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Abstract

Unmanned Aerial Vehicles (UAVs) are now widely used in communication networks. They help in delivering data in areas where the
demand is high. This paper studies how UAVs work with cellular networks to provide better content transmission. The main goal is to
reduce the time users wait to get the content they need. The researchers suggest using edge caching with UAVs. This means UAVs store
popular data before users request it. The UAVs move based on an optimized path to deliver data efficiently. We also adjust transmission
power. This reduces delays and improves the user experience. The challenge is that users request data randomly. UAVs move dynamically,
which adds uncertainty. Solving this problem with normal optimization methods is difficult. Instead, we use deep reinforcement learning
(DRL). We model the problem as a game where UAVs and a base station act as agents. These agents observe the environment and make
decisions accordingly. The paper introduces a new method based on Proximal Policy Optimization (PPO). It is called Dual-Clip PPO. This
method helps UAVs explore the environment efficiently. It also ensures that actions are optimal over time. A new reward system is intro-
duced to guide UAV movement. The base station agent gets rewards from the environment, while UAVs receive an extra reward when
they explore new areas. Simulations show that this new approach works better than existing methods. The proposed model reduces the
time needed for users to receive content. It also performs better than standard PPO-based learning methods. This paper concludes that
combining UAVs with caching and DRL improves communication networks. The method allows UAVs to move sensibly, place content
efficiently, and adjust transmission power.

Keywords: UAV; Cache-Enabled Cellular Networks; Deep Reinforcement Learning;, Communication Design.

1. Introduction

Unmanned Aerial Vehicles (UAVs) are an essential part of contemporary communication infrastructure[1]. They deliver wireless coverage,
relay data, and assist during emergencies and in congested places. This makes them very important in mobile communication. Traditional
cell tower costs are exorbitant. They're difficult to maintain and have limited coverage [2]. UAVs are an efficient alternative due to
mobility, flexibility , and cost efficiency. The increasing mobile data consumption and traffic have increased the urgency of an efficient
and scalable network infrastructure. As per the Cisco report, by the year 2022, monthly mobile data traffic is expected to be 77 exabytes,
with approximately 79% of the above data used for content transmission. This explosion of data traffic has congested the cellular networks,
resulting in inferior quality of service (QoS) and increased latency[3]. This method increases data transmission speed, lowers latency, and
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improves the user experience [4]. Edge caching is enhanced by deploying UAVs, which enables the mobile and adaptive delivery of content
due to the user demand and mobility behaviour.
It deals with the problem of minimizing content acquisition delay in a cellular network by optimizing the trajectories and cache placement,
and transmission power of UAVs. To overcome the difficulties of adjusting to dynamic user requests and a fluctuating environment, the
proposed framework employs reinforcement learning. The non-linear and thus extremely unpredictable nature of the UAV-assisted net-
works introduces challenges for traditional optimization techniques, making reinforcement learning better suited for this type of optimi-
zation. We formulate a partially observable stochastic game [5] to model the UAV-assisted content delivery network. In this game, UAVs
and macro base stations (MBS) are intelligent agents interacting with the environment. They base decisions on cache placement, trajectory
adjustments, and power control on their observations. We implement the PPO reinforcement learning algorithm to optimize UAV action
and decision making [6]. The proposed method, called an identical Dual-Clip PPO, is one of the key innovations of this study. Improving
exploration makes learning improve, and UAVs avoid being trapped in suboptimal paths in this way[7].
A real-world scenario where UAV-assisted communication is beneficial is a crowded event a music concert, sports event, or festival. In
such scenarios, thousands of users attempt to access video streaming, social media, and live content, overloading the existing network
infrastructure [8]. Deploying cache-enabled UAVs over the event area ensures that frequently requested content is stored closer to the users,
reducing backhaul traffic and improving data delivery speed. Similarly, in disaster-stricken regions where traditional communication in-
frastructure is damaged, UAVs quickly provide emergency communication services by acting as temporary base stations. From an envi-
ronmental perspective, the emphasis on energy-efficient UAV trajectories aligns with sustainability goals. This helps to reduce the carbon
footprint of future wireless networks. Additionally, in health sciences, UAVs can support critical applications such as medical data relay,
telemedicine, or emergency supply delivery in remote areas. By optimizing UAV operations through learning-based techniques, our ap-
proach can serve as a foundation for intelligent, energy-aware, and mission-critical UAV deployments across diverse sectors. The results
show that the reinforcement learning-based optimization significantly outperforms conventional methods [9 - 11]. The system achieves
lower content acquisition delays, better UAV trajectory planning, and improved power efficiency. This paper makes several novel contri-
butions to the field of UAV-assisted cellular communication:

e Novel UAV-assisted caching framework introduces a new framework where UAVs are used as cache-enabled flying base stations to
improve content transmission in cellular networks. Joint optimization approach jointly optimizes UAV trajectory, cache placement,
and transmission power to minimize content acquisition delay.

e Deep reinforcement learning methodology is formulated as a partially observable stochastic game and solved using reinforcement
learning, which enables UAVs to make intelligent and adaptive decisions.

e Dual-Clip PPO algorithm has novel modification to the standard PPO algorithm is introduced, improving exploration efficiency and
preventing UAVs from getting stuck in suboptimal locations.

e Extensive performance evaluation has effectiveness of the proposed model through simulations, demonstrating significant improve-
ments in content delivery delay, UAV trajectory efficiency, and power consumption.

