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Abstract: The flocking motion is a fundamental and crucial operation in multi-UAV systems, 
encompassing navigation and obstacle avoidance. However, the unknown and random 
environment poses a great challenge to traditional Unmanned Aerial Vehicle (UAV) flocking and 
navigation control methods. This paper uses Reinforcement Learning (RL) techniques to achieve 
navigation and obstacle avoidance for a swarm of UAVs in unknown environments. The RL 
algorithm employed in this study is MAPPO, which has been integrated with an attention 
mechanism to form the ATT-MAPPO algorithm. This incorporation of the attention mechanism 
enables the agent to effectively filter out irrelevant information and focus its attention solely on 
crucial features relevant to the task at hand, thereby significantly enhancing decision-making 
accuracy and efficiency. The leader replacement strategy effectively balances the energy 
distribution within the UAV flocking, thereby significantly extending the overall flight range  
of the UAV. Finally, we demonstrate the scalability and adaptability of ATT-MAPPO in a 
simulation experiment.  

Keywords: flocking; multi-agent reinforcement learning; unmanned aerial vehicles; leader 
replacement. 
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1 Introduction 

In recent times, Unmanned Aerial Vehicle (UAV) swarms 
have been extensively utilised in various demanding missions 
such as countering terrorism, safeguarding borders and 
conducting search and rescue operations (Chipade and 
Panagou, 2021; Ribeiro et al., 2021; Gassara and Rodriguez, 
2021; Zhu et al., 2023a, 2023b, 2023c). The challenge lies in 
ensuring collision-free flocking, which is a fundamental 
control problem encountered in these applications. The 
primary objective of UAV flocking is to achieve target point 
navigation cohesively while ensuring autonomous navigation 
and obstacle avoidance. There are two predominant forms of 
UAV swarm leader-following (Yan et al., 2021, 2022) and 
leaderless (Wang et al., 2022; Shen et al., 2021). Efficient 
cooperation among the members of the UAV swarm is crucial 
for accomplishing their designated tasks. 

The autonomy level of UAV swarms has been extensively 
researched, utilising conventional methods like consensus 
theory (Vicsek et al., 1995). Model predictive control that relies 
on precise UAV kinematic models (Luo and Duan, 2017) and 
environmental disturbance models (Zhao et al., 2018), which 
can be difficult to obtain in practical scenarios. To address this 
limitation, an alternative approach that has garnered significant 
attention is model-agnostic Deep Reinforcement Learning 
(DRL) (He 2023a, 2023b; Zhu et al., 2021, 2022). By not 
necessitating accurate environmental models, Reinforcement 
Learning (RL) algorithms can automatically adapt to new 
environments without modifying the underlying model itself. 
This enables them to discover innovative behaviours and 
showcase advantages compared to fixed rule-based systems. 

Wang et al. (2020) proposed an approach for multi-UAV 
path planning based on the enhanced Q-learning (DQN) 
algorithm, which is primarily employed to address problems 
involving sequential decision-making with discrete control 
signals. Subsequently, a method called Deterministic Policy 
Gradient (DPG) (Lillicrap et al., 2015) is introduced to tackle 
continuous control signals. Following this, numerous 
researchers have applied DRL in UAV navigation tasks. For 
instance, the Deep Deterministic Policy Gradient (DDPG) 
algorithm is utilised in Koch et al. (2019) to govern UAV 
flight actions and the outcomes demonstrate that the trained 
policy surpasses PID controllers. In Hwangbo et al. (2017), 
model-free policy gradient methods are employed to regulate 
rotary-wing UAVs’ tasks, resulting in a policy capable of 
tracking UAV trajectories that can be implemented on real 
UAVs. Moreover, Wang and Gu (2009) employed a RL 
leader-follower algorithm to achieve the collective motion of 
UAVs. 

