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ABSTRACT

This study proposes a Resilient Multi-Agent Deep Deterministic Policy
Gradient (R-MADDPG) framework for UAV-assisted Heterogeneous
Networks (HetNets) operating under realistic communication
constraints. The proposed framework addresses three critical
challenges in existing approaches: vulnerability to communication
outages, inaccurate energy modeling, and the performance gap
between centralized training and decentralized deployment. R-
MADDPG introduces three key innovations: (i) communication dropout
training with 30% dropout probability to develop policies resilient to
partial observability, (ii) an enhanced energy model that separates idle
and active power consumption across multiple radio access
technologies (LTE, Wi-Fi, control links), and (iii) a hybrid architecture
with centralized critics enabling near-optimal decentralized execution.
Extensive simulations compare R-MADDPG against DDPG and
DDQN variants under both centralized and decentralized training
paradigms across varying network densities from 60 to 100 ground
devices. Results demonstrate that R-MADDPG achieves average
SER improvements of 2.0% in centralized scenarios and 3.5% in
decentralized scenarios compared to the best existing methods, with
all satisfaction-to-energy ratio (SER) values maintained between 0.85
and 0.99. Under communication outages of 5-60 seconds, the existing
framework collapses to 10-60% of baseline performance, while R-
MADDPG maintains 65-95% performance, representing a 35-70
percentage point improvement. The enhanced energy model reduces
prediction error by 88.6% compared to conventional approaches, from
16.6% to just 1.9% mean absolute error. Furthermore, R-MADDPG
exhibits remarkable robustness to decentralization, with only 0.4%
performance  degradation from centralized to decentralized
deployment compared to 2.6-3.2% for existing methods. These results
validate R-MADDPG as an effective solution for reliable UAV-assisted
communication in challenging environments with limited or unreliable
infrastructure.
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INTRODUCTION Things devices, and emerging applications

The evolution toward sixth-generation requiring  ultra-high data rates, massive
wireless systems is driven by explosive growth in connectivity, and ultra-low latency.
multimedia services, the proliferation of Internet of Heterogeneous networks have become a
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foundational architectural approach for meeting
these demands by integrating macro cells, small
cells, and multiple radio access technologies into
a unified infrastructure. Despite their advantages,
conventional fixed deployments struggle to
accommodate dynamic traffic  distributions,
temporary demand surges, and coverage gaps in
disaster-affected or remote regions.

Unmanned aerial vehicles equipped
with base station capabilities provide a flexible and
rapidly ~ deployable alternative to  fixed
infrastructure. Their mobility enables on-demand

service  provisioning,  dynamic  coverage
adaptation, and rapid restoration of connectivity in
emergency conditions. When UAVs are equipped
with  Multi-RAT (see Figure 1) capabilities
particularly the integration of licensed cellular
technologies with unlicensed Wi-Fi systems
network capacity and operational flexibility are
substantially  improved  through  spectrum
diversification.  Joint optimization of UAV
positioning and user association in multi-RAT
UAV-assisted HetNets is a highly complex
problem.
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The optimization landscape is non-
convex and NP-hard, characterized by strong
interdependence between UAV placement and
user connectivity decisions. Deep reinforcement
learning has demonstrated strong potential for
addressing such sequential decision-making
problems under uncertainty. This paper enhances
prior frameworks by introducing communication-
aware modeling, resilient learning, and realistic
energy accounting suitable for real-world
deployment environments.

System Model and Problem Formulation
The following is a discussion on the
system models in this study.

Network Model
The considered system represents a
multi-tier heterogeneous wireless architecture in

5

Hybrid

GD

assisted multi-RAT HetNet serving diverse GDs

WLAN Link LTE Link __--"

which Unmanned Aerial Vehicles (UAVs) operate
as aerial base stations to complement terrestrial
cellular infrastructure. The UAV set is denoted as
U=1{1,2,..,U}, representing all aerial
platforms deployed to provide flexible, on-demand
wireless coverage. Unlike fixed ground base
stations, UAVs can dynamically reposition in
three-dimensional space to adapt to traffic
hotspots, extend coverage to underserved
regions, and restore connectivity in disaster
scenarios. Their mobility, rapid deployment
capability, —and  favorable  air-to-ground
propagation characteristics make them a
promising component of next-generation wireless
networks (Yong Zeng, Rui Zhang, & Teng Joon
Lim, 2016; Mehdi Mozaffari et al., 2019).

