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Abstract—In many massive IoT communication scenarios, the
IoT devices require coverage from dynamic units that can move
close to the IoT devices and reduce the uplink energy consumption.
A robust solution is to deploy a large number of UAVs (UAV
swarm) to provide coverage and a better line of sight (LoS)
for the IoT network. However, the study of these massive IoT
scenarios with a massive number of serving units leads to high
dimensional problems with high complexity. In this paper, we
apply multi-agent deep reinforcement learning to address the
high-dimensional problem that results from deploying a swarm
of UAVs to collect fresh information from IoT devices. The target
is to minimize the overall age of information in the IoT network.
The results reveal that both cooperative and partially cooperative
multi-agent deep reinforcement learning approaches are able to
outperform the high-complexity centralized deep reinforcement
learning approach, which stands helpless in large-scale networks.

Index Terms—Age of information, UAVs, Machine learning,
Multi-agent reinforcement learning

I. INTRODUCTION

The road to future wireless networks is encompassed by a
massive deployment of IoT devices to enable vehicle platoon-
ing, smart agriculture, and yet many unforeseen applications. In
such applications, there is an imperative requirement for fresh
information about processes monitored or executed by these
devices. Hence, information freshness has been the focus of
many studies in the recent few years [1[], [2]]. In this context,
a metric termed Age of Information (Aol) was introduced to
address time sensitivity in different scenarios. Aol is defined as
the time elapsed since the generation of the freshest received
packet. Thus, the lower the age, the fresher the information
available about a certain process.

Meanwhile, the deployment of UAVs as mobile relay units
or base stations (BS) is considered to be appealing for remote
area coverage and collecting data from low-energy devices due
to the following reasons [3|:

1) UAVs can provide coverage for remote areas, where it is
cumbersome to replace the batteries of IoT devices.

2) UAVs can reduce the transmission distance of IoT nodes
by moving close to them and then relaying the transmitted
information to the BS.

3) UAVs can reach high altitudes and hence, the probability
of line-of-sight (LOS) with both BS and IoT nodes
becomes higher.

In this context, UAV swarming is also suggested as a promising
coverage solution for massive MIMO [4]], edge intelligence [5]],
as well as UAV search and rescue operations [6].

A. Literature Review

Many works have studied age minimization in UAV-assisted
IoT. For instance, the work in [7] suggested a graph theory
approach to minimize the age, where the UAVs collect data
from sensors only at fixed data collection points around the
map, without the flexibility of collecting information anywhere.
Similarly, the work in [[8] optimized the stationary positions
of these UAVs using a game theoretic approach. Meanwhile,
the authors of [9] applied the genetic algorithm and dynamic
programming to address the same problem. However, their
approach was applied to a limited number of only 15 sensor
nodes with no scalability to massive deployments. The same
shortcoming also applies to the work in [[10].

To this end, the massive deployment of devices and services
is overwhelmingly leading to large-scale problems with a large
number of non-linear parameters, making them computation-
ally prohibitive for optimization using conventional statistical
methods. Such methods are increasingly becoming unable to
scale well to these problems, which mandates a paradigm
shift towards more scalable approaches. At the heart of these
approaches lie the decentralized machine learning algorithms.
Decentralized approaches such as Federated learning and multi-
agent reinforcement learning (MARL) usually have less com-
plexity [11f]. Furthermore, decentralized solutions may not
require sharing of all information about agents, and hence,
data privacy is preserved. In the recent few years, MARL has
drawn a great amount of attention to solving problems related
to massive IoT. For example, the authors [|12] applied MARL
to propose an energy harvesting scheme in massive scenarios.
In addition, the work in [[13] applied deep MARL in a UAV
swarm sensing application.

B. Paper Contributions

We summarize the contributions of this work as follows't

¢ We propose multi-agent deep reinforcement learning so-
lutions with partial and no sharing of information to
minimize the Aol.

