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ABSTRACT 
In today's society, a single intelligent body does not meet the needs of complex tasks, and coordinated 
control of multiple intelligences becomes an important solution. In this regard, this paper carries out 
the research on the coordinated control strategy of multiple intelligences supported by deep 
reinforcement learning technology. Aiming at the problems of uneven task distribution and 
unsatisfactory decision consistency arising from the collaborative decision making of multiple 
intelligences under the software system architecture, a hierarchical multi-intelligence collaborative 
decision-making algorithm based on the AC framework is proposed to realize the information 
exchange and decision-making collaboration among intelligences, so as to improve the efficiency of 
coordinated control. However, with the increase of the number of multi-intelligents, the algorithm will 
have the problem of upper and lower level non-smoothness, in order to solve this problem, a multi-
intelligents collaborative algorithm based on role parameter sharing is designed. Finally, the research 
scheme of this paper is evaluated and analyzed from multiple dimensions. When the number of 
intelligences increases by 5, the reward value of this paper's algorithm does not show a decreasing 
trend, which indicates that this paper's algorithm is able to handle the control coordination problem 
in the case of a small number of intelligences. When the number of intelligences increases by 15, the 
original method shows a decreasing trend, while in the multi-intelligence body collaboration 
algorithm based on the sharing of role parameters, the performance is very bright, which ensures the 
coordinated control effect of multi-intelligence bodies under the software system architecture. 

Keywords: deep reinforcement learning, AC framework, multiple intelligences, coordinated control 
 

1. Introduction 

Since the world's ϐirst industrial robot was introduced in the 1950s, robotics has become a cutting-
edge technology after more than half a century of development, and its application areas, in addition 
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to traditional industries, also involve all walks of life as well as all aspects of people's lives [1-3]. In 
recent years, due to the increased complexity and danger of the environment in which robots perform 
tasks, a single robot can no longer meet the requirements of the task. Therefore, multi-intelligent body 
systems have emerged. 

Multi-intelligent body system does not mean that multiple intelligent individuals are simply added 
together, but refers to a collection of multiple interacting intelligent individuals, which have a certain 
degree of autonomy, and at the same time can coordinate their behaviors by exchanging information 
and cooperatively complete a task or solve a problem [4]. Multi-intelligent body system makes up for 
the lack of individual robot ability, and its advantage is mainly reϐlected in the fact that each intelligent 
body in the system has a certain degree of autonomy, and its functions are different, which can not only 
effectively reduce the complexity of individual intelligent bodies, but also improve the ability of the 
whole system to deal with problems [5-6]. Secondly, the design of multi-intelligent body system 
pursues the coordination consistency of the system, and the tasks are executed in parallel by the 
intelligences through mutual coordination, which greatly improves the efϐiciency of the system [7-8]. 
Again, multi-intelligent body system adopts different coordination algorithms as well as expert 
systems with different functions to collaborate in solving various difϐiculties in the system, which 
effectively improves the system's ability to deal with problems [9-10]. Finally, the multi-intelligent 
body system integrates modular information together, which not only improves the information 
utilization of the system, but also makes the system easy to expand and effectively reduces the total 
cost of the system [11-12]. Due to the characteristics of spatial distribution, temporal parallelism, fault 
tolerance, high utilization, and low cost, the multi-intelligent body system is thus widely used in 
agriculture, industry, multi-domain exploration, and national defense business [13-16]. Intelligent 
bodies in the multi-intelligent body system can utilize the sensors and communication devices carried 
by themselves as well as their ϐlexible mobility to achieve the purpose of collaboration with each other, 
which is used to replace human beings to complete the tasks targeted in special environments, in 
which the control ability of multi-intelligent bodies plays a decisive role in the efϐiciency and 
effectiveness of the completion of these complex tasks [17-20]. For example, intelligent mobile robot 
swarms replace human activities in tasks such as search and rescue and exploration, unmanned tank 
swarms, unmanned ϐighter swarms, etc. replace the military in combat, robotic production line, reduce 
casualties, improve efϐiciency, reduce costs, etc. It can be seen that the application of multi-intelligent 
body system can accelerate the modernization process of industry, agriculture and national defense 
construction to a certain extent. 