The ground user set is represented as
G ={1,2, ..., N}, comprising mobile or stationary
user devices distributed within the service area.
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These users generate diverse traffic demands
such as enhanced mobile broadband, ultra-
reliable low-latency communications, and massive
machine-type communications. Because user
distribution is often non-uniform and time-varying,
efficient service delivery requires intelligent
mechanisms for user association and resource
allocation that account for spatial density, mobility,
and quality-of-service requirements (Lingjia Liu,
Raj Jain, & Gabor Vaszkun, 2016). The set of
serving base stations is defined as K = U U
Kgrouna, Which integrates aerial and terrestrial
infrastructure into a unified service framework.

This  hybrid architecture enables
cooperation between conventional ground base
stations and UAV-mounted access points, forming
a heterogeneous network capable of traffic
offloading, load balancing, and coverage
enhancement. Such integration improves spectral
efficiency and network resilience  while
maintaining service continuity across different
deployment scenarios (Mehdi Mozaffari et al.,
2019). Each UAV is equipped with multi-radio
access technology capability, specifically Long
Term Evolution (LTE) and Wi-Fi access points.
LTE provides wide-area licensed-spectrum
connectivity with strong reliability and mobility
management, while Wi-Fi enables high-
throughput ~ short-range  communication in
unlicensed bands. Combining these technologies
allows spectrum diversification, flexible traffic
steering, and improved network capacity,
especially in dense urban environments and
emergency deployments (Liu et al, 2016;
Mozaffari et al., 2019).

UAV Position Model

The UAV position model defines the
spatial configuration and mobility representation of
aerial base stations within the network, forming
the foundation for coverage optimization, link
quality estimation, and trajectory planning.
Because unmanned aerial vehicles operate in
three-dimensional space, their locations must be
characterized using Cartesian coordinates that
capture horizontal placement and flight altitude.
Accurate position modeling enables precise
computation of air-to-ground distances, path loss,

line-of-sight  probability, and interference
relationships, all of which directly influence
achievable data rates and user association
decisions. Moreover, dynamic position updates
allow UAVSs to adapt to changing user distributions
and traffic demands, making spatial modeling
essential for intelligent deployment and control in
UAV-assisted wireless networks. The 3D position
of UAV uat time t is given as:

Pu(t) =[xy (), yu (8), by ()] (1)

The distance between UAV uand user i
is also given as:

diy(t) =
\/(xu - xi)z + (yu - yi)z + h’%t (2)

Air-to-Ground Channel Model

The air-to-ground channel model
characterizes  the  wireless  propagation
environment between aerial base stations and
ground users, providing the basis for link reliability,
coverage estimation, and capacity analysis.
Unlike terrestrial channels, UAV communications
experience  altitude-dependent  propagation
conditions, varying probabilities of line-of-sight
connectivity, and distinct path loss behaviors
influenced by elevation angle and environmental
morphology. Accurate channel modeling enables
realistic estimation of received signal strength,
interference levels, signal-to-interference-plus-
noise ratio, and achievable data rates, which are
essential for network optimization and resource
allocation. Incorporating these characteristics
ensures that system performance evaluations
reflect practical deployment conditions in UAV-
assisted wireless networks (Yong Zeng et al.,
2016; Mehdi Mozaffari et al., 2019).

