunications Standards Institute
(ETSI) [11], emerges as a promising solution. The MEC
offers computational resources to MDs at the network edge,
positioned physically closer to MDs than conventional cloud
servers. This allows to reduce the network communication
latency, enabling real–time MAR application.

Recent research endeavors have focused on efficient com-
putation offloading to MEC servers, taking into account la-
tency, bandwidth, and computational resource limitations as
Key Performance Indicators (KPIs) [12]–[14]. These works
have been enriched considering also accuracy and resolu-
tion control [15], and MD’s cache management [16] which
constitute the distinct attributes of object analytics within
the realm of MAR. While the above papers adopt a static
nonlinear optimization, several other works consider the
problem of uplink power management from a control systems



perspective. As an example, in [17], the authors demonstrate
the internal stability of standard power allocation dynamic
procedures. More recent works (e.g., [18]–[22]), instead,
have focused the attention on data–driven control methodolo-
gies, namely Reinforcement Learning (RL) [23]. A multi–
agent Q-Learning formulation has been described in [24]
where the authors consider a multitude of users requesting
streaming services at the same time. In [25], the authors
exploit Deep RL (DRL) to deal not only with power control,
but also with user association in a HN environment.

However, none of the mentioned works have considered,
jointly, the problem of dynamic uplink power and image
resolution control for MAR applications in a MEC context.

This research advances the state of the art introducing and
AI-based offloading policy for MAR applications capable of
handling the rapid variability of the positioning data available
to the MD of a user, which moves frequently and randomly
in the environment. The main contributions of this work are
the following:

• Simultaneous data-driven control of uplink power al-
location and image compression by means of DRL,
exploiting users’ spatial information and implementing
continuous control actions.

• Definition of a Policy Broadcasting approach, through
which the training phase of the RL procedure is limited
to one agent only, whereas the execution is broadcast
to multiple agents.

• Novel formulation of reward function, leveraging on the
trade-off between image accuracy and energy consump-
tion, while guaranteeing operational constraints.

The subsequent sections of the paper unfolds as follows.
Section II recalls the theoretical foundations of RL and
details the proposed Policy Broadcasting learning/execution
approach, whereas Section III presents an extensive modeling
of the MAR wireless network system. Section IV presents
the simulations and results, highlighting the effectiveness of
the proposed control architecture. Eventually, in Section V,
the key findings and practical implications of this study are
synthesized, and potential avenues for future research are
outlined.

II. POLICY BROADCASTING REINFORCEMENT
LEARNING

Decision-making problems within the RL paradigm can
be formally modeled as Markov Decision Processes (MDPs)
through the tuple ⟨S,A, P,R, γ⟩, [26] where:

• S denotes the finite state space, encompassing all con-
figurations of the environment,

• A represents the finite collection of actions available to
the agent in each state,

• P (s, a, s′) specifies the probability of transitioning from
state s to state s′ upon taking action a,

• γ ∈ [0, 1) represents the discount factor, reflecting the
preference of the agent for immediate rewards (γ ≈ 0)
over future ones (γ ≈ 1).

The overall objective for a RL agent is to learn a policy π :
S → A that maps states to actions in a way that maximizes
the expected discounted total reward

Jπ,χ = Eχ

{
V π(s)

}
=

∑
s∈S

χ(s)V π(s), (1)

where Eχ· denotes the expected value under the initial state
distribution χ, and V π(s) represents the state-value function

Vπ(s) = E

[ ∞∑
t=0

γtRt|s0 = s

]
. (2)

The agent learns a policy through an interative proce-
dure, balancing between exploration (experimenting with
new, random actions) and exploitations (selecting action that
are currently considered optimal). Upon completion of the
training process, the agent implements the learned policy π∗

within the environment during the execution phase.
In this work, a Policy Broadcasting Reinforcement Learn-

ing (PBRL) approach is introduced. Under the hypothesis
that agents possess a homogeneous nature, characterized
by identical capabilities and characteristics, a policy broad-
casting mechanism is designed, involving the training of a
single agent, as detailed in Algorithm 1, followed by the
broadcasting of the learned policy to the entire group of
agents during the execution phase, where agents simultane-
ously perform their action within the same environment, as
illustrated in Algorithm 2. The core of the proposed approach
lies in sharing the knowledge of the learned policy, thereby
addressing one of the typical drawbacks of RL algorithms in
multi-agent scenarios which is represented by the required
training times. When the agents share an homogeneous
nature, it is possible to save computational time by training
only a single agent instead of dedicating a local training for
each of the agents.