However, as the environment in which multi-intelligent body systems work is becoming more and 
more complex, many factors (noise in the environment or limitations of the intelligent body's own 
sensors, etc.) affect the ability of coordinated control of multi-intelligent bodies, and uncertainty and 
low model adaptability are the challenges faced by the current research on coordinated control of 
multi-intelligent bodies [21-23]. If these factors are not well handled, the system will face various bad 
conditions. Theoretically, intelligences can coordinate their behaviors through information exchange 
and sharing, but due to issues such as bandwidth and network structure, information cannot all be 
broadcasted to all intelligences of the system [24-25]. Moreover, in some real-world environments, 
many communication methods are unreliable, which further impacts the system. Therefore, there is a 
need for an in-depth study of coordinated control of multiple intelligences. 

Multi-intelligent body system has been a research hotspot in the international academic community 
since it was proposed. Its main research contents are the system mechanism of the system, the 
communication mode, the coordination and control strategy as well as the dissipation of conϐlicts, etc., 
among which the coordinated control of multi-intelligent body has always been the key problem in the 
research of multi-intelligent body system [26-27]. Zhang et al [28] utilized a single-wheel control 
approach and multi-intelligentsia theory for coordinated control between an anti-lock braking system 
and an adaptive headlight system for electric vehicles, carried out by distributed model predictive 
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control. Yuan et al [29] developed a multi-intelligence coordinated control system using hierarchical 
control and blackboard modeling for a coordinated control strategy of active collision avoidance and 
hysteresis reduction for intelligent vehicles to assist in rule-based control decisions. Li et al [30] faced 
the problem of coordinated control of hydrogen and air supply systems in proton exchange membrane 
fuel cells and designed a multi-intelligent deep deterministic strategy gradient (DDSG) algorithm 
based on multiple reinforcement learning explorers and multiple control algorithm explorers. Wang 
et al [31] applied adaptive variational modal decomposition and multi-intelligent dual-delay DDSG to 
predict and optimize the power output of wind power generation, respectively, and coordinated the 
dynamics-induced noise in the algorithm by combining with the “stable” Lévy noise, so as to achieve 
the coordinated control of the wind turbine and the hybrid energy storage system. Zhang et al [32] 
introduced the attention mechanism into multi-intelligence deep reinforcement learning (DRL), and 
the multi-intelligence was trained centrally and decentralized to obtain energy management strategies 
and perform strategy execution, respectively, to achieve the coordinated control of multiple energy 
sources for natural gas, electricity, and fresh water. Jing et al [33] created a two-layer collaborative 
control strategy model for integrated energy sources, with a hybrid game decision-making model 
supported by a multi-intelligence DDSG algorithm in the upper layer, and an electricity-gas ϐlow 
computation model in the lower layer, where the results of energy data computation in the lower layer 
are fed back to the upper layer to assist in decision-making. Wang et al [34] obtained a cooperative 
control strategy for power and heat by constructing a hierarchical distributed control model and a 
distributed control model with the support of a multi-intelligent body system, and designing an 
operating rule for following thermal loads and a hill-climbing search model under these two models, 
respectively. Rahman and Oo [35] jointly assembled a coordinated control strategy for a distributed 
energy microgrid with a graph-theory based multi-intelligentsia communication architecture and the 
Ziegler-Henness method. In addition, Wang et al [36] proposed a time-invariant transform-optimized 
distributed interval observer to reϐine an uncertain directed network multi-intelligentsia system as a 
way to achieve robust coordinated control of this system. Li and Zhong [37], in order to solve the 
uncertainty problem of delay and noise for coordinated group control in multi-intelligence systems, 
contributed 2 group control protocols which impose weak and strong consensus and constraints on 
the intelligences in different subgroups, respectively. Although the theoretical results of these 
researches are very mature, they still face great challenges, including the problems of scalability, 
optimization, coordination of algorithms and complexity of modeling speciϐic behaviors. 

DRL applied in the above research is a popular direction in the ϐield of artiϐicial intelligence, which 
synthesizes the advantages of deep learning and reinforcement learning, and is able to solve more 
complex problems to a certain extent. Its core idea is to place an intelligent body in a certain 
environment, and receive the state of the environment at each moment, choose the correct action 
according to the current state, and get the corresponding reward, learn an optimal strategy so that the 
intelligent body can get the maximum total reward [38]. The software system architecture involves all 
aspects of the system, including components, modules, data ϐlow, and the performance of the system, 
etc. A reasonable software system architecture can improve the maintainability, scalability, and 
reliability of the system so as to satisfy the user's needs [39]. Combining DRL with software system 
architecture provides ideas for breaking through the technical difϐiculties in multi-intelligent body 
cooperative control strategy. 