The majority of existing RL algorithms are based on the 
leader-follower framework (Wang et al., 2018; Yan et al., 
2020; Abichandani et al., 2021). The current UAV flocking 
algorithm based on the leader-follower framework, however, 
fails to address the issue of power consumption disparity 
resulting from different internal roles. As a result of distinct 
tasks within the UAV swarm, UAVs exhibit dissimilar power 
requirements. While the leader necessitates decision-making 
and consequently consumes more power, followers do not 
need to process road information for path planning, resulting 
in lower power consumption. This significant disparity leads 
to situations where leaders run out of power while followers 
still possess sufficient energy during flight, thereby greatly 
reducing the overall utilisation efficiency of the UAV swarm. 
the utilisation efficiency of UAV swarm power, we propose a 
RL flocking algorithm that incorporates both leader following 
and role switching. The main contributions are summarised as 
follows: 

• We investigate the application of RL in UAV teams, 
with a specific focus on advancements in intelligent 
leader replacement and leader-follower group navigation 
capabilities. A timing algorithm is employed to 
determine the optimal time for leader replacement, 
aiming to achieve power balance within the UAV team 
and enhance overall efficiency. 

• RL-based leader-follower navigation function facilitates 
dynamic strategy adjustment, thereby enhancing the 
collaborative action efficiency and accuracy of UAV 
teams in complex environments. 

• Attention mechanism enhances the efficacy and 
performance of RL MAPPO algorithm by focusing on 
policy update-related information, prioritising challenges 
in UAV team navigation and replacement. 

2 System model and problem statement 

2.1 System model 

In this section, we introduce the system framework and 
represent the flocking motion as a sequential decision 
problem. To optimise the training of DRL, and to enhance the 
flocking movement and navigation capabilities of UAVs in a 
variety of scenarios, we present a system model consisting of 
two key components: the environmental module and the 
UAV module, as depicted in Figure 1. 
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Figure 1 UAV swarms maintain formation and avoid obstacles while navigating toward a target point (see online version for colours) 

 
 

The environmental component consists of cost-effective and 
small-sized UAVs along with a specific task. Each UAV is 
equipped with multiple sensors, facilitating real-time 
detection of its environment, such as the speed and angular 
velocity of nearby UAVs, positions of obstacles and locations 
of target points. 

To effectively train the collective movement and 
avoidance of obstacles by multiple UAVs, we have designed 
an experimental environment that specifically caters to the 
requirements of UAVs with continuous action. In this 
experimental setup, rotary-wing UAVs exhibit seamless 
motion that closely replicates real-world physics, as 
mentioned in a previous study (Wang et al., 2019). When 
establishing the motion model for UAVs, our main point of 
reference is another research paper (Wang et al., 2022). 

2.2 Problem statement 
Firstly, our primary objective is to optimise the overall flight 
path of all UAVs with distance travelled while ensuring 
uniform power consumption across all UAVs. Our objective 
is to optimise the flight path of the UAV swarm by achieving 
a balanced distribution of battery levels among all UAVs. 
However, conventional algorithms that maintain a fixed 
leader result in disproportionate battery consumption, with 
the leader experiencing higher energy depletion compared to 
followers, leading to suboptimal flight paths. By introducing 
dynamic leadership changes, we observe a dispersion in 
battery consumption which ultimately leads to an overall 
increase in flight efficiency. The current power of iUAV  is 
denoted as ip , avep  is the average power consumption of all 
UAVs. Therefore, we propose the following metrics: 

=1

| |

min

N
i ave

avei

p p
p

N

−
 (1) 

Additionally, it is crucial to adhere to boid rules during the 
flight, including (i) Collision avoidance: prevent collisions 
with the surrounding environment; (ii) Match: strive to 

synchronise the velocity with that of the neighbouring 
entities; (iii) Flocking centralisation: aim for positioning 
within the immediate vicinity. 

3 Algorithm 

This section initially introduces the modelling problem as a 
Markov model. Subsequently, we formulate a customised 
reward function to cater to the requirements of the swarming 
problem. Finally, we present a comprehensive description of 
MAPPO with the incorporation of the attention mechanism 
and replacement leader algorithm. 

3.1 Reinforcement learning for flocking  
motion problem 

The problem of swarm movement in UAVs is described as a 
Markov model, where the MDP satisfies the Markov property 
that the next state depends on both the current state and the 
action chosen by the decision maker. Treating each UAV as 
an individual decision-maker, it is essential for flocking 
motion to adhere to the Markov property. Consequently, 
swarming and navigation control of UAVs are approached as 
sequential decision problems requiring step-by-step control of 
each UAV to achieve coordinated swarming motion. 

To accomplish the collective movement and navigation 
objectives of a UAV swarm, the UAVs are categorised into 
two distinct roles: leaders and followers, each with their 
unique reward functions. The leaders primarily focus on 
navigation and path planning functionalities, while the 
followers encompass both following the leader and 
maintaining swarm capabilities with other UAVs. In their 
respective reward functions, both roles share common 
functionalities of reaching target points and avoiding 
obstacles. 