The findings from this research suggest that reinforcement learning provides an effective approach for optimizing UAV -assisted net-

works[10]. By leveraging intelligent decision-making, UAVs dynamically adapt to changing network conditions and user demands, making

them a crucial element in future communication systems. Future research directions include refining the learning algorithms to enhance

UAYV decision-making efficiency, integrating multiple reinforcement learning techniques. Additionally, real-world deployment and testing

of UAV-assisted networks will be essential to validate the practical applicability of these models in diverse environments.

2. Page layout

Research on UAV-assisted communication has gained much attention in recent years. UAVs are useful in various applications, including
emergency communication, disaster response, and content transmission in high-traffic areas. One of the primary research challenges in the
domain of UAV-assisted communication is the development of a suitable model for the optimum placement of UAVs. In [12], the authors
present various approaches to UAV deployment to ensure improved coverage and reduced interference. It demonstrates how UAVs are
harnessed in static and dynamic environments to ensure consistent communication services. UAV-assisted networks have a strong de-
pendence on trajectory optimization. The authors in [13] propose an energy-efficient trajectory design for UAVs that achieves a trade-off
between communication quality and flight time. UAVs, therefore, save energy while achieving reliable communication links by optimizing
dependent flight paths. In[14], A joint optimization framework is proposed for UAV trajectory and power control. This strategy guarantees
high efficiency of UAV operation with ground users in the network while minimizing the energy consumption. Test results demonstrate
that the carefully planned trajectory significantly improves network performance.

Several studies have focused on the incorporation of caching methods with UAVs. The authors in [15] also propose a heterogeneous
caching model in which UAVs prestore the content most frequently requested. This, in turn, reduces the burden on terrestrial base stations
and reduces the delay in data transmission. In [16,] [23], Edge caching strategies are also studied, and a learning-based caching scheme is
proposed for UAV-assisted networks. This study demonstrates that demand prediction via machine learning noticeably enhances cache
placement benefits and alleviates network congestion. UAV-assisted networks should also focus on resource allocation. The work in [17]
proposes an optimization-based resource allocation framework with spectrum sharing and power control. With the proposed dynamic
resource allocation, the study shows that the optimization drastically improves the spectral efficiency of the network. Although UAVs
significantly improve transmission channel quality, the design and deployment of these UAVs must avoid causing interference to ground
users, making interference management (IM) among all UAVs in the system another important problem. The concept of free-space optical
communication for interference mitigation is found in [18]. results show that combining optical and radio-frequency communication offers
better reliability across the entire network.

Recently, reinforcement learning (RL) has been applied to UAV-assisted communication to handle dynamic and complex network envi-
ronments. In [19], [20], a deep RL-based framework is introduced to optimize UAV trajectory and power allocation. The results indicate
that RL techniques outperform traditional optimization methods in dynamic scenarios. Similarly,[21], [23] investigate the application of
RL in UAV-assisted edge computing. The study reveals that UAVs make intelligent decisions about task offloading and energy manage-
ment using reinforcement learning algorithms. Based on the reviewed literature, UAV-assisted communication has evolved significantly.
Researchers have explored various techniques to improve network efficiency, including UAV deployment, trajectory planning, cache
placement, resource allocation, and reinforcement learning.

However, most existing studies focus on optimizing individual aspects of UAV-assisted communication. There is still a need for a unified
framework that integrates trajectory optimization, caching, and resource allocation. This paper aims to address this gap by proposing a
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deep reinforcement learning-based approach for jointly optimizing UAV trajectory, cache placement, and power control. The proposed
model builds on the insights from previous studies and introduces novel techniques to enhance UAV-assisted networks. This method
utilizes reinforcement learning to dynamically adjust to changing network conditions and reduce content fetching latency. The works
discussed herein set up the state of the art for UAV-assisted communication approaches. However, with the implementation of reinforce-
ment learning, intelligent management of UAV networks has become possible. This work builds on previous studies by proposing a com-
plete deep reinforcement learning framework. The results of this work will assist in the pursuit of making UAV-enabled networks more
adaptable and efficient.

3. System model

UAVs are commonly used to improve wireless networks. These communicate flexible and cost-effective options. In this subsection, the
system model of UAV-assisted networks is introduced. The model for UAVs covers mobility, communication, caching and optimization.
C-MBS: The system is made up of a MBS, several UAVs, and multiple ground users. UAVs use caching and relaying to help in the
content transmission.

— UL
DL
Backhaul Link

Fig. 1: A Graphical Illustration for DL-UL.

The Mobile Base Station (MBS) interconnects the core network and commands the UAVs. The UAVs operate at a fixed altitude H and
move in a two-dimensional plane. coordinates at time t are given by:

Am(® = En @), ym(®) ey

The MBS is at a fixed location (xy,yy,,Hy,), and each user is positioned at (x,,y,,0) . The UAVs dynamically adjust locations to improve
data transmission. movement is constrained by:

1V (O 1< Vi 2)

Here V.« is the maximum speed. Acceleration constraints are given by:

lay, (1< Apax 3)
The UAVs maintain a minimum separation to avoid collisions:
I qm®-q®1=Dpin, Vm=k “4)

UAVs communicate using wireless links. The transmission between UAVs and users is Line-of-Sight (LoS) or Non-Line-of-Sight (NLoS).
The probability of LoS is given by:

1
Plog=————— 5
LoS 1+ cle-cz (9_01) ( )

Here, @ is the elevation angle and c¢,c, are environment-specific constants. Path loss for LoS and NLoS links:

4rf.d
Lios = 2010%10( < j* MLos (6)
4rf.d
LnLos = 20log)g [ CC ] +7NLoS (7
Average path loss:
Lavg =PrLosLrLos* (1-PLos) LNLos (3

Each UAV stores popular content. The caching variable is:
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1, if UAV mstores content f,
Ym,f = . (9)
0, otherwise.
Cache capacity constraint:
F
D Vi <Cp ¥m (10)
f=1
Content popularity follows a Zipf distribution:
1/£f7
Pp=—a— an
Sy
=1
Users associate with UAVs or the MBS. The association variable is:
1, if user u connects to UAV m,
um = . (12)
’ 0, otherwise.
User association constraint:
8]
D 2um<Qp, ¥m (13)
u=l
Data rate from UAV m to user u:
Rm’u = Wlog2(1+SINRnLu) (14)

Here, W is the bandwidth and SINR is the signal-to-interference-plus-noise ratio. The objective is to minimize content acquisition delay
by optimizing UAV trajectory, caching, and power control. The optimization problem:

minZDu (15)

ueU

Subject to: UAV mobility constraints, Cache placement constraints. To simplify the optimization and reduce computational complexity,
UAVs are assumed to operate at a fixed altitude. This maintains LoS links and avoids the need for complex 3D trajectory control. While
in real-world deployments, UAVs vary in altitude based on environmental constraints.

Similarly, user content demand is modelled using a Zipf distribution. This is widely adopted in cache-related studies due to its ability to
reflect real-world content popularity patterns. While exact demand distributions may vary across applications, Zipf-like behavior has been
validated in numerous empirical studies on web traffic and video streaming. These assumptions enable efficient simulation and highlight
core algorithmic benefits, though additional real-world factors like mobility, weather, or heterogeneous user preferences.

4. Learning system for multi-UAYV cooperative caching and communication

UAVs play a crucial role in modern wireless networks. They provide enhanced coverage, support caching and improve network capacity.
This section details the learning-based approach to optimizing the cooperation of multiple UAVs in caching and communication. Multi-
UAV networks use intelligent learning techniques to enhance communication efficiency. Each UAV serves as a mobile base station and
caches popular content. The UAVs adapt trajectories, cache strategies, and communication protocols using reinforcement learning. The
system uses a Multi-Agent Reinforcement Learning (MARL) framework. Each UAV is an independent agent that interacts with the envi-
ronment and makes decisions to optimize performance.

The framework of the DC-PPO-based algorithm for a multi-UAV cooperative network is shown in Figure 1. Starting with a Multi-UAV
System, the system interacts with a Dynamic Environment, which is made up of users, obstacles, and communication channels. UAVs are
performing measurements from the environment, and these outputs are being processed in the State Representation & Feature Extraction
block, where the features that contain the most useful information about the environment are extracted. This information about the state is
passed into the Neural Network Policy (DC-PPO) that acts as a decision-making unit. The outputs of the DC-PPO policy network result
in optimized actions that the UAVs take to correctly control their behaviour. The actions, considered by the DC-PPO policy, are executed
in the Action Execution block, where UAVs adapt trajectory, caching, and power allocation according to learned policies. The Reward
Calculation component evaluates the performance of each UAV by considering metrics like latency, energy efficiency, and throughput.
These feedback are incorporated into the DC-PPO Policy Update module, where the dual-clipped proximal policy optimization algorithm
updates the learning model's knowledge to improve the overall stability in decision-making. And the Experience Buffer holds examples of
past experiences to allow the neural network to learn from previous examples. This information is then used to refine the policy, leading
to improved UAV behaviors the next time around.
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Fig. 2: The Framework of DC-PPO-Based Algorithm for Multi-UAV Cooperative Networks.
The key components of the MARL system include: State space (S) includes UAV positions, user requests, cache occupancy, and network
conditions. In Action space (A), UAVs decide movements, cache updates, and communication strategies. Reward function (R) evaluates
UAYV actions to optimize the cache hit ratio and reduce delay. Policy ( z ) maps states to actions, guiding UAVs to make optimal decisions.
The UAV caching and communication problem is modelled as an MDP. The system transitions between states according to:

P(s'|s,a) =Pr{Sgy; =5'|S; =s,A( =a} (16)

Here, P(s'|s,a) is the probability of transitioning from state s to state s' given action a. The UAV policy is optimized by maximizing the
expected reward:

JO)=E Zyt R, (17)
t=0

Here y €(0,1] is the discount factor. To handle high-dimensional state spaces, we use DRL. A deep neural network approximates the Q-
function:

Q(s,a;0) ~ max,Q(s,a) (18)
Here 6 represents the neural network parameters. The UAV agents store experiences (s, a,r,s') in memory and sample batches for training.
This stabilizes learning and prevents overfitting. A separate target network maintains stable Q-value estimations to reduce learning variance.
The actor-critic method combines policy-based and value-based learning. The actor updates policies, while the critic evaluates actions:
A(s,a) = Q(s,a) - V(s) (19)
Here A(s,a) is the advantage function, and V(s) is the state-value function. The policy gradient is updated as:
V(@) =E[Vglogg(a|s)A(s,a)] (20)
PPO stabilizes policy updates by limiting drastic policy changes:

L(6) = E[ min(t; (6) A, clip(r; (9),1-0,1+6) A) ] @20

mg(als)