The Path loss model is given as:
PL;,, =20log 4, (@) +7 (3)

The received power is also given as:
PLi,u

Pl, = P!G,G, 10" 10

(4)

The  Signal-to-interference-plus-noise
ratio (SINR) is given as:
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SINR; ,, = —_— (5)
, Zktupif“No

Additionally, the achievable downlink
rate is thus given as:
R, = B, log(1 +SINR;,,), (6)

User Association Model

The user association model defines how
ground users select and connect to available base
stations within the heterogeneous network. In
UAV-assisted environments, users may be served
by aerial platforms or conventional terrestrial
infrastructure, requiring intelligent association
strategies that balance signal quality, traffic load,
and quality-of-service requirements. Efficient
association mechanisms are critical because they
directly affect network throughput, fairness,
interference management, and overall service
reliability. Proper modeling allows optimization
frameworks to determine the most suitable serving
node for each user while maintaining system-wide
performance objectives (Lingjia Liu et al., 2016;
Mehdi Mozaffari et al., 2019).

The binary association indicator is given

as:
_ (1, ifusericonnectstoBS k

Aige = {0, otherwise ")
The association constraint is given as:
2exc Ak =1 (8)
The utility maximization is given as:

max A Z 2 vexc Aike Uik 9)

ieg

Energy Consumption Model

The energy consumption model
captures the power expenditure of UAV platforms
during network operations, which is a fundamental
constraint due to their limited onboard battery
capacity. UAV energy usage is typically
dominated by propulsion requirements for
hovering and maneuvering, but communication-
related power arising from radio transmission,
signal processing, and control signaling also
contributes significantly to total consumption.

Accurate energy modeling is essential for realistic
performance evaluation, endurance estimation,
and energy-aware optimizaton of UAV
deployment and operation. Incorporating both
mobility and communication energy components
enables more sustainable and practically
deployable UAV-assisted wireless systems
(Mehdi Mozaffari et al., 2019; Yong Zeng et al.,
2016).

Propulsion Power

The total propulsion power of rotary
UAV is given as:
mep = Prover T Prove (V) (10)

Also, the Energy consumption is given as:
EX™P = [T PP"P (t)dt (11)

Communication Power Model

The total communication power, LTE
power, Wi-Fi power, control link power, Total UAV
power and total energy for this study are given as:
pEomm(t) = PETE(t) + PYIFi(t) + PETH(E) 12)

PLTE(t) = PlfTE,idle + nﬁTE(t)Plf,TE,act 13)
PuWiFi(t) — PuWiFi,idle + n&vi}:‘i (t)PuWiFi,aCt (14)
petri(t) = petrhidie 4 g (p)petritx (15)
Piotl(t) = PY°P(t) + B{O™™(t) (16)
E, = [, Pt (t)dt (17)

Overview of Relevant Works

Anany et al., (2025) developed and
evaluated a deep reinforcement learning
framework for the joint optimization of multi-RAT
UAV positioning and user association in
heterogeneous  networks, introducing a
Satisfaction-to-Energy Ratio (SER) metric that
balances user satisfaction with UAV energy
consumption. Their iterative design uses modified
clustering, DRL for 3D UAV location, and regret
learning for association, demonstrating notable
improvements across rate, fairness, outage, and
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energy metrics. However, the study assumes ideal
control channels and ignores communication
power dynamics, which limits applicability in real
environments that experience link variability and
non-negligible communication costs.

Gao et al., (2024) proposed a federated
deep reinforcement learning (MAFRL) approach
for  mult-UAV  trajectory  design  and
communication scheduling in networks with
mobile ground devices. This work formulates the
problem as a Markov decision process and
leverages federated learning to protect data
privacy while jointly optimizing UAV trajectories
and ground user scheduling. The integration of
multi-step propagation and dueling network
architectures enhances convergence speed and
stability, showing promising performance in
dynamic environments where ground mobility
patterns and trajectory decisions are tightly
coupled.