Target approaching reward: the target-approaching 
reward is specifically designed to guide UAVs in leadership 
roles, primarily directing them towards designated target 
points. It determines a positive reward by calculating the 
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difference between the distance from the previous position of 
the leading UAV to the target point and its current distance 
from that same target point. A higher value indicates superior 
performance. < , >l l

t tx y  is the position of the leader UAV. 
< , >tar tarx y  is the position of the target point. The target 
approaching reward 1r  is defined as: 

( ) ( )
( ) ( )

2 2

1 1 1 1

2 2

= l l
t tar t tar

l l
t tar t tar

r w x x y y

x x y y

− −− + −

− − + −
 (2) 

The value of 1w  is positive. 
Flocking reward: the flocking reward is a distinctive 

value assigned to the follower UAV, comprising two 
components: ensuring that the current UAV maintains an 
appropriate distance from the leader UAV and also ensuring 
that this UAV maintains an appropriate distance from other 
follower UAVs. < , >i i

t tx y  is the position of the iUAV . The 
safe distance between UAVs is denoted as 1d . The maximum 
communication distance between UAVs is denoted as 3d . the 
maximum communication distance between UAVs is denoted 
as 2d . The flocking reward 2r  and 3r  are defined as: 
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( ) ( )
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2 1

2 2

2 3 1 3

2 2

4 3
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The values of 3w  and 6w  are positive. The value of 2w , 4w  
and 5w  are negative. 

Obstacle avoidance reward: this reward is specifically 
designed to provide guidance for UAVs and enable them to 
maintain a safe distance from stationary obstacles, with 
collisions being considered adverse incidents that lead to the 
termination of the training session and subsequent penalties. 
< , >m mx y  is the position of the obstacle. The obstacle 
avoidance reward 4r  is defined as: 

2 2
7 2

5
, ( ) ( ) ,=

0

i i
t m t mw x x y y d m Or

otherwise
− + − ≤ ∀ ∈  (5) 

The value of 7w  is negative. 
Target point reaching reward: when the guiding UAV and 

the following UAV reach the target point, they will receive a 
shared reward value as a termination condition, and each 
UAV will receive a substantial reward value to signify the 
completion of training. The target point is abstracted as a 
circular area with a radius of 4d . 

( ) ( )2 2

8 4
5

,=
0

i i
t tar t tarw x x y y dr

otherwise
− + − ≤  (6) 

where 8w  is a positive constant. 
After each action executed by the UAV at time t , the 

leader’s cumulative reward is computed as the summation of 
equations (2), (5) and (6), while the combined reward 
function is formulated as follows: 

1 4 5= .l
tr r r r+ +  (7) 

The cumulative reward of the follower is computed as the 
summation of equations (3), (4), (5) and (6), while the 
combined reward function is defined as follows: 

2 3 4 5= .f
tr r r r r+ + +  (8) 

3.2 ATT-MAPPO 
MAPPO is an advanced algorithm that combines DRL and 
policy optimisation to train UAVs for navigation, flocking 
movement, leader replacement and obstacle avoidance. It 
effectively handles scenarios with multiple agents by 
enabling collaborative learning and dynamic strategy 
adjustment. Additionally, MAPPO integrates centralised 
training and decentralised execution techniques for better 
policy development. 

The MAPPO algorithm employs an RNN network. In 
comparison to a standard RNN, the integration of RNN with 
an attention mechanism confers several advantages and 
facilitates a more adaptable approach for information 
extraction. By incorporating the attention mechanism, the 
model can assign varying weights to different positions 
within input sequences during information processing, 
thereby constructing a weighted sum vector that enables 
focused attention on pertinent information for the current task 
at hand. This weighted sum vector methodology offers 
enhanced flexibility in extracting information and facilitates 
improved adaptation across diverse tasks and data sets. 

The time complexity of the MAPPO algorithm is 
primarily determined by two factors: the number of policy 
optimisation iterations and the amount of sampled data in 
each iteration. During each iteration, MAPPO estimates the 
advantage function by sampling multiple trajectories and 
utilises the PPO algorithm to update the policy. Additionally, 
for each trajectory, estimating the value function is  
required by the MAPPO algorithm. Therefore, this 
algorithm’s time complexity is directly proportional to the 
number of sampled trajectories. Assuming that N  parallel 
trajectories are generated with a length denoted as T , an 
approximate estimation for total time complexity can be 
expressed as ( )* *O N T I , where I  represents the number 
of iterations. 