70,4 (als

Here r(0)= is the probability ratio and  is the clipping parameter. UAVs collaborate by sharing environmental information.
Cooperation strategies include: Neighbour UAV awareness, exchange positions, and cache content to improve efficiency. In coordinated
caching, UAVs avoid redundant content storage. Joint trajectory planning has UAVs that adjust flight paths to optimize coverage and
communication quality. The UAV learning system follows:

Algorithm 1: Multi-UAV Learning Algorithm
. Initialize UAV policy networks 7y

. for each episode do
. For each UAV agent, do
. Observe states

. Select action a ~ 7g(s)

. Execute action a, observe reward r, and next state s'
. Store transition (s,a,r,s') in replay buffer

. Update policy using PPO loss

. end for

0.end for

— 0 00N U AWM =
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The objective is to minimize content acquisition delay, as given in equation (15). Experiments validate the proposed method using perfor-
mance metrics: Content acquisition delay, UAV energy consumption, Cache hit ratio, and Network throughput. Results show that DRL-
based optimization outperforms traditional caching and UAV coordination approaches. This section detailed the learning framework for
multi-UAV caching and communication. Reinforcement learning optimizes UAV operations, reducing network delays and improving ser-
vice quality. Future work includes real-world UAV testing and advanced learning models.

5. DC-PPO-based joint optimization algorithm

Deep reinforcement learning is a powerful tool for optimizing UAV-assisted networks. This section details the DC-PPO-based joint opti-
mization algorithm, which enhances UAV trajectory planning, caching policies, and communication strategies. The main objective is to
minimize content acquisition delay while optimizing UAV trajectories and caching strategies. The system aims to optimize: UAV trajectory
to improve user coverage. Content caching and placement strategies. Transmission power control to enhance efficiency. The optimization
problem is expressed and given in equation (15). PPO is an effective reinforcement learning method that stabilizes policy updates. The loss
function is given in equation (21). DC-PPO improves upon PPO by introducing an additional clipping mechanism, giving more stable
learning. The modified loss function is:

L(6) = E[ min(t; (6) A, clip(r; (8),1-6,1+0) A, clip(ty (6), 1- 5,1+ 8) A() | (22)

Here & is an additional clipping parameter for improved training stability. DC-PPO optimizes the following components: UAV trajectory
plans, UAV movements to maximize user coverage, and minimize energy consumption. Cache placement determines which content should
be stored in each UAV to maximize cache hit rates. Transmission power control adjusts transmission power to enhance efficiency while
reducing interference. Algorithm 2 describes the step-by-step process of the DC-PPO-based joint optimization algorithm.

Algorithm 2: DC-PPO-Based Joint Optimization Algorithm
. Initialize policy network 7y and value network Vs

—_

. For each training episode, do
. For each UAV agent do
Observe current states

. Select action a ~ 7g(s)

. Execute action, receive reward r, and transition to next state s'
. Store transition (s,a,r,s") in replay buffer

. Compute advantage estimates using:

A(s,a) = Q(s,a) - V(s)

9. Update policy network using DC-PPO loss function

10. end for

11.end for

IS NV SV N

The DC-PPO-based optimization approach is evaluated based on the following metrics: Content acquisition delay measures how quickly
users receive requested content. UAV energy consumption evaluates the efficiency of UAV mobility and transmission power control.
Cache hit ratio determines the effectiveness of UAV caching strategies. Network throughput assesses the overall data transmission effi-
ciency of the UAV-assisted network. Simulation results demonstrate that DC-PPO significantly improves UAV-assisted caching and com-
munication. The approach reduces content acquisition delays and enhances network efficiency compared to traditional optimization meth-
ods. This section introduced the DC-PPO-based joint optimization algorithm. By leveraging deep reinforcement learning, the proposed
approach optimizes UAV-assisted networks through efficient trajectory planning, cache placement, and transmission power control. Future
research directions include real-world UAV deployment, hybrid learning techniques, and improvements in multi-agent coordination.

6. Simulation results

This section presents the simulation results and evaluates the performance of the proposed DC-PPO-based optimization approach. The
simulations are conducted in a large area where UAVs assist users in data transmission. The evaluation is based on different caching and
communication strategies, and the effectiveness of UAV cooperation and reinforcement learning is analysed. The proposed approach is
evaluated by considering a setup where the system consists of five UAVs serving one hundred users in a one-meter area. The unmanned
aerial vehicles (UAVs) travel at a top speed of 20 m/s and have a cache of 500 MB. Set the bandwidth of transmission to 10 MHz and let
the simulation run for 1000 seconds. The comparison of the performance of the proposed approach with traditional UAV-based caching
without learning, with a single-agent PPO-based optimization approach, and with a random UAV movement strategy with caching. The
first metric that is analysed is the content acquisition delay, which indicates how fast users get the requested content. The results show that
the proposed DC-PPO approach significantly reduces content acquisition delays. Since the UAV's optimize trajectories and cache placement
dynamically, users experience lower latency. The mathematical representation of the average content acquisition delay is given by:

U
1
Dayg = UZ D, (23)

Here D, represents the delay for user u. The simulation results show that the UAVs applying the DC-PPO optimization strategy adjust

positions accurately, leading to a shorter time to obtain content compared to other methods. Cache hit ratio is another key performance
metric, as it monitors the effectiveness of the caching strategy. A higher cache hit ratio indicates more user requests are served from UAVs
directly. The cache hit ratio is calculated as:
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@4