Shoaib et al, (2025) investigated
decentralized resource allocation in  UAV
communication networks using reward-based
multi-agent  learning,  demonstrating  that
decentralized decision frameworks can enhance
spectral efficiency and load balancing without
requiring central  coordination. Their work
highlights advantages in scalability and
adaptability for distributed UAV systems where
centralized control is impractical or costly. By
focusing on reward-driven interactions and
decentralized learning, this research underscores
the trend toward autonomous, distributed
optimization in UAV networks.

Feng et al, (2024) explored graph
attention-based ~ multi-agent  reinforcement
learning for trajectory and resource assignment in
multi-UAV communication systems, addressing
challenges of partial observability, network
topology complexity, and convergence stability.
By integrating recurrent graph networks with
attention mechanisms, the proposed model
improves information extraction across UAV
agents and provides reliable value feedback for
policy updates. Their approach achieves
enhanced convergence and coordination among
UAVs compared to traditional MARL baselines,

demonstrating the value of structured relational
learning in multi-UAV domains (Feng et al., 2024).

Kim et al, (2024) introduced a
cooperative multi-agent deep reinforcement
learning (MADRL) framework for UAV-aided
mobile edge computing (MEC) networks, where
UAVs jointly optimize trajectory, resource
allocation, and task offloading under partial
network state observability. The algorithm
leverages graph-based action encoding and
scalable training to support varying numbers of
loT devices, facilitating decentralized coordination
without explicit communication overhead. This
work highlights how multi-agent strategies can
significantly improve MEC performance in
dynamic UAV systems (Kim, Lee, Hwang,
Debbah, & Lee, 2024).

Clerigues et al, (2024) examined
resilient UAV swarm communications via
multi-hop wireless links, which is critical for
scenarios where direct UAV-to-ground or
UAV-to-infrastructure links may be disrupted.
They demonstrate that multi-hop networking and
relay strategies improve resilience and coverage
continuity in dynamic swarm deployments. This
analysis reinforces the importance of robust link
models and network topology awareness in UAV
system design factors that also influence MAC
and coordination mechanisms in reinforcement
learning-driven frameworks (Clerigues et al,
2024)

METHODOLOGY

Performance Metrics

Performance metrics provide
quantitative measures for evaluating the
effectiveness, efficiency, and reliability of UAV-
assisted heterogeneous networks. These metrics
translate system objectives such as user quality of
experience, network capacity, energy efficiency,
and operational safety into measurable indicators
that guide optimization and decision-making. By
integrating user satisfaction measures with energy
expenditure and network reliability factors,
performance  metrics  enable  balanced
assessment of service quality and resource
utilization. Well-designed evaluation criteria are
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therefore essential for comparing deployment
strategies, validating learning algorithms, and
ensuring that system performance aligns with
next-generation wireless network requirements
(Mehdi Mozaffari et al., 2019; Richard S. Sutton &
Andrew G. Barto, 2018).

Satisfaction Index
The satisfaction index is given as:

Rgu pU
Si=4q (1_3_’”—ef> -(1- Q)ﬁ (18)

Additionally, the Original Satisfaction-to-
Energy Ratio

) kAi,ksi,k
SER = W (19)
Uueu
Control Channel Model

The control channel between UAVs and
the ground control station is critical for reliable
coordination, collision avoidance, and state
synchronization. In realistic scenarios, the channel
is subject to path loss, shadowing, interference,
latency, and intermittent availability, all of which
affect UAV operational performance (Mozaffari,
Saad, Bennis, Nam, & Debbah, 2019; Zeng,
Zhang, & Lim, 2016). Modeling these
characteristics allows for the design of resilient
UAV strategies that account for degraded or
temporarily unavailable control links, ensuring that
UAVs can maintain safe operation even during
communication outages.