Algorithm 1 PBRL training phase

1: procedure SINGLE AGENT LEARNING
2: Initialize policy π randomly
3: for episode ← 1 to end do
4: Initialize state s
5: while s is not terminal do
6: Take action a according to exploration
7: strategy
8: Observe reward r and new state s′

9: Update internal state and policy π
10: end while
11: end for
12: end procedure

In this work, the PBRL training phase employs the Deep
Deterministic Policy Gradient (DDPG) algorithm [27], which
is particularly suitable at addressing problems characterized
by continuous actions and state spaces. This algorithm
utilizes an actor-critic neural network architecture, where
the actor network approximate the policy, while the critic



Algorithm 2 PBRL deployment

1: procedure MULTI AGENT EXECUTION
2: Initialize vector state s = [s1, . . . , sN ]
3: while s is not terminal do
4: for agent i ← 1 to end do
5: Observe state si
6: Select action ai using policy π
7: Receive reward ri and new state si,′
8: Update internal state
9: end for

10: end while
11: end procedure

network the state-value function (2), estimating the expected
cumulative rewards associated with taking a specific action in
a given state. To enhance the stability of the learning process,
DDPG introduces an experience replay buffer to store past
experiences and a gaussian noise over the actions to explore
the environment, thereby facilitating an efficient exploration
of the environment [27].

The dynamic evolution of the MAR system, together with
the underlying MDP formulation modeling choices, will be
detailed in the next section.

III. MAR SYSTEM MODELING

Let us consider a single–cell MEC system, consisting
of an edge server wired (e.g., by means of optical fiber)
to a 5G Base Station (BS), whose fixed 2D position is
xBS =

[
xBS
1 xBS

2

]T
. The server hosts a virtual machine

with guaranteed GPU capabilities for object detection and
image augmentation purposes. The MDs are single–antenna
devices, sparsely scattered within the coverage area of the BS
and each one of them occupies a non–overlapping bandwidth
W of the BS, running an active session of a MAR applica-
tion. The latter aim is to capture images with the smartphone
camera, send them to the edge server, thus receiving back the
new images with modified and augmented information. The
MDs have the same technological characteristics and cannot
communicate one with each other.

The system scenario, depicted in Figure 1, is particularly
suitable for applications involving a multitude of users mov-
ing with a defined area, such as an archaeological park.
These users are connected to the same BS which offloads
computational tasks to an edge server. The homogeneous
nature of MDs and their inability to communicate with
each other makes the system architecture ideal for scenarios
requiring synchrorized and independent user interactions.

Consider now a single MD, and suppose its owner is
allowed to move only within the coverage area of the BS
with speed v =

[
v1 v2

]T
while running its session, thus

moving according to the first order differential equation

ẋ = v, (3)

where x =
[
x1 x2

]T
. Moreover, suppose that the user can

estimate, at any given time, its position x through a GPS–like
navigation system.

Coverage Area

Fig. 1: System scenario.

Let p be the transmission power of the MD, then the Signal
to Noise ratio (SNR) can be defined as:

SNR =
pGMD GBS h

N0
(4)

where GMD and GBS are respectively the transmitter and
receiver gains, N0 is the noise power spectral density, and
h is the attenuation of radio energy, modeled following the
free-space path loss propagation model as

h =

(
λ

4πd

)2

, (5)

where λ is the signal wavelength, and d = ||x−xBS|| is the
Euclidean distance between the MD and the BS.

As a result, remembering the Shannon–Hartley theorem,
the uplink transmission rate cannot exceed the amount

R(p) =W log2
(
1 + SNR

)
. (6)

All the images captured by a MD undergo a compression
process before being sent to the edge server which ultimately
processes them.

We assume that the MD has compression capacity V , and
captures K-pixel raw images which are compressed to s
pixels, each one containing σ bits of information.

The accuracy of the image processing task can be com-
puted as follows:

A(s) = 1− 1.578 exp(−6.5× 10−3s1/2). (7)

Assuming that the server is capable of providing a minimal
computation speed of f (TFLOPS), the processing workload
is given by:

ψ(s) = 7× 10−10s3/2 + 0.083. (8)

The latency occurring for a round trip path can be divided
into four components, defined as follows:

• LIC = σK/V is the latency related to image compres-
sion at the i-th MD level;

• LT = σs/R(p) is the latency due to the 5G connection
between the MD and the BS;



• LBS
ES is the latency between the BS and the edge server.

This quantity can be neglected compared to the other
terms;

• LES = ψ/f is the latency related to processing work-
load at the edge server level.