In this paper, we propose a hierarchical multi-intelligence coordination and control strategy based 
on the AC framework for the control coordination problem in multi-intelligence software system 
architectures, which divides the multi-intelligence coordination and control problem into two levels; 
the high-level strategy is learning for the whole team, with the goal of coordinating the decision-
making among different intelligences to achieve the overall reward optimization. The low-level 
strategy is learning for each intelligent body, and the goal is to learn how to take optimal actions to 
realize the requirements of the high-level strategy. When the number of intelligences increases rapidly, 
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the algorithm then suffers from the upper and lower level unsteady problem, in response to which a 
multi-intelligence collaborative algorithm based on role parameter sharing is designed to further 
improve the control coordination in multi-intelligence software systems. Finally, a series of 
experimental preparations are identiϐied to validate and analyze the research program speciϐied in this 
paper. 

2. Hierarchical Multi-Intelligent Body Coordinated Control Strategy Based on AC 
Framework 

Aiming at the problems of irrational task allocation and poor decision consistency in multi-intelligence 
body collaborative decision-making under software system architecture, this paper proposes a 
hierarchical multi-intelligence body collaborative decision-making method based on AC framework. 
The method improves coordination and control efϐiciency by dividing the decision-making process 
into different levels and using the AC framework to realize information exchange and decision-making 
collaboration among intelligences. At the high level, the top-level intelligences make task decisions, 
decompose the total task and assign it to the bottom-level intelligences. At the low level, the bottom-
level intelligences make action decisions based on subtasks and feedback the results to the high level. 
The details are as follows: 

2.1. Deep Reinforcement Learning and Semi-Markov Decision Processes 

2.1.1. Deep reinforcement learning. Traditional reinforcement learning is suitable for dealing with 
environments with small state and action spaces, and is unable to deal with complex environments or 
diverse input information when faced with them, such as pictures and videos. The development of 
deep learning has laid the foundation for further prosperity of reinforcement learning. Traditional 
reinforcement learning is mainly categorized into two directions: one is the value function-based 
method and the other is the policy-based algorithm. The value function-based method alone is not 
applicable to continuous action space or taking stochastic strategy, because its variation may lead to 
unstable strategy gradient, which affects the convergence of the model and its training speed. The 
strategy gradient-based algorithm alone also causes feedback delays and the intelligences may not be 
able to learn effective strategies. Moreover, since the cumulative rewards are available only after the 
end of a round of the game, it makes the data utilization low and the variance of the gradient too large, 
which can easily cause the intelligent body to fall into the local optimal solution. Thus, combining Actor 
network based on strategy method and Critic network based on value function method becomes very 
necessary [40]. The Actor-Critic framework combines the advantages of both, where the Actor 
network takes as input the value of the state in which the intelligence is in, and outputs the probability 
of executing a given action, and then either selects the action with the largest probability value as the 
next action to be executed by the intelligence or outputs directly the action to be executed. The Critic 
network, also known as a judgment network, takes as input the state and action of the intelligence, 
and outputs the expected beneϐit Q value to be used to assess the goodness of executing this strategy 
with the expected gain Q value. The Actor network relies on the gradient descent method for updating, 
while the Critic network amount relies on the TD difference method for updating. The Actor-Critic 
algorithm is a single-step updating algorithm, i.e., the model is updated once for one step of interaction 
between the intelligent body and the environment, which improves the training speed of the model. 
When the variance of the probabilistic strategy is close to 0, each step of the action can output a 
deterministic strategy through the Actor network. Unlike the DQN algorithm, this algorithm is 
applicable to both environments with discrete action spaces and continuous action spaces. 