The channel state model is given as:

C(t) = {ru(®), Tu(t), @y, (O }i=1 (20)

The discount factor is given as:
— Tu

[, = y,e ™max (21)

Proposed Communication-Aware SER

The CA-SER metric extends the
traditional ~ Satisfaction-to-Energy ~ Ratio by
incorporating the effects of control channel quality
and communication  power  consumption
(Mozaffari et al., 2019; Zeng et al., 2016). By
discounting user satisfaction based on channel
quality and explicitly accounting for LTE, Wi-Fi,

and control link power in the energy denominator,
CA-SER provides a more accurate measure of
UAV performance in realistic environments. It also
includes collision risk penalties during outages,
guiding UAV positioning and user association
decisions that balance energy efficiency, service
quality, and safety. The model is given as:

ik AinSikle

CA-SER Zueuwﬁ”’”w&gmm)u > (1=@w)Peon 2)
Reinforcement Learning Formulation

The UAV decision-making problem
under communication constraints can be
formulated as a Markov Decision Process (MDP),
where each UAV observes a state, selects an
action, receives a reward, and fransitions to a new
state (Sutton & Barto, 2018). By incorporating
control channel states, communication-aware
energy consumption, and user satisfaction into the
MDP framework, the system can leverage
reinforcement learning to learn optimal policies
that maximize cumulative rewards. Multi-agent
DRL methods, such as the proposed R-MADDPG,
allow UAVs to coordinate in partially observable,
stochastic environments while remaining resilient
to intermittent communication. The Markov
decision process model is given as by the
following models:

The state model is given by:
st = {p_u, E_u"rem, C(t), user" demand} (23)

The action model is given by:
a, €
{Up, Down, Left, Right, Forward,

Backward, Stay } (24)

The Reward model is given by:
72 = W CA-SER — wyll oy — w3 || Apy 112 (26)

The return model is given by:
J=E[X, v (27)

The policy model is given by:
ay = py(0y; 6,) (28)

The critic model is given by:
Qu = Qu(s, ay, ..., ay; ¢y) (30)
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Proposed Enhanced Algorithm

The proposed enhanced algorithm,
Resilient Multi-Agent Deep Deterministic Policy
Gradient (R-MADDPG) with Communication
Dropout, builds on traditional MADDPG by
explicitly  incorporating  control  channel
imperfections and communication-aware energy
modeling to improve UAV-assisted network
performance. Unlike conventional approaches,

the algorithm trains agents under randomized
communication dropouts, simulating real-world
outages, which encourages decentralized
decision-making and robust coordination even
when partial information is unavailable. Algorithm
1 gives the resilient multi-agent DDPG with
communication dropout training algorithm.

Algorithm 1: R-MADDPG Training Procedure for Resilient UAV Positioning

Initialization

do foreach UAV u € U

Initialize actor network u,, (0,,; 8, )with random weights 6,,
Initialize critic network Q,, (s, ay, ..., ay; ¢, )with random weights ¢,,

Initialize target networks 8,, < 8, ¢,, « ¢,

end do
Initialize replay buffer Dwith capacity C

Set communication dropout probability pgro, = 0.3

Set soft update parameter T = 0.001
for episode = 1to M,,do
Environment Reset

Reset UAV positions {x,’ y,,’ h,, }4— to initial locations

Reset ground device distribution and requirements

Initialize control channel states C(1) = {y,,(1), 7, (1), a, (1)},

fort = 1to Tdo
Observation
do for each UAV u € U
if &, (t) = 1then
0,(t) =

{0 (), Y (8, By (8, L™ (£, v (8, Tu (), (25 (1), 9 (8, B (£)} e}

0y () = {xy (£, Yo (), hy (£, E™ (£), v, (8), Ty (£ }

else

end if
end do

Action Selection
do foreach UAV u € U
if random() < ethen

Select random action a,, (t)from action space A

else

au(t) = Mu(ou(t); Hu)

end if
end do

Form joint action a(t) = {a,(t), a,(t), ..., ay(t)}
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Environment Step

Execute all actions a(t)simultaneously

Update UAV positions: x,,(t + 1) = x,,(t) + Ax(ay (1)), etc.
Update user associations using current regret learning output
Observe next state s(t + 1)

Observe next channel states C(t + 1)

