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Abstract: Mobile agent formation control is an important issue for the collective of 
robots . Especially when they move independently without human oversight, controlling 
the movement and forming a collective of agents is a critical and challenging task. In 
this work, we propose a method for applying the training algorithm to assist the 
formation of groups of agents in a leader scenario. To exercise control through 
supportive learning, we present the problem of formation as a Markov decision-making 
process. This allows us to use deep reinforcement learning to obtain the law of 
leadership of the successor leader. The feasibility and effectiveness of this control 
approach is tested in simulation. 
Key words: agent formation control; collective of robots; deep reinforcement training. 

1. INTRODUCTION 
In recent years we have witnessed considerable interest in the research on the 

coordination of many robotic systems. This is largely due to many practical 
applications such as urban search and rescue [1], surveillance and intelligence [2], 
environmental monitoring [3], and mapping of unknown environments [4]. Among 
the various coordination tasks of many robotic systems, the problem of control of 
formation is always a major problem whose solution can dramatically increase the 
efficiency of coordination. For example, in the practice of exploring an unknown 
area, the well-organized formation may have wider coverage and reduce the 
possibility of reducing search time. 

Generally, the problem with the formation of many robotic systems involves two 
steps: first determining the desired formation, which is beyond the scope of this study 
and on the second hand designing the appropriate control algorithm to reach and 
maintain this formation. Recently, most results with respect to the formation problem 
have focused on the latter problem. In addition to designing specific controllers, the 
connection between the robots in the team affects the controller's performance. Most 
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of the aforementioned formation strategies are based on traditional control methods 
that can hardly handle the uncertainty in the dynamics of the robot. Intelligent 
management approaches such as neural networks and fuzzy logic are well suited to 
this case. In this study, the classic control methods were replaced by the neural 
network, and the linear and angular velocities of the robots were also evaluated by the 
neural network. However, the first step of the formation problem, how to determine 
the desired formation, is not well understood. There are usually two ways to describe 
a formation. One is to use the relative distance s and angles between robots. 

The other is to use shape theory, which can provide a much shorter description 
of formation. The theory of face figures is interested in the essential geometric 
connection between robots. While the two graphs are similar, they have the same 
shape. For example, through the theory of shapes, we can use the term equilateral 
triangle to describe a formation, but the orientation and size of that equilateral 
triangle are free to choose. Form theory can, therefore, provide a set of executable 
forms with the same form. How to choose a formation from this set is the part of the 
kernel to determine the desired formation. 

To the best of our knowledge, most papers related to formation problems pay 
little attention to this. However, some researchers are still doing some seminar work 
[5, 6]. In [6] finding the desired / optimal formation becomes a standard optimization 
problem by the theory of form y and a numerical algorithm is proposed to solve the 
optimization problem. For conventional digital algorithms, the calculation time 
required to obtain the solution usually depends on the size of the problem [7, 8]. In 
other words, the efficiency of numerical algorithms decreases as the size of the 
problem increases. It becomes a tight spot when the size of the problem is huge. 

Recently, this critical problem has been alleviated to some extent by parallel 
numerical algorithms, especially those that can be applied to graphics processing 
units [9, 10]. However, the time to calculate parallel numerical algorithms still has a 
positive correlation with the size of the problem. Therefore, a narrow place still 
exists. Also, it is noted that in [6] each robot corresponds to one specific position in 
the formation, but this is unnecessary if the robots are functionally identical, since in 
this case the positions of the robots are interchangeable. To address this difficulty, we 
extend the optimization problem in [6] to the combined optimization problem in this 
document. It turns out that the optimization problem in [6] is a special case of the 
proposed problem of combined optimization. Unfortunately, the extended 
optimization problem is a difficult NP problem, which is much more difficult to solve 
using traditional numerical methods. 

2. METHODS AND MATERIALS 

2.1. Reinforcement Learning 
In general, the reinforcement learning process used is a cycle that begins with 

the observation of a given state st, selects an action at, waits for the action to 
complete, observes the received state s t + 1, and accordingly updates the evaluation 
of its value function. and the next cycle begins. Since updating the value estimate of a 
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feature is the most often expected intensive step, we have introduced the idea of an 
update buffer. It caches the observations of s t + 1 and the reward and delays the 
evaluation of the value function until the next time the robot waits for the action of its 
choice. This, of course, has some implications as it introduces an aspect similar to 
offline learning in the online learning process and also requires an additional 
calculation cycle after reaching a terminal state to properly evaluate the value of the 
function. It should be noted that these changes do not change the applicability of the 
algorithm, but simply have to be taken into account. Speeding up the processing also 
greatly improves the effectiveness of the training as there is no blind time in which 
the leader continues to distance himself from the follower. 