Unlike our previous works in [[14], [15]], which present two UAVs serve
10 IoT devices and a centralized solution for multiple UAVs serving a cluster-
based IoT network, respectively, we focus on comparing MARL solutions in
massive IoT network served by a swarm of UAVs.
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Fig. 1: The system model: A swarm of UAVs flies around to receive information
from clusters of IoT devices and relay this information to the BS. The blocked
area is a no-fly zone.

e Our solutions account for the IoT devices’ energy con-
sumption, UAV transmission modes, as well as the division
of the massive network into clusters.

o We compare the proposed MARL approaches to the cen-
tralized solution in terms of performance and complexity.

« Interestingly, the proposed MARL approaches render very
good performance in terms of Aol and complexity, when
compared to centralized RL, especially when deploying a
large number of UAVs.

C. Outline

Section [[I] depicts the system model and the problem for-
mulation. The proposed deep MARL schemes are presented in
Section Section elucidates the results and finally, the
paper is concluded in Section

II. SYSTEM MODEL AND PROBLEM FORMULATION

As illustrated in Fig.[I| we consider the uplink of a static and
densely grounded IoT scenario with one BS with height hpgg
located in the center of a grid world. The vertical/horizontal
distance between two adjacent cells is L.. The set of IoT
devices D = {1,2,---,D} are uniformly distributed and
each has a coordinate (z4,y4). There exists a UAV swarm set
U=1{1,2,---,U} of U fixed-velocity rotary-wing UAVs that
serve the devices and relay the information to the BS. There
is a restricted area in the grid world in which the UAVs are
not allowed to fly over for security reasons. We refer to the
coordinates of the restricted area with the set R. Each UAV
has three main tasks at each time instant: schedule one or more
devices for uplink, move in a certain direction (or hover) w(t),
and relay the received packets to the BS. To this end, if a device
d is served by a UAV, we refer to this as k,(t) = d, where the
scheduling vector of all UAVs is K (t) = [k1(¢t), -, ku(t)].
In addition, each UAV can navigate as follows

lu(t)+(0,L.),  wy(t) = north,

lu(t) — (0, L), wy, () = south,
Lu(t+1) = < L,(t) + (L, 0), Wy (t) = east, D)

Iy (t) = (Le, 0), wy, () = west,

lu(t), Hover,
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Fig. 2: A UAV navigation step from one grid point to another.

where l,, = (2, y,,) is the coordinate vector of the UAV and the
position vector of all the UAVsis Ly = [l1, - -, ly]. The move-
ment vector of all the UAVs is W (t) = [wi(t), -, wy(t)].
The UAVs perform their tasks in the form of a sequence
of cycles. Each cycle consists of 4 stages: (i) navigation
stage, (ii) transmission stage, (iii) relaying stage, and (vi) Aol
update stage. We define the unit of time in the network as
a frame, where a UAV performs a full cycle in one frame.
Each frame has a duration of T, seconds. As illustrated
in Fig. 2] we assume that the navigation stage is performed
simultaneously with the other stages, where in the half-duplex
mode, the transmission stage is followed by the relaying stage,
whereas in the full-duplex modeﬂ both stages are performed
simultaneously.

A. Clustering, Rate Calculation, and UAV Cycle

Consider a set C = {1,2,---,C} of C clusters, where
each device d is assigned to a cluster c¢. Each cluster has
a fixed number of devices denoted D.. Assuming that each
UAV schedules D, devices for uplink in the time dedicated for
transmission ¢ given a transmission data rate Ry, the number
of devices in each cluster is upper bounded by

Ry tr
D. < T (2)
where M 1is the packet size, t7 is expressed in terms of the
navigation time ty, ie., tyr = 4 = 2vau in the half-duplex
mode and {7 =ty = 5—: in the full-duplex mode. Note that,
the extension to variable data rates is straightforward and does
not lie within the direct scope of this work. Finally, the bound

for the number of devices in a cluster is formulated as

Ry L.
D.< 2 M vy’
c =

half-duplex,

3)
full-duplex.