We incorporate the attention mechanism into the  
MAPPO algorithm, thereby enhancing its performance. The 
ATT-MAPPO algorithm is summarised in Algorithm 1. 
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Algorithm 1: ATT-MAPPO Algorithm 
1: Initialise θ , the parameters for policy π  and φ , the 
 parameters for critic V; 
2: Set learning rate α ; 
3: while step  ≤  maxstep  do 
4:       data buffer D  = {} ; 
5:       for i  = 1 to sizebatch  do 
6:            τ  = empty list; 
7:            initialise (1)

0,h π , ... ( )
0,

nh π actor RNN states; 

8:            initialise (1)
0,Vh , ... ( )

0,
n
Vh critic RNN states; 

9:            for t  = 1 to T  do 
10:                 for all agents a do 
11:                      ( )( ) ( ) ( )

, 1,, = , ;a a a a
t t t tp h o hπ ππ θ− ; 

12:                      ( ) ( )a a
t tv p∼ ; 

13:                      ( )( ) ( ) ( )
, 1,, = , ;a a a a

t t V t t Vv h V s h φ− ; 

14:                 end for 
15:                 Execute actions tu , observe tr , 1ts + , 1to + ; 
16:                 τ  += [ ts , to , ,th π , ,t Vh , tu  , tr , 1ts + , 1to + ]; 
17:            end for 
18:            Computer advantage estimate Â  via GAE on τ  
 using PopArt; 
19:            Computer reward-to-go R̂  on τ  and normalise 
 with PopArt; 
20:            Split trajectory τ  into chunks of length L ; 
21:            for = 0,1, ..., /I T L  do 

22:                [ ] [ ] [ ]( )ˆ ˆ= : , : , :D D l l T A l l L R l l Lτ∪ + + + ;

23:            end for 
24:       end for 
25:       for mini-batch k  = 1, ..., k do 
26:            b  ←  random mini-batch from D  with all 
 agent data 
27:            for each data chunk c  in the mini-batch b  do 
28:                 update RNN hidden states for π  and V  
 from first hidden state in data chunk; 
29:            end for 
30:       end for 
31:       Update θ  on ( )L θ  with data b ; 
32:       Update φ  on ( )L φ  with data b ; 
33: end while 

To ensure a balanced power distribution within the swarm, 
priority should be given to selecting a leader with optimal 
current power levels. This choice guarantees that the leader 
possesses sufficient energy reserves for undertaking 
leadership responsibilities while maximising overall swarm 
longevity. pi is the current power of the UAVi. 

3.3 Leader replacement 
In the UAV flocking algorithm, the leader UAV plays a 
crucial role in gathering information about the surrounding 

environment and making important decisions regarding path-
planning tasks. However, this responsibility comes at a cost 
of higher power consumption compared to the following 
UAVs. This increased power usage can lead to a reduction in 
the maximum flight distance of the entire swarm. 

To address this issue and ensure optimal performance of 
all UAVs within the swarm, it becomes necessary to 
implement a leader replacement algorithm. The objective of 
this algorithm is to balance power consumption among 
multiple UAVs and extend their overall service life. 

By periodically replacing the leader UAV with another 
member from within the flock, we distribute the burden of 
collecting information and performing path-planning tasks 
more evenly across all UAVs. This not only reduces individual 
power consumption but also prevents any single UAV from 
being overburdened or experiencing premature battery drain. 

The leader replacement algorithm ensures that each 
member of the swarm gets an opportunity to contribute as a 
leader while also conserving energy for prolonged operation. 
By achieving a balanced distribution of responsibilities, we 
enhance efficiency and longevity for all participating UAVs. 

Moreover, extending their overall service life has 
significant benefits beyond just reducing power consumption. 
It allows for longer mission durations without interruptions 
due to depleted batteries or limited flight range. This 
translates into improved productivity and effectiveness in 
various applications such as surveillance missions, search-
and-rescue operations or even package delivery services. 