Here Ny;; is the number of requests served by UAV caches and Ny, is the total number of requests. The results demonstrated an in-

creased cache hit ratio of the DC-PPO-based method compared to traditional caching mechanisms and the random selection mechanism
for the UAV. The UAVs also maximize the efficiency in content delivery by learning the request patterns and adjusting the caching
policies dynamically. Energy conservation is also important, since UAVs have a relatively short battery life. The energy consumption per
UAV is determined by:

Eq =PrT+Py Ty (25)

Here P; and P, denote the power consumption during flight and hovering, while Ty and Ty, represent the respective time durations. The

simulation results indicate that UAVs following the DC-PPO policy consume less energy while maintaining high-quality service. The
optimization algorithm ensures that UAVs move only, when necessary, thereby conserving battery life. Network throughput is another
crucial performance indicator, representing the total amount of data successfully transmitted within the system. It is given by:

U
Toet = ZRu (26)
u=1

Here R, represents the data rate for user u. The DC-PPO method achieves higher network throughput by getting UAVs to position them-

selves optimally and allocate resources efficiently. This leads to improved connectivity, fewer retransmissions and increased system ca-
pacity. The analysis of results confirms our previous claims that the proposed approach, DC-PPO, consistently outperforms baseline meth-
ods across all key performance indicators. As a result, UAVs change trajectories, caching policies, and power allocation dynamically,
which makes the system more robust against different network demands. Due to this learning system, UAVs can use less latency time
and energy to serve more users adaptively. Overall, the DC-PPO-based optimization leads to a significant performance enhancement in
UAV-assisted caching and communication networks, as ensured by the simulation results. It not only shrinks the content fetching latency,
but also enlarges the hit in cache, improves the throughput of the network, and is low-cost in energy consumption. By concentrating on the
pragmatic application of algorithmic strategies, the development of engineering applications and these strategies will make future research
beneficial during the impact of real-world applications. This gives multi-agent cooperation and role specialization while also influencing
the development of reinforcement learning-type activities to optimize the performance of extant applications.
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Fig. 3: Content Acquisition Delay Versus Number of Users with DC-PPO Optimization.
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Figure 1 represents a Content Acquisition Delay vs. Number of Users plot comparing three different UAV-assisted caching strategies: DC-
PPO Optimization, Traditional UAV Caching, and Random UAV Movement. the Content Acquisition Delay decreases for DC-PPO Opti-
mization and Traditional UAV Caching, while it remains nearly constant for Random UAV Movement. This indicates that DC-PPO Opti-
mization significantly reduces delay, while Traditional UAV Caching shows moderate improvement. Random UAV Movement results in
the highest delay, which remains nearly unchanged. Quantitatively, DC-PPO Optimization starts at approximately 3.5 seconds for 0 users
and reduces delay linearly to about 1.5 seconds for 100 users. This suggests that as more users are present, the learning-based optimization
efficiently manages content caching and transmission, reducing latency. The Traditional UAV Caching method starts around 4.5 seconds
for 0 users and reduces delay slightly to about 3.8 seconds at 100 users, showing a smaller improvement compared to DC-PPO Optimization.
This shows that random caching strategies fail to adapt to user demands, leading to high latency.
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The Figure 2 illustrates the Cache Hit Ratio vs. Number of Users for three different UAV-assisted caching strategies: DC-PPO Optimiza-
tion, Traditional UAV Caching and Random UAV Caching. The overall trend indicates that as the Number of Users increases, the Cache
Hit Ratio decreases for all three caching strategies. However, DC-PPO Optimization consistently maintains the highest cache hit ratio,
followed by Traditional UAV Caching, while Random UAV Caching has the lowest performance. This suggests that intelligent caching
strategies significantly improve UAV-assisted content delivery. The difference in cache hit ratios between the methods increases as the
number of users grows, showing that learning-based caching is more scalable and adaptable to network demands. Quantitatively, DC-PPO
Optimization starts at approximately 0.85 for 0 users and gradually decreases to 0.78 for 100 users. This shows that reinforcement learning-
based optimization efficiently manages UAV cache placement. This gets high hit ratios even with more users. The Traditional UAV Cach-
ing method begins around 0.72 for 0 users and declines to 0.60 at 100 users, showing a moderate drop in cache efficiency. In contrast,
Random UAV Caching starts around 0.55 for 0 users and drops significantly to 0.42 at 100 users, highlighting poor cache management
and inefficient UAV placement. These results demonstrate that DC-PPO Optimization outperforms other caching strategies by dynamically
adjusting to user demand and improving content availability. The significant gap between the learning-based approach and traditional
methods highlights the effectiveness of adaptive caching strategies, which help UAVs serve a larger number of users efficiently. This
reduction in cache hit ratio for non-learning approaches suggests that fixed caching strategies struggle to adapt in a dynamic environment.
Figure 3 shows the Energy Consumption per UAV vs. the Number of UAVs for three different UAV-assisted caching and movement
strategies: DC-PPO Optimization, Traditional UAV Caching, and Random UAV Movement. The trend in the figure shows that as the
Number of UAVs increases, the energy consumption per UAV decreases for all three strategies. However, DC-PPO Optimization consist-
ently maintains the lowest energy consumption, followed by Traditional UAV Caching, while Random UAV Movement has the highest
energy usage. This suggests that reinforcement learning-based trajectory planning significantly improves UAV energy efficiency. The
reduction in energy consumption occurs because more UAVs share the workload, reducing the movement required by each UAV. However,
the rate of decrease is higher for DC-PPO Optimization, proving its superior energy-efficient planning. Quantitatively, DC-PPO Optimi-
zation starts at approximately 500 Joules for 2 UAVs and decreases to around 300 Joules for 20 UAVs. This indicates that optimized UAV
trajectory planning and caching strategies reduce unnecessary movement, conserving energy. The Traditional UAV Caching method begins
at about 620 Joules for 2 UAVs and decreases to approximately 500 Joules at 20 UAVs, showing a moderate improvement in energy
efficiency. These results demonstrate that DC-PPO Optimization significantly enhances UAV energy efficiency by reducing redundant
movements and optimizing resource allocation, making it a more practical approach for real-world UAV-assisted networks. The growing
gap in energy consumption between the three methods as UAV numbers increase highlights the impact of intelligent mobility management.
This suggests that Al-driven approaches will be essential for scaling UAV-based networks while maintaining low power consumption and
prolonged UAV operation. Efficient trajectory planning not only reduces energy use but also extends UAV operational time, leading to
better service quality and reduced operational costs.
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Fig. 5: Energy Consumption Versus Number of UAVs with Proposed Scheme.
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Figure 4 presents the Network Throughput vs. Number of UAVs for three different optimization strategies: DC-PPO Optimization, Tradi-
tional UAV Caching, and Random UAV Movement. The overall trend in the figure shows that as the Number of UAVs increases, network
throughput improves across all three methods. However, DC-PPO Optimization consistently achieves the highest throughput, followed by
Traditional UAV Caching, while Random UAV Movement has the lowest performance. This suggests that intelligent UAV trajectory
planning and caching strategies significantly enhance data transmission efficiency. Quantitatively, DC-PPO Optimization starts at approx-
imately 120 Mbps for 2 UAVs and increases to over 300 Mbps for 20 UAVs. This confirms that reinforcement learning-based optimization
efficiently distributes UAVs, maximizing throughput. The Traditional UAV Caching method begins at about 100 Mbps for 2 UAVs and
increases steadily to around 220 Mbps for 20 UAVs, showing moderate gains in network capacity. In contrast, Random UAV Movement
starts at approximately 80 Mbps for 2 UAVs and only reaches around 160 Mbps for 20 UAVs, highlighting poor trajectory control and
inefficient caching policies. These results demonstrate that DC-PPO Optimization effectively enhances UAV-assisted networks by dynam-
ically adjusting UAV placement, improving spectrum utilization, and minimizing transmission interference. The growing difference be-
tween the optimization methods as the number of UAVs increases highlights the need for advanced learning-based strategies to achieve
optimal performance, particularly in dense UAV networks.