Ry L.
M v,

Each UAV wu can schedule and serve D, devices in a cluster
c at each frame. We refer to the chosen clusters by ¢ by a
UAV wu at time instant ¢ as k, (t) = c. The scheduling vector
of all UAVs is Ky (t) = [k1(t),- - , kuy(t)]. The UAV cycle is
illustrated as follows:

2To facilitate the problem formulation, we assume ideal full-duplex oper-
ation. In practice, there may exist a performance degradation due to self-
interference and hardware impairments, even though the self-interference can
be brought down below the noise floor [16].



1) Navigation stage: The position of each UAV u at a time
instant ¢ is determined by its height h,, and the projection on the
2D plane (,,(t), ¥, (t)). Each UAV w flies with a fixed velocity
of v,, from the center of a cell to the center of an adjacent cell.
The duration of the navigation stage is formulated as follows

by = Ze, @)
vy,

2) Transmission stage: The UAVs communicate with the
scheduled devices to receive their packets. We assume an LoS
component between the UAV and the devices. When a UAV u
schedules an IoT device d at time ¢, the channel gain between
both is
Bo

R ER TGN ©)

9du (t)

where [y is the channel gain at a reference distance of 1 m, Ly,
is the distance between the device and the UAV. The required
transmission power allocated for the device is

2¥-1)e> . 2 )
=— = B — JRN—
Palt) == (2% —1) 5 (W + ILaIP)
(6)
where M is the packet size, B is the bandwidth and o2 is the
noise power. The duration of the transmission stage is ¢ and
it is half the duration of the navigation stage ¢t = %N in the
half-duplex mode and it equals the duration of the navigation
stage t7 = ty in the full-duplex mode. The transmission power
vector of the network is P(t) = (Pi(t), -+, Pp(t)).
3) Relaying stage: We assume an LoS component between
the UAV and the BS. The channel gain between the UAV u
and the BS at time instant ¢ is given by [17]

_ o
o — s 2+ Ll

guBs(t) (N

where the coordinate of the BS is assumed to be (0,0). The
duration of the relaying stage is tr and it is half the duration
of the navigation stage tp = %N in the half-duplex mode and
it equals the duration of the navigation stage tp = ¢y in the
full-duplex mode.

4) Aol update stage: The Aol of device d is calculated as
the time difference between the current instant and the time
instant of the last update received from device d. Thus, the
Aol for device d at time instant ¢ is updated according to the
following update equation

].7 if Sd(t) = ].,

Aalt) = {min{Am,Ad(t —1)+1}, ®)

otherwise,

where A,,q. is the maximum Aol threshold allowed in the
network, which is chosen to be relatively high. The duration
of the Aol update stage is neglected. The Aol vector of the
network is A(t) = (A1(¢), -+, Ap(t)).

B. Problem Formulation

The goal is to plan the trajectories of the UAVs and their
scheduling policies to maximize the freshness of the informa-
tion, i.e., minimize the average Aol of the IoT devices. Consider
the weighting vector ® = (01,--- ,0p), where 6, influences
the importance of the Aol of device d. We can formulate the
optimization problem as follow

T
. 1 ¢

P1: W(rtr)1’11n{(t) T ;:1 Tr(®A)+ ) Tr (P), (9a)

s.t. lu(t) € X, (9b)

where Tr(-) is the trace of a matrix, ¢ is a transmission power
penalty to the optimization problem to force the UAV to move
closer to the devices with high Aol, and X is the set of all
possible locations in the grid world. The constraint in (Ja)
ensures that the UAVs move inside the grid world, whereas
the constraint (Ob) ensures that the optimized parameter will
not lead one of the UAVs inside the restricted area.