2.2. Recurrent Neural Networks for Optimization Problems  
The key moment for building an optimal formation is to effectively solve the 

optimization problem. Due to the rapid development of intelligent techniques, 
scientists in the computing intelligence community find that repetitive neural 
networks have shown great potential as a powerful weapon for solving optimization 
problems due to their parallel computational nature. Unlike conventional numerical 
methods, the efficiency of a repetitive neural network does not decrease as the size of 
the optimization problem increases [7, 8, 11]. In addition, the degree of convergence 
of the neural network can be arbitrarily increased by properly adjusting the 
parameters in the neural network. This article is dedicated to solving the problem of 
optimal formation from a repetitive neural network. 

One common assumption of the aforementioned neural networks is that the 
optimization problem is smooth. However, the optimal formation problem discussed 
in this document may not be transformed into a smooth optimization problem. This is 
because if the desired formation is the one that has the minimum distance from the 
original formation of the multi-robot system, the Euclidean norm of the decision 
variables is included in the objective function, which leads to the problem of non-
smooth optimization. Fortunately, there are several recurring neural network models 
in the literature on problems with smooth optimization. In [13], a generalized neural 
network based on the model proposed in [12] was presented for non-smooth 
problems with nonlinear programming. Extensions of the non-smooth convex 
optimization problem are made in [14].  

3. EXPERIMENTS AND RESULTS 

This section describes the results of the aforementioned experiments in the 
simulation scenario as well as on the real robot. The main objective of using a 
training algorithm to control leaders followers was achieved. 

We have a group of robots moving together in formation. The formation is led 
by a leader, with the rest of the robots orienting themselves to their position in the 
leader formation. The problem of the leader's dismissal is solved by taking his place 
from another robot. All robots have an arrangement to take the leader position. 
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We have N robots and N positions that the robots have to position themselves. 
When we have heterogeneous robots, (ie, each robot has a specific position), the 
solution to the problem is trivial. 

When there is a difference between the reference position of the robot and the 
current position, the robot forms an error vector. This vector actually points from the 
current position of the robot to the reference position. The vector coordinates as well 
as the rotation angle are transmitted to the controller of each robot. 

In the case we are looking at, the robots in the group in which they work do not 
have predetermined positions. We are therefore tasked to iteratively determine how 
robots occupy the positions closest to them, without violating the condition of 
competition between those who do not have a particular position. 

When we have several robots that are grouped around one position, a collision 
will occur - the first robot will occupy this position, and the others will have to look 
for the new closest free position in the formation. 

For a larger number of robots in certain formation configurations, the last 
occupied position can be expected to be occupied much later than others. To avoid 
this situation, the robots should distribute their positions so that the total path to 
occupying these positions is minimal. 

 
Fig 1: comparison of Naive Approach and the Deep Learning. 

At the input of the neural network we feed the vector q with the starting 
positions of the robots and the vector s with the positions in the formation. At the 
output of the neural network, we will receive a vector of correspondences of the type 
[q_i -> s_j]. In this way there is a correspondence between which robot should stand 
in which position in the formation. Completing the training sample for the neural 
network is done by the method of the naive approach. 

One possible solution is the naive approach: we create a combinatorial 
ordinance of all possible distributions, we calculate the total path for each 
distribution. Then we find the distribution with a minimum total distance. For large 
formations of robots, this may be unacceptable because of the combinatorial 
explosion. We suggest using a neural network to optimize this process. 
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Fig 2 Examines how the volume of the training sample influences the accuracy of prediction. 

4. CONCLUSION 
Mobile agent formation control is an important issue for the collective of robots. 

Especially when they move independently without human oversight, controlling the 
movement and forming a collective of agents is a critical and challenging task. In this 
work, we propose a method for applying the training algorithm to assist the formation 
of groups of agents in a leader scenario. To exercise control through supportive 
learning, we present the problem of formation as a Markov decision-making process. 
This allows us to use deep reinforcement learning to obtain the law of leadership of 
the successor leader. The feasibility and effectiveness of this control approach is 
tested in simulation. 
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