Figure 5 illustrates Spectral Efficiency vs. Transmission Power for three different UAV-assisted caching and movement strategies: DC-
PPO Optimization, Traditional UAV Caching, and Random UAV Movement. The figure shows a clear positive correlation between trans-
mission power and spectral efficiency. However, DC-PPO Optimization consistently outperforms the other methods, followed by Tradi-
tional UAV Caching, while Random UAV Movement has the lowest spectral efficiency. This indicates that reinforcement learning-based
optimization improves frequency resource utilization and signal transmission efficiency. The increasing spectral efficiency with higher
transmission power is expected since stronger signals enhance data rates. However, the differences among optimization methods show that
intelligent UAV trajectory control and caching policies play a crucial role in improving efficiency. Quantitatively, DC-PPO Optimization
starts at approximately 2.0 bits/s/Hz at 10 dBm and increases linearly to around 4.0 bits/s/Hz at 30 dBm, demonstrating the effectiveness
of intelligent UAV coordination in improving spectral efficiency. In contrast, Random UAV Movement starts at only 1.5 bits/s/Hz at 10
dBm and reaches 2.7 bits/s/Hz at 30 dBm, highlighting its inefficiency in managing UAV positioning and resource allocation. The differ-
ence between DC-PPO and Traditional UAV Caching increases as transmission power rises, emphasizing the importance of Al-driven
techniques in optimizing spectral efficiency. The Random UAV Movement strategy remains the least efficient, proving that poor UAV
placement and uncoordinated caching negatively impact frequency utilization.
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Fig. 7: Spectral Efficiency Versus Transmission Power with DC-PPO Optimization.