III. THE PROPOSED MARL SOLUTIONS

The aforementioned optimization problem in P1 is a non-
linear integer programming optimization problem whose order
of complexity is very large, even for a small number of
UAVs [14]. We propose novel centralized and decentralized
MARL solutions to solve this complex optimization problem
in a massive setup of IoT devices and a swarm of UAVs.

A. The Markov Decision Process

Assume that the swarm of UAVs are the agents that need to
optimize their movement and scheduling decisions to minimize
the objective function in (9) in the environment denoted in
the previous section. In deep reinforcement learning, Markov
decision process (MDP) problems are usually interpreted in
terms of the state, action, and reward, where the agent u
explores the environment at time ¢, observes a state s(t), takes
an action a(t) that transits the agent to a new state s(t + 1).
Then the agent receives a reward of r(t). Therefore, for P1,
those are defined as follows:

1) State: it consists of the position of the UAV [, (t) =
(24(t), y.(t)) and the Aol of the devices A(t). Therefore, the
state vector of a UAV u at time instant ¢ is s, (t) = [l.,, A(¢)].

2) Action space: it consists of the movement direction of
the UAV w,(t) and the chosen cluster by the UAV k,(¢).
Therefore, the action vector of a UAV u at time ¢ is a,(t) =
[wa(t), ku(t)]-

3) Reward: it is formulated in terms of the Aol and the
transmission power as defined in (9). The immediate reward of
a UAV v at time ? is

ru(t)z—Tr(@A)_Dicmp),

where the goal is to maximize the accumulative reward

T
max Zru(t),
Yot=1

(10)

(1)



where 7, is the policy followed by the UAV during the whole
episode and T is the episode length.

B. MARL Solutions

The Q-function Q(sy,a,) evaluates how good an action
is at each particular state [14ﬂ It calculates the expected
accumulative reward by taking an action a, at state s, and
following the policy . The optimal policy 7;, for each UAV
u is the policy that maximizes the Q-function, i.e., at each state,
choose the action that has the highest expected accumulative
reward

W; = argimax Q(Suv au)v (12)
where the optimal policy of all the UAVs is 7* = [7],-- -, 7).

This problem can be solved iteratively, where
Q (su(t),au (1) = Q (su (1), au () +

@ (P04 Qs (4 1)) = Qou )00 1))
13)

where « is the learning rate, and + is the discount factor that
controls how much the network cares about the future rewards
compared to the immediate rewards. Solving the Q-function
iteratively requires the agents to visit all the possible states and
experience all the possible actions, which is relatively complex
in high dimension state and action spaces [18]]. Instead, function
approximators, such as neural networks, are used to overcome
the dimensionality curse [19]. We apply a deep Q-network
(DQN) solution to find the optimal Q-function and the optimal
policy.

In DQNs, a neural network is used as a function approxima-
tor to estimate the Q-function Q(s,,, a,|0.), where € is a vector
containing the weights of the trained network. This network
is called the current network. The Q-function is estimated by
optimizing 6,, that minimizes the loss function

L (0. (£)) =(ru(t) + max Qs (¢ + 1), a6, (t = 1)) (14)
- Q(Su(t)7au(t)|9u(t)))2'

In addition, the DQN adopts another neural network, which
is called the target network to estimate the target Q-function
values that will be used to update the Q-function [19]. Herein,
we propose four schemes to train the agents using the DQN
algorithm as follows:

1) Centralized-RL (C-RL): The training is done at the BS,
which passes the optimal policy to the agents. This is a high-
complexity scheme since the state and action spaces include
all possible options for all the UAVs s(t) = [Ly(t), A(t)]
and a(t) = [W(t), Ky(t)], respectively. Herein, the message
exchange overhead is low, but it requires a very long training
time to converge to the optimal policy.

3Note that [14], [[17] provide interesting insights about age minimization
as well as the air interface between UAVs and ground nodes. However, the
solutions proposed therein lack scalability to massive networks served by a
UAV swarm.