To identify the most suitable leader UAV, it is imperative 
to calculate the inter-UAV distances within the UAV swarm. 
These distances serve as indicators of relevance and 
proximity among the UAVs. Subsequently, by determining 
the closest UAV to all others can select an appropriate leader 
capable of effectively coordinating and directing cooperative 
efforts within the entire swarm. li is the average distance 
between UAVi and other UAVs. The equation is as follows: 

( ) ( )2 2

=1= ,

N
i j i j
t t t t

j
i

x x y y
l j i

N

− + −
≠


 (9) 

Finally, by calculating each UAV’s average neighbour distance 
and performing a weighted sum considering their respective 
power capacities, they can best be suited for assuming 
leadership duties. The present study defines a comprehensive 
evaluation criterion for leader change ic  as follows: 

1 2= * * .i i ic l pφ φ− +  (10) 

The weights of li and pi are denoted as w1 and w2. 
In summary, the implementation of an efficient leader 

replacement algorithm in the UAV swarming system enables 
enhanced resource utilisation by effectively balancing power 
consumption across multiple UAVs. This approach not only 
extends the overall system’s service life but also enhances its 
operational efficiency. 

4 Experiments 

In this section, we conduct simulations to evaluate the 
effectiveness of the UAV flocking algorithm. Initially, we 
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introduce the simulation environment and define relevant 
parameters. Subsequently, we compare the convergence of 
ATT-MAPPO, MAPPO and DDPG algorithms. Finally, we 
compare the performance of ATT-MAPPO with other 
existing methods. 

4.1 Convergence comparison 
To verify the effectiveness of our algorithm, we compare the 
convergence of ATT-MAPPO with MAPPO and MADDPG 
by displaying the curves of the average reward with varying 
episodes as shown in Figure 2. Simulation parameters are 
presented in Table 1. Aside from differences in network 
architecture, all other simulation parameters are identical for 
ATT-MAPPO, MAPPO and MADDPG. The results show that, 
regardless of the number of UAVs, ATT-MAPPO performs 
better than MAPPO and MADDPG after convergence. 
Additionally, the ATT-MAPPO achieves convergence faster 
than MAPPO and MADDPG during training and exhibits more 
stable convergence performance upon completion of training. 

Figure 2 Convergence comparison between ATT-MAPPO, 
MAPPO and MADDPG (see online version for colours) 

 
(a) 9 UAVs 

 
(b) 12 UAVs 

 
(c) 15 UAVs 

Table 1 Simulation parameters 

Parameter Value 
The maximum speed of the UAV 6 m/s 
The minimum speed of the UAV 2 m/s 

The maximum roll of the UAV 3 / 4π  

The minimum roll of the UAV 1 / 4π−  

Power consumption per metre of the leader UAV 0.13 %  

Power consumption per metre of the follower UAV 0.1 %  

The safe distance with neighbours 3 m 
The communication distance 20 m 
The safe distance with obstacles 3 m 
The number of obstacles 4 
State dim 48 
action dim 2 
Replay buffer size 100,000 
Batch size 256 
The discount rate 0.99 

The ATT-MAPPO outperforms the traditional MAPPO 
algorithm due to its incorporation of an attention mechanism, 
which enhances the model’s ability to focus on and accurately 
learn crucial information. By incorporating the importance 
weight and truncated advantage function, the MAPPO 
algorithm can effectively leverage previous empirical data 
and enhance sampling efficiency. In contrast, the MADDPG 
algorithm is susceptible to sample correlation during training, 
leading to suboptimal sampling efficiency. 

4.2 Performance comparison of ATT-MAPPO 
Target attainment ratio (TAR): to evaluate the efficiency  
of the flocking algorithm in reaching the designated region, 
we employ TAR as a performance measure. The TAR 
represents the proportion of UAVs that successfully reach the 
target area out of all launched UAVs, with a higher value 
indicating the superior performance of the UAV flocking 
algorithm. 

Average travel distance (ATD): the aforementioned 
measurement is employed to calculate the mean travel 
distance required by UAVs to reach their designated target. 
This metric quantifies the average distance covered by the 
UAVs during their journey toward the destination. It should 
be noted that energy consumption is directly proportional to 
the distance travelled, thus a lower average travel distance 
indicates improved algorithmic energy efficiency. 