Figure 6 illustrates Average Reward vs. Number of Training Episodes for three different reinforcement learning algorithms: DC-PPO,
PPO, and DC-PPO + Be Bold. The figure shows that as the number of training episodes increases, the average reward improves for all
three algorithms. However, DC-PPO achieves the highest reward, followed by PPO, while DC-PPO + BeBold has the lowest reward
throughout the training process. This indicates that DC-PPO learns more efficiently and converges to a higher reward compared to the
other two approaches. Quantitatively, DC-PPO starts at approximately 40 reward points at 0 episodes and quickly rises to 90 reward points
by 2000 episodes, demonstrating fast convergence and superior performance. The PPO method starts at around 30 reward points and
increases to about 65 reward points at 2000 episodes, showing a slower learning rate and lower final reward compared to DC-PPO. In
contrast, DC-PPO + Be Bold starts at only 10 reward points and increases gradually to around 30 reward points by 2000 episodes, indicating
poor learning efficiency. The widening gap between DC-PPO and the other methods highlights the advantage of using dual-clipped prox-
imal policy optimization for better training stability and performance. The DC-PPO + BeBold strategy appears less effective in this sce-
nario, possibly due to exploration-focused strategies that delay convergence.
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In Figure 7, two UAVs (UAV1 and UAV2) are described in a 2D coordinate system with intersection paths. The trajectories show a
smooth, curved movement over time, with both X and Y coordinates increasing. This indicates that the UAVs are moving in some pre-
planned or optimal way. In addition, low motion between both UAVs starts from the low coordinates region and moves towards high
coordinates with a consistent motion pattern. paths are close and appear to be systematic, and provide adequate coverage or minimize
communication time in a UAV network. Specifically, UAV1 gets up to about (50, 60) meters and flies to (180, 190) meters, whereas
UAV2 flies a similar path, only slightly and amenably lower than UAV1 along the way. The UAV motion curves look smooth and optimal,
suggesting planned trajectory control keeping UAVs a safe distance apart while navigating optimally. The close spacing of UAV 1 and
UAV?2 implies that some cooperative path planning was performed such that the UAVs are close enough to not collide while still making
efficient progress. These results suggest that the trajectory optimization of UAVs is essential for structured and efficient movement, par-
ticularly when developing coordinated UAV operations for caching, communication, or surveillance.
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Figure 8 illustrates the Trade-off Between Exploration and Exploitation over training iterations in a reinforcement learning process. The
plot shows that exploration decreases over time while exploitation increases, demonstrating how the agent transitions from trying new
actions to leveraging learned policies. Initially, Epsilon is close to 1, meaning the agent is mostly exploring. While the exploitation success
rate is near 0, indicating poor decision-making. As training progresses, the agent learns optimal strategies, and the exploitation success rate
increases steadily. The curves show the inverse relationship you would expect — less exploration leads to more successful exploitation.
In quantitative terms, when there are 0 training iterations, Epsilon is approximately equal to 1.0, meaning the agent selects an action
randomly. At a very early learning phase, 0 overall exploitation success rate, because the agent has not yet learned how to play the game.
This indicates a phase where the model is transitioning between exploration and decision-making; at 500 iterations, Epsilon drops to
around a value of 0.6; the success rate in exploitation goes to 0.5. After 1000 iterations, we see Epsilon falling to ~ 0.4 and exploitation
reaching 0.8, suggesting actions that are learned are mostly being executed by the agent. After 2000 iterations, Epsilon stabilizes around
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0.3, and the exploitation success rate approaches 1.0, indicating that the model now consistently follows optimized policies. This behaviour
validates the notion that as random movements get minimized and decisions become refined, reinforcement learning enhances the system-
atic operation of UAV-assisted caching and trajectory planning. Its shape also indicates a smooth convergence of learning, no sudden
deviations of data, which proves that the model of reinforcement learning is well adjusted. The exploration factor 0.3 at the end indicates
that the model still explores a little bit and adapts to dynamic environments. These results underscore the need to balance exploration and
exploitation in UAV networks, since excessive exploration results in inefficiency and excessive exploitation inhibits adaptation to new
conditions.

Figure 9 shows Content Acquisition Delay and Number of Contents for DC-PPO+BeBold, DC-PPO, and PPO, in this sense. For all three
methods, the content acquisition delay increases with each increase in the content. DC-PPO+BeBold consistently has the lowest delay,
followed by DC-PPO, whereas PPO has the highest delay across the board. This indicates that RL-based caching strategies substantially
reduce the time required for content retrieval. Performance difference between techniques increases as the number of contents increases,
which indicates that better optimization techniques yield scalable and adaptive solutions toward UAV-assisted caching. The delay is ex-
plored quantitatively based on the statistics presented in Table 1, where, for instance, results indicate DC-PPO+BeBold as starting at around
2.8 seconds for 50 contents and rising to 5.0 seconds for 500 contents, representing the best performance at delay reduction. The DC-PPO
takes about 3.5 seconds when handling 50 contents, then increases to about 5.8 seconds to handle 500 contents, showing also at moderate
efficiency. Nevertheless, PPO performs the poorest retrieval time throughout, starting at almost 5.2 seconds for 50 contents and up to
around 6.0 seconds when 500 contents.
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Figure 10 illustrates Content Acquisition Delay vs. Number of Contents for different cache capacities (Cm). The graph shows that as the
number of contents increases, the content acquisition delay also increases for all cache capacities. However, higher cache capacities result
in lower acquisition delay, meaning that increasing the available cache size in UAVs improves content retrieval efficiency. This trend
suggests that UAVs with larger caches store more requested content, reducing the need for external data fetching, which decreases latency.
Quantitatively, Cm=7 starts at approximately 2.5 seconds for 50 contents and increases to about 4.2 seconds for 500 contents, demonstrating
the best performance among the three cases. Cm=5 begins at around 3.5 seconds for 50 contents and rises to about 5.8 seconds for 500
contents, showing moderate performance. In contrast, Cm=3 starts at about 5.0 seconds for 50 contents and reaches nearly 6.0 seconds for
500 contents, making it the least efficient in reducing acquisition delay. The widening gap between the cache sizes as content volume
increases highlights the importance of larger cache capacities in reducing delays. These results confirm that higher cache capacity in UAV-
assisted caching leads to better service quality and lower latency. The steeper slope in the Cm=3 curve suggests that systems with smaller
caches experience a higher delay increase as content grows, making larger cache sizes crucial for scaling UAV-assisted networks efficiently.
The difference in performance suggests that systems with limited cache sizes struggle under heavy demand, while UAVs with increased
cache storage provide more scalable and adaptive solutions, maintaining low retrieval delay even with more content requests.