/ Environment

New state 1 & Reward

New state 2 & Reward

New state D & Reward

Fig. 3: A schematic for the proposed MARL algorithms

2) Cooperative-MARL (Co-MARL): The UAVs are consid-
ered to be individual agents and can train their own local DQNs.
The training is run serially, where each UAV passes its selected
action to the next UAV directly or through the BS E} Each UAV
utilizes the optimized policies of the other UAVs to find its
optimal policy. The Aol is updated universally at the BS and
distributed among all the UAVs at the end of each episode. This
scheme is of low complexity since each UAV considers only
its state and action spaces during training; however, it requires
high message exchange between the UAVs which consumes
time and decreases the spectral efficiency.

3) Partially cooperative-MARL (PCo-MARL): Each UAV
runs its training locally and they share its optimized actions
with the BS without sending them to the other UAVs. The BS
calculates the universal Aol and distributes it among all the
UAVs. This scheme is simple and has low message exchange,
but it does not have full knowledge of the true state and
therefore, is unable to converge to the optimum policies in
many cases.

4) Decentralized-MARL (D-MARL): Each UAV runs its
training locally without sharing any information with other
UAVs or BS. This scheme is very simple and has high spectral
efficiency, but its performance is poor as it possesses no
information about the true states and actions of the other UAVs.
Fig. [3]illustrates the proposed DQN solution and the difference
between the Co-MARL and the D-MARL schemes.

I'V. NUMERICAL RESULTS AND DISCUSSION

In this section, we show the simulation results of the pro-
posed MARL solutions. We consider a 1100 m x 1100 m
network with the parameters shown in Table [Il The training is
performed using the Pytorch framework on a single NVIDIA
Tesla VIO0O GPU. Due to the high number of UAVs, the
trajectories would appear unclear and interfere with each other.
Therefore, we are not providing the UAV trajectory plots here

4We assume that passing information about actions between UAVs is done
within a negligibly short time, compared to the navigation step time T)y.
Moreover, this work focuses on evaluating different methods for learning the
trajectory of each UAV; therefore, to facilitate the analysis, we assume that the
sharing of information between UAVs is performed through reliable error-free
links.
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Fig. 4: The average Aol of 10 UAVs serving 300 IoT devices in the half-duplex and the full-duplex modes while changing the transmission rates.

TABLE I: UAV model and DQN parameters.

Parameter Value \ Parameter Value
Bo 30 dB o? —100 dBm
B 1 MHz M 5 Mb
hu 100 m h BS 15 m
Vo 25 m/s Le 100 m
Amaz 30 ¢ 5
T 60 frames 04 %
a 0.0001 o' 0.99
DQN layers  (64,128,64) Episodes 100000
Loss MSE optimizer Adam

Fig. ] illustrates the average Aol in the half-duplex and the
full-duplex modes for a swarm of 10 UAVs that are serving 300
IoT devices while varying the transmission rate. As illustrated
in @), the transmission rate dictates the number of devices in
each cluster, and hence, controls the number of clusters that
has a direct influence on the Aol. The average Aol is reduced
as the rate increases. In addition, the Co-MARL solution has
the lowest Aol compared to the PCo-MARL and the D-MARL
solutions. Overall, all the learning schemes outperform the RW
baseline model. However, low transmission rates affect the D-
MARL scheme forcing the UAVs to choose a particular action
(a cluster and a movement direction) all the time as the action
space becomes relatively large. Therefore, the decentralized
solution only outperforms the RW in high transmission rates.
In Fig. da] the D-MARL solution outperforms the RW for
rates higher than 27.5 Mbps in the case of the half-duplex
mode, whereas in Fig. [ib] it renders better Aol for rates
higher than 22.5 Mbps. Moreover, at the same transmission
rates, the full-duplex mode always outperforms the half-duplex
mode, since the UAV is able to receive and transmit data
simultaneously, which allows for a higher number of served
devices per navigation step and hence, lower age.