Hence, the total cumulative latency is

L(p, s) = LIC + LT + LES. (9)

Eventually, energy consumption arguments at MD level
are considered. Let E(p, s) be the total energy consumed by
the MD. It is made by two elements:

• EIC = εσ(K − s) is the energy spent for image
compression, with ε being the energy consumption for
compressing 1 bit of data;

• ET = pLT is the energy related to data transmission.

In what follows the mathematical formulation presented
above is mapped on a MDP, in order to exploit the DRL
control framework.

The state of the agent is given by

S = ⟨d⟩, (10)

i.e., it corresponds to the relative distance from the BS.
This modeling choice, together with the assumption of the
existence of non–overlapping bandwidths, allows to apply
the PBRL approach, thus training only a single agent, and
then deploying its policy to multiple MDs.

The action space

A = ⟨p, s⟩ (11)

is composed of the transmitting power p ∈ [pmin, pmax], and
the image resolution after compression s(t) ∈ [smin, smax].

The goal of the agent is to solve the power allocation
and image processing problems in such a way that QoS
and QoE KPIs are satisfied. To this end, let µ and δ be
the maximum sustainable latency and the minimum feasible
accuracy, respectively. Hence, it is possible to define the
following two usage constraints:

L(p, s) ≤ µ
A(s) ≥ δ.

(12)

In addition, for energy saving purposes, it is desirable to
govern image compression and data transmission spending
the least possible amount of energy. As a result, the reward
is defined as follows:

r = −
(
E(p, s)+αQ(s)

)
− sgn

(
L(p, s)−µ

)
+sgn

(
A(s)−δ

)
,

(13)
where Q(s) = 1− A(s) is the accuracy loss, α is a weight
factor balancing energy minimization and accuracy loss, and
sgn(·) is the sign function.

This setup ensures efficient processing and low-latency
communication, enabling real-time MAR services, as de-
tailed in the next section.

TABLE I: System Parameters’ Numerical Values

Parameter Value Unit

f 0.5 TFLOPS
GBS 15 -
GMD 3 -
λ 5× 10−3 m
K 4× 105 pixel
N 3.98× 10−16 W
pmax 3.5 W
pmin 0 W
smax 4× 105 pixel
smin 0 pixel
σ 24 bit/pixel
V 1× 108 bit/s
W 1× 106 Hz

IV. SIMULATIONS AND RESULTS

In order to validate the effectiveness of our proposed
approach, we consider a scenario of 10 MDs moving inside
a square having a side l = 300 [m], with the BS located
at the center of the square. This scenario is typical of
archaeological parks that offer AR services: each tourist is
equipped with a MD and is free to move within a limited
area.

The numerical constant parameters of the MAR system
are summarized in Table I.

As for the users’ QoS and QoE, the constraints parameters
have been set such as δ = 0.85 [%], µ = 0.85 [s], while the
cost parameter in (13) is fixed as α = 4 in order to place
more emphasis on accuracy over energy consumption.

A single agent is trained for Eep = 200 episodes, each one
lasting T = 30 [s]. The integration of the system dynamics,
as described in equation (3), is performed using the Runge–
Kutta 4th order method with a time step dt = 0.1 [s].

At the beginning of each episode the agent is located at a
random distance d0 from the BS and it moves with random
2D velocity v ∈ [0 1.11] [m/s], to mimic a typical human
walking behavior. The episode ends if A(s) or L(p, s) fall
below the constraints or if the time limit T is reached.

During the evaluation procedure, all agents are homoge-
neous as they correspond to MDs connected to the same BS.
The proposed policy broadcasting mechanism enables the
dissemination of the learned policy to all MDs which, despite
differing in terms of initial positions and velocities vi(t),
share the same task, i.e., to develop an offloading strategy
related to uplink power control and image compression rate.
This strategy must simultaneously adhere to constraints on
round-trip latency and minimum resolution accuracy, while
minimizing energy consumption to extend MDs’ battery life.
The system dynamics evolve for the same amount of steps
per episode as in the training phase.

The DDPG hyperparameters have been carefully selected
as follows: the actor learning rate βa = 1× 10−3, the critic
learning rate βc = 2×10−3, the discount factor γ = 0.9, and
the memory capacity is selected as 1000 transitions. Both the
actor and critic share the same neural architecture composed
of three layers, the first two of 512 and 128 neurons with
ReLU activation function, and the last one of one neuron



Fig. 2: Accuracy Ai(s) evaluation for each MD i = 1, . . . , 10.