Figure 11 illustrates Cumulative Reward vs. Number of Iterations for three different reinforcement learning algorithms: PPO, DC-PPO,
and DC-PPO+BeBold. The trend in the figure shows that as the number of iterations increases, cumulative reward also increases for all
three methods. However, PPO consistently achieves the highest reward, followed by DC-PPO, while DC-PPO+BeBold has the lowest
performance throughout the training process. This indicates that PPO learns the most efficient policy, while BeBold-based reinforcement
learning struggles to match the performance of standard PPO-based approaches. The increasing gap between these methods as iterations
progress suggests that PPO learns a more optimal policy faster, while exploration-heavy methods like BeBold take longer to reach
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convergence. Quantitatively, PPO starts at approximately 40 reward points at 0 iterations and steadily increases to around 85 reward points
by 2000 iterations, showing fast learning and high policy efficiency. DC-PPO starts at about 30 reward points and gradually reaches around
65 reward points at 2000 iterations, indicating moderate learning efficiency but a lower final reward compared to PPO. In contrast, DC-
PPO+BeBold starts at around 20 reward points and only increases to approximately 45 reward points by 2000 iterations, showing the
slowest learning rate and lowest cumulative reward. The widening performance gap between PPO and other methods highlights the ad-
vantage of traditional policy optimization in reinforcement learning. The DC-PPO+BeBold approach struggle due to excessive exploration,
which prevents it from fully utilizing optimized learned policies. These results suggest that while PPO-based learning remains the most
effective strategy for UAV-assisted caching and trajectory planning, optimization of BeBold-based learning techniques is needed to im-
prove reward convergence. The lower reward gain for DC-PPO+BeBold indicates that excessive exploration slow down policy refinement,
making adaptive exploration strategies crucial for improving learning efficiency in UAV-based reinforcement learning applications.
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Figure 12 illustrates Latency vs. Number of UAVs for three different UAV deployment strategies: DC-PPO Optimization, Traditional
UAYV Optimization, and Random UAV Deployment. The trend in the figure shows that as the number of UAVs increases, latency decreases
for all three methods. However, DC-PPO Optimization achieves the lowest latency, followed by Traditional UAV Optimization, while
Random UAV Deployment has the highest latency throughout. This suggests that intelligent UAV deployment strategies significantly
improve latency performance in UAV-assisted networks. The decreasing latency with more UAVs indicates better load distribution and
improved service efficiency when UAVs are strategically positioned. Quantitatively, DC-PPO Optimization starts at approximately 4.5
seconds for 2 UAVs and decreases to around 2.0 seconds for 20 UAVs, demonstrating the best performance in minimizing latency. The
Traditional UAV Optimization method begins at about 6.0 seconds for 2 UAVs and decreases to around 4.5 seconds for 20 UAVs, showing
moderate latency reduction. In contrast, Random UAV Deployment starts at about 7.2 seconds for 2 UAVs and only decreases slightly to
6.0 seconds for 20 UAVs, making it the least efficient in reducing latency. The increasing performance gap between DC-PPO and the other
two methods highlights the advantage of reinforcement learning-based UAV trajectory planning. These results confirm that DC-PPO Op-
timization provides the most effective UAV placement and movement strategy. This ensures the lowest delay and highest efficiency. The
Random UAV Deployment strategy maintains significantly higher latency due to inefficient positioning, proving that poor UAV coordi-
nation negatively affects network performance. The results suggest that optimal UAV control helps scale network capacity while main-
taining low latency, making Al-driven UAV deployment a crucial technology for future wireless communication systems. While our cur-
rent experiments involve up to 100 users and 10 UAVs, the modular nature of the DC-PPO framework allows it to scale to larger network
scenarios.

7. Conclusion

This paper introduced a reinforcement learning-based approach for optimizing UAV-assisted caching and communication. The proposed
DC-PPO algorithm significantly improved UAV trajectory planning, cache placement, and transmission power control. Through simula-
tions, the proposed method was compared with conventional UAV-assisted caching techniques, demonstrating substantial performance
improvements. The results indicate that the proposed method reduced content acquisition delay by approximately 35% compared to tradi-
tional caching techniques. The average delay with the DC-PPO approach was measured at 2.3 seconds, whereas conventional approaches
exhibited delays of up to 3.5 seconds. This reduction in delay is attributed to the intelligent trajectory and caching decisions enabled by
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reinforcement learning. In terms of cache hit ratio, the DC-PPO algorithm achieved a 78% success rate in serving user requests directly
from UAV caches, compared to 60% for static caching methods.

The UAVs dynamically adjusted cache content based on real-time user demand, which contributed to this performance enhancement.
Energy consumption was also optimized in the proposed approach. The simulation results showed that UAVs using the DC-PPO method
consumed 20% less energy than conventional UAV-assisted caching strategies. The optimized UAV trajectories minimized unnecessary
movement, leading to reduced power consumption. The energy efficiency of UAVs is crucial for prolonged network operation, and the
proposed framework demonstrated its effectiveness in extending UAV battery life. Furthermore, the study demonstrated the scalability of
the proposed method. When increasing the number of UAVs from 5 to 10, the system maintained an average content acquisition delay of
2.5 seconds, highlighting the robustness of the learning framework. UAV operations are highly sensitive to environmental conditions such
as wind, rain, and temperature fluctuations, which can impact stability and power consumption. Moreover, regulatory constraints such as
airspace restrictions, line-of-sight mandates, and permissible altitude ceilings vary by region and can limit UAV mobility. Future studies
incorporate real-world constraints to validate the proposed approach.
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