Fig. [5] shows the average Aol resulting from different num-
bers of UAVs that are serving 300 devices in the full-duplex
mode using a transmission rate of 31.25 Mbps. All the MARL

9 T T
[ Centralized-RL (C-RL)

8r [ Cooperative-MARL (Co-MARL) 1
[ Partially Cooperative-MARL (PCo-MARL)

7r I Decentralized-MARL (D-MARL) R
I Random-walk (RW)

Average Aol

10

3 5
Number of UAVs

Fig. 5: The average Aol while changing the number of the UAVs that are
serving 300 IoT devices in the full-duplex mode using a transmission rate of
31.25 Mbps.

schemes are trained and compared using the same DQN and
the same number of episodes. We can notice that as the number
of UAVs increases, the Aol decreases for all schemes. All the
proposed solutions outperform the RW baseline solution. The
Co-MARL scheme has the lowest Aol, whereas the D-MARL
scheme has the highest Aol compared to all the proposed
schemes. The C-RL has the lowest Aol but it requires more
episodes in training compared to the other schemes as its state
and action spaces are relatively large. In addition, when the
number of UAVs is larger than 3 UAVs, the C-RL is unable to
converge due to the dimensionality curse.

Table |lI| depicts the complexity analysis of all the proposed
schemes and the RW baseline scheme. We define the time
complexity as the execution time of each algorithm, whereas
we define the computational complexity (# computations) as
the number of multiplications and additions required by each
algorithm. The signaling overhead is the number of messages
exchanged (other than the relayed data) between the BS and



TABLE II: The complexity analysis per episode of 3 UAVs serving 300 devices
using a transmission rate of 31.25 Mbps.

Parameter | Time complexity | # Computations | Signaling

C-RL 5.85 ms 7.74 x 10° 3
Co-MARL 5.10 ms 7.32 x 10* 12
PCo-MARL 4.53 ms 7.26 x 10* 9
D-MARL 4.47 ms 7.26 x 10* 6

RW 0.6 ms 0 3

the UAVs. The RW has the lowest time complexity as it
does not perform any computations. During the training, the
C-RL requires double the number of episodes of the other
schemes to converge. The Co-MARL scheme has the highest
time complexity for an episode as each UAV must wait for
the information shared by other UAVs before taking an action
due to its high signaling overhead. The C-RL scheme has
the lowest signaling overhead but it demands a large number
of computations (10 times higher than MARL) and its time
complexity is also higher. Meanwhile, all MARL schemes have
lower computation demands.

Taking a deeper look into the results in Fig. [5] and Table
one can observe that the deployment of a higher number
of UAVs can reduce the average Aol of the network. For
example, deploying 10 UAVs instead of 3 UAVs improves
the average Aol to a value of 1.9 instead of 2.6 (i.e., about
30% improvement). Moreover, 10 UAVs are able to reach this
low Aol value using MARL which requires much less UAV
computation capabilities on board. The cost of a UAV with
less processing capabilities on board could indeed be cheaper.
An interesting conclusion here is that we are able to acquire
more fresh information using a swarm of low-cost UAVs rather
than deploying a small number of high-cost UAVs.

V. CONCLUSIONS

This paper presented different learning approaches on how to
collect fresh information from a massive IoT network using a
UAV swarm. The main target of the proposed approaches was to
maximize the overall information freshness of the network. We
applied different MARL algorithms and compared them to the
centralized RL solution. The results revealed that the, although
the centralized solution is able to reach the best performance
with a low number of UAVs, its time and computational com-
plexity, are quite high. Moreover, it fails to converge for a high
number of UAVs, unlike the MARL solutions which provide
low-complexity solutions in all scenarios and are able to scale
well to the UAV swarm setup. An interesting future direction
is to consider the non-ideal transmission of information among
UAVs and study its effect on the overall performance of MARL
as noted in Section
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