Fig. 3: Latency Li(s) evaluation for each MD i = 1, . . . , 10.

only for the critic, and two neurons (one per each action)
for the actor, with tanh as activation function.

The training process is carried out in almost 1 hour using
Tensorflow and Keras on an Intel Xeon platform with 16 GB
of RAM and Nvidia Tesla T4.

Figures 2-3 show the effectiveness of the proposed ap-
proach in terms of meeting the accuracy A(s) and latency
L(p, s) requirements respectively. While the dotted red line
in both figures indicates the KPI-correspondent value to be
satisfied, it is evident that all MDs, while moving freely
within the squared area, are capable of selecting the correct
action pair ⟨pi(t), si(t)⟩ at each instant, ensurig continuity of
service at every time instant, achieving a resolution accuracy
of approximately 87%, consistently exceeding the minimum
requirement, and a service latency of approximately 0.80
[s], consistently being compliant with the corresponding con-
straint. In particular, the highest accuracy value is achieved
by the tenth MD, A10,max = 0.8787 [%], while the second
agent achieves the lowest latency, L2,min = 0.8023 [s].

As the initial positions and velocities of each MD are
chosen at random, and their owners move freely within
the squared area at dynamically changing radom speeds,
their positions vary over time. Therefore, it is of interest to
examine their corresponding mean values, computed over the
evaluation steps, for distance d̄i from the BS, transmission
power p̄i, and image resolution s̄i, as illustrated in Table II.
It is worth noting that MDs increase their uplink power
and decrease image quality as users move farther from the
BS, reflecting real-life expectations, thus demonstrating the
effectiveness of the proposed approach.

Focusing on the most distant MD from the BS, Figure 4
illustrates the behaviour of the second MD, which we reckon
is similar to that of the others. It starts from a distance

TABLE II: Distance, transmission power and image resolution mean
values for all MDs.

Index d̄i p̄i s̄i

1 129.05 205.40 1.50× 105

2 152.78 277.10 1.48× 105

3 118.04 174.69 1.51× 105

4 124.03 190.35 1.50× 105

5 133.35 219.02 1.49× 105

6 96.94 131.79 1.53× 105

7 129.74 207.56 1.50× 105

8 125.37 194.27 1.50× 105

9 141.66 246.69 1.49× 105

10 87.08 114.09 1.56× 105

Fig. 4: Image resolution s2(t) (upper), and transmission power
p2(t) (lower) related to the second MD.

of 152.69 [m] from the BS, and it dynamically adjust its
transmission power p2(t) and image resolution s2(t) to
ensure QoS to its user. As time goes by, small variations in
distance are reflected in corresponding variations in transmis-
sion power and image resolution. It is worth mentioning that
as the MD reduces its distance from the BS, less transmission
power is required, resulting in an increase in image resolution
to meet accuracy requirements. Conversely, starting from 13
[s] onward, transmission power increases due to the MD
moving father from the BS, with image resolution decreasing
to continue to satisfy latency requirements.

Similar considerations apply to energy consumption, as
it is influenced by both energy expended for compression
and energy required for data transmission. As observed from
the mean energy consumption Ēi(p, s) values reported in
Table III, the greater the distance of the MD from the BS, the
higher the energy consumption, with the data transmission
component contributing more significantly than the com-
pression component. Conversely, for MDs closer to the BS,
the compression component outweights the data transmis-



TABLE III: Average energy consumption Ēi(p, s) for all the MDs
(measurement unity Joule).

Index Ēi(p, s) Index Ēi(p, s)

1 0.21 6 0.18
2 0.25 7 0.22
3 0.20 8 0.21
4 0.21 9 0.23
5 0.22 10 0.17

sion one, resulting in lower overall energy consumption. In
particular, the second MD, which is the farthest from the
BS, exhibits the highest mean energy consumption, whereas
the tenth MD, being the closest to the BS, shows the lowest
consumption value.

V. CONCLUSIONS

This paper has presented a novel DRL-based paradigm to
cope with the computation offloading problem for a MAR
application in the MEC scenario, in presence of QoS and
QoE requirements and rapidly moving users. Leveraging on
the PBRL control scheme and on the DDPG algorithm, the
data knowledge of MDs’ distance from the BS turns out to
be sufficient to satisfy latency and accuracy requirements in
scenarios where all MDs move within the BS’s coverage area
with non–controllable velocity. The introduction of an energy
consumption term within the reward function extends MDs’
battery life, thus guaranteeing continuity of service over a
long time.

Future works shall involve the introduction of more com-
plex connectivity protocols, together with a demonstration
of the proposed method in a real network scenario using
existing MAR devices.
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