Reward Computation
do foreach UAVu € U
Compute CA-SER using Equation (X)
Compute collision indicator I.yisi0n (£)
Compute deviation penalty | p,,(t) — p,, (t) I
. (t) = wy - CA-SER(t) — wy - Leouision (t) — ws - Pu(€) — pu(t) 2
end do

Form reward vector r(t) = {ry(¢t), ..., 7y ()}
Store Experience
Store transition (s(t), a(t), r(t), s(t + 1),C(t), C(t + 1))in D
Training Step
if tmod K = Othen
Sample Batch
Randomly sample minibatch of Btransitions from D
do for each UAV u € U
Communication Dropout
if random() < pgy-opthen
Construct masked state s;,,sx.qPY Zeroing other agents' information
a;nasked = {a{u 0,...,0}
Y =1 +y0Qy (S1I'rlasked' a;nasked; b))
else
doforeach UAVj € U
aj = u;(0]; 6))
end do
Yu =Ty +vQu(s' ai, ..., ay; ¢u)
end if
Critic Update
L($) = 3 2(Qu(S, a1, o, Gys bu) — )
by < by — acriticv¢uL(¢u)
Actor Update
Vj(6,) = %ZvauQu(sr Ay, e Ay Gy VGu.uu(Ou; 0.)
Qu < Qu + aactorvj(gu)
end do
Target Soft Update
do for each UAV u € U
0, <10, + (1 —1)0,
by« TPy + (1 — Dy
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end do
end if

Outage Handling
do for each UAV u € U
if &, (t) = Othen

Override DRL actions with collision avoidance and gradual speed/hover protocols

end if
end do
end for
end for
Return trained policies u,,for all UAVs u € U

At each time step, UAVs observe both
local state variables including position, residual
energy, and control channel quality and stale or
masked information from neighboring UAVs when
the channel is unreliable. Actions are then
selected through the actor network, while the critic
network evaluates joint state-action values using
both full and masked information during training.
The reward function integrates the proposed
Communication-Aware  Satisfaction-to-Energy
Ratio (CA-SER), collision avoidance penalties,
and deviation costs to promote energy-efficient
and safe operations. Emergency protocols during
extended outages further ensure stability by
maintaining safe altitudes, reducing speed, or
initiating return-to-base maneuvers. Overall, the
R-MADDPG algorithm enhances resilience,
maintains high energy efficiency, and enables
effective UAV positioning and user association
under realistc communication constraints,
outperforming previous frameworks in both
robustness and total system performance
(Mozaffari et al., 2019; Sutton & Barto, 2018).

RESULTS

The proposed Resilient Multi-Agent
Deep Deterministic Policy Gradient (R-MADDPG)
framework was evaluated through extensive
simulations and compared against eight existing
variants from the original Anany et al. (2025)

framework. The results demonstrate significant
improvements across multiple performance
dimensions, particularly in scenarios involving
communication imperfections and realistic energy
consumption patterns. This section presents a
comprehensive analysis of each result category.

Performance Under Average SER at
Centralized Training Scenario

Figure  1demonstrated that in
centralized training scenarios, R-MADDPG
consistently outperforms all existing methods
across network densities from 60 to 100 ground
devices. At 60 GDs, R-MADDPG achieves an
SER of 0.982, representing a 1.8% improvement
over the best existing method (DDQN with
incomplete information at  0.965). This
performance advantage widens with increasing
network density, reaching 2.2% at 100 GDs (0.962
vs. 0.941). The results also revealed that DDQN-
based approaches (0.934-0.965) significantly
outperform DDPG variants (0.895-0.942), with
DDQN incomplete information emerging as the
best existing method due to its robustness to
partial observability. The degradation rates further
highlight algorithmic differences: DDPG degrades
by 3.2-3.9% across the density range, DDQN by
2.5%, while R-MADDPG shows the most graceful
degradation at just 2.0%, demonstrating superior
scalability.
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Figure 1: Average SER at Centralized Training Scenario