In Figure 3(a), as the number of UAVs increases, the 
TAR of the ATT-MAPPO algorithm gradually decreases, 
while both MAPPO and MADDPG algorithms exhibit more 
pronounced performance degradation. The exceptional 
performance achieved by ATT-MAPPO can be attributed to 
its utilisation of attention mechanisms during the training 
process. As shown in Figure 3(b), all algorithms demonstrate 
an increasing trend in their indicators with an increasing 
number of UAVs. However, when comparing the same 
number of UAVs, ATT-MAPPO outperforms MAPPO and 
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MADDPG in terms of efficiency for flocking motion task by 
consuming less energy and reducing travel time. 

Figure 3 Convergence comparison between ATT-MAPPO, 
MAPPO and MADDPG (see online version for colours) 

 
(a) TAR 

 
(a) ATD 

4.3 Performance comparison of leader replacement 
Battery-level consistency (BLC): BLC refers to the 
requirement for maintaining stable and uniform power 
distribution among a swarm of UAVs. In our experiments, 
BLC is calculated using equation (11), which involves 
computing the difference between each UAV’s residual 
electric command and the average residual of the entire 
swarm, normalised by their average speed. A smaller value 
indicates a higher level of coordination and unity regarding 
residual electric power within the UAV swarm. 

=1= .

N
i ave

avei

p p
p

BLC
N

−


 (11) 

Maximum flight distance (MFD): MFD comparison will be 
conducted between the UAV swarm with leader replacement 
function and the one with no leader replacement. The MFD of 
the UAV swarm is defined when a UAV within the swarm 
exhausts its power. A larger maximum flight distance of the 
UAV swarm indicates a better performance. 

In Figure 4, it has been observed that incorporating leader 
replacement into the algorithm significantly enhances the 
performance of UAV swarms compared to the conventional 
UAV swarm algorithm. By incorporating the leader 
replacement function into the algorithm, a significant 
improvement in the performance of the UAV swarm is 

observed compared to the traditional UAV swarm algorithm. 
The test results demonstrate that equipping the swarm with a 
strong leader and an efficient transition algorithm can greatly 
enhance overall performance when validated with different 
numbers of UAVs (9, 12 and 15 UAVs). Ensuring a balanced 
distribution and effective utilisation of surplus power after 
mission completion or during flight when leadership is 
depleted can extend the flight range of the entire UAV swarm 
and maximise individual UAV efficiency. The proposed 
algorithm consistently maintains power balance within the 
UAV swarm at all times, unlike the traditional algorithm 
which leads to non-uniform power distribution within the 
UAV swarm thereby reducing overall flight life. 

Figure 4 Convergence comparison between leader replacement 
and no leader replacement (see online version for 
colours) 

 
(a) BLC 

 
(b) MFD 

4.4 The trajectories of flocking algorithm 
The effectiveness of our flocking algorithm is clearly 
demonstrated in Figure 5(a). It has been determined leader 
replacement occurs after completing each flight cycle within 
the UAV swarm. The anticipated timeframe for reaching the 
target position is approximately three cycles, necessitating 
three leader replacements. By implementing three leader 
replacements during the swarm flight, we consistently 
maintain the flocking algorithm with each replacement. This 
outcome is particularly gratifying as ensuring robust 
coordination and stability holds paramount importance in 
UAV swarm flights. In Figures 5(b) and 5(c), it can be 
observed that both the MAPPO and MADDPG fail to 
maintain the original flocked state after leader replacement, 
while the ATT-MAPPO algorithm introduces an attention 
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mechanism to prioritise important information, resulting in 
improved training results. 

Figure 5 The trajectories generated by ATT-MAPPO, MAPPO 
and MADDPG (see online version for colours) 

 
(a) ATT-MAPPO 

 
(b) MAPPO 

 
(c) MADDPG 

5 Conclusion 

In this paper, we propose a navigation algorithm called  
ATT-MAPPO for UAV flocking with replaceable leaders.  
By incorporating the attention mechanism and MAPPO, we 
achieve fused motion of the UAV swarm and enable dynamic 
leader swapping. The inclusion of the attention mechanism 
enhances the training performance of the MAPPO algorithm. 
Additionally, our leader-following mechanism ensures power 
distribution among all UAVs in the swarm is balanced, 
thereby increasing flight distance. Experimental results 
demonstrate that ATT-MAPPO outperforms both MAPPO 
and MADDPG algorithms. Furthermore, when considering 
average with leader and exchange function exhibits superior 
performance compared to other algorithms. 
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