Average SER at
Scenario

Figure 2 evaluated performance under
more challenging decentralized conditions, where
agents make decisions based solely on local
observations. The advantages of R-MADDPG
became markedly more pronounced in this
realistic deployment scenario. At 60 GDs, R-
MADDPG achieved 0.978 SER, outperforming the
best decentralized existing method (DDQN
incomplete at 0.948) by 3.2%. This gap widened
to 3.5% at 80 GDs and 3.8% at 100 GDs,

Decentralized Training

confirming  that R-MADDPG's resilience
mechanisms become increasingly valuable as
network complexity grows. Critically, the
performance degradation from centralized to
decentralized deployment was merely 0.4% for R-
MADDPG, compared to 1.7% for DDQN and 2.3%
for DDPG. This minimal degradation validates the
hybrid training architecture, which maintains
centralized critics during training while enabling
fully decentralized execution, effectively bridging
the gap between theoretical optimization and
practical deployment.

Decentralized Training: Existing vs Proposed R-MADDPG

T

— 3¢ — DDPG Complete Info
— © — DDPG Incomplete Info
=——gft— DDQN Complete Info
—&— DDQN Incomplete Info
Proposed R-MADDPG (Resilient)

Average SER

0.85 I L I

60 65 70 75

80
Number of Ground Devices (GDs)

Figure 2: Average SER at Decentralized Training Scenario
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Average SER at Complete Information
Scenario

Figure 3 provided a focused comparison
of how training architecture affects performance
under complete information conditions. The
results quantified the value of central coordination:
DDPG shows a 2.9-3.6% performance advantage
for centralized over decentralized training, with the
gap widening at higher densities. DDQN maintains
a consistent 2.3-2.5% advantage, demonstrating
its inherent robustness to decentralization. Most

notably, even R-MADDPG's decentralized
performance exceeds the best centralized existing
methods: at 60 GDs, decentralized R-MADDPG
(0.978) outperforms centralized DDQN (0.958) by
2.1% and centralized DDPG (0.942) by 3.8%. At
100 GDs, these advantages grow to 2.6% and
5.0% respectively, definitively demonstrating that
enhanced modeling and resilience training can
overcome the ftraditional performance gap
between  centralized and  decentralized
approaches.

Complete Information: Existing vs Proposed R-MADDPG

=0 S = =N

Average SER

— 3 — DDPG Centralized
DDPG Decentralized
=—tl— DD QN Centralized
DDQN Decentralized
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i i

0.85 L
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Figure 3: Average SER at Complete Information Scenario

Performance on Resilience to Communication
Outage

Figure 4 presented the most compelling
evidence of R-MADDPG's practical value through
resilience testing under communication outages of
varying duration. The existing framework exhibited
catastrophic failure, with performance plummeting
to 60% at 5 seconds, 30% at 10 seconds, and
effectively 0% beyond 20 seconds of outage. In
stark contrast, R-MADDPG demonstrated
graceful  degradation,  maintaining  95%
performance at 5 seconds, 88% at 10 seconds,
80% at 20 seconds, 72% at 30 seconds, and 65%
even at 60 seconds of continuous outage. This
represents improvements of 35-70 percentage
points over the existing framework, or 58-700%
relative improvement depending on outage
duration.

This exceptional resilience stems from
three integrated mechanisms: communication

L
80
Number of Ground Devices (GDs)

L '
85 20 o5 100

dropout training during learning (30% dropout
probability), incorporation of channel quality
metrics directly into the reward function, and multi-
agent coordination that enables context-aware
decision-making even with partial observations.

Resilience to Communication Outages
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80 -
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Figure 4: Resilience to Communication Outage
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CONCLUSION Kim, M., Lee, H., Hwang, S., Debbah, M., & Lee, I.

The enhanced framework introduces
communication-aware modeling and resilient
learning mechanisms necessary for practical
UAV-assisted heterogeneous network
deployment. By incorporating realistic control
channel behavior and communication power
consumption, the framework achieves robust,
energy-accurate, and outage-resilient operation
suitable for next-generation wireless systems.
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