2.1.2. Semi-Markov decision processes. Comparison of MDP and SMDP states as shown in Fig. 1, 
traditional reinforcement learning models are based on the assumption that each action is executed in 
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only a single time step, which limits their ability to process actions that span multiple time steps. To 
overcome this limitation, a Semi-Markov Decision Process (SMDP) is formed by subdividing the 
traditional Markov Decision Process (MDP) over multiple time scales [41]. In SMDP, the time step 
between two decisions is set as T. Depending on whether T is an integer or a real number, it can be 
categorized into two types: discrete-time SMDP and continuous-time-discrete-event SMDP, the former 
of which is evaluated by an evaluator at the end of the time step, and this evaluation serves as a guide 
and feedback for the next layer of training in this strategy. In the latter case, the lower layer does not 
ϐix the number of time steps and needs to give the end condition of the lower layer as a judgment to 
return to the upper layer for decision making. 

Time

State
MDP

SMDP
 

Fig. 1. Comparison of MDP and SMDP status 

2.2. Hierarchical multi-intelligence body regulation scheme based on the AC framework 

A hierarchical reinforcement learning approach based on the Actor-Critic framework is illustrated and 
applied to a multi-intelligent body coordinated control scenario. The previous section introduced the 
theoretical foundation of deep reinforcement learning, and this subsection describes in detail how to 
integrate this concept into the Actor-Critic model to form a hierarchical multi-intelligent body 
regulation and control scenario. Details are given below: 

2.2.1. Multi-intelligent body modulation program design. The semi-Markov chain unϐixed step 
decision process is shown in Fig. 2, which is used to model the problem in this paper. In the Conceptual 
Model of Mission Space (CMMS), an EATI template is proposed, and based on the EATI template, the 
coordinated control process of the intelligences is divided into two parts to be carried out at high level 
(HL) and low level (LL). The high-level strategies are responsible for goal assignment and the low-level 
strategies are responsible for basic operations. The high-level strategy learns stability and provides 
effective coordination guidance for the low-level strategy, which improves the performance of the 
multi-intelligent body coordination task. 

Time

State

Option

 

Fig. 2. Semi-markov chain unϐixed step decision process 

The framework of the hierarchical multi-intelligence body algorithm based on the AC framework is 
shown in Fig. 3. After receiving the policy hA  given by the HL-Actor network, the LL-Critic network 
calculates the current state and the Q  value under the action according to the action given by the LL-
Actor network and updates it by calculating the loss function according to the local reward generated 
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by the current action, and the LL-Actor network completes the updating based on the policy gradient. 
At the end of the training process at the bottom layer, a global reward is generated, the HL-Critic 
network at the top layer calculates a Q  value based on hA  and updates it by combining it with the 
global reward, and the HL-Actor network iteratively updates it based on the policy gradient as well. 
After continuously going through this cycle, eventually, both networks reach a stable equilibrium state. 

Bottom Layer

Agent1

LL-Actor1
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Update
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Fig. 3. Hierarchical multi-agent algorithm framework based on AC framework 

2.2.2. Hierarchical Multi-Intelligents Based MDP Modeling. Based on the hierarchical structure, the 
state space and action space are divided. At the high-level decision-making level, macro instructions 
for the whole cluster are formulated based on comprehensive action information, and at the low-level 
decision-making level, task units that execute these macro instructions are speciϐically manipulated to 
perform speciϐic operations. 
1) High-level decision dimension decomposition. For a task scenario, given the total task M , M  is 
ϐirst split into sub-task set  0 1, , , iM M M   and its strategy    is split into sub-strategy set 
 0 1, , , i   . where i  denotes the strategy for iM . For each subtask iM  is equivalent to the task 
planning based MDP model in Section 2.2.2. 
2) Low-Level Decision Dimension Decomposition. In a multi-intelligence joint control scenario, the 
low-level intelligences control the actions of each unit, so the bottom-level intelligences use the MDP 
model based on action control. 
3) Global reward function design. The global reward should be able to guide the intelligences to learn 
towards the optimal behavior. During the task, the upper layer intelligent body only needs to focus on 
whether the sub-task selection is appropriate or not, when the task is appropriate to give a positive 
reward reward, and vice versa is a negative reward reward, in this paper, according to whether the 
global task is completed to judge whether the sub-task selection is correct or not. 
4) Local reward function design. For each intelligence in the lower level, after each simulation step a 
step reward is obtained based on the executed action, through which the intelligence is guided to 
complete the given task. Step reward stepr  consists of multiple sub-rewards weighted as follows, and 
sub-reward kr  is deϐined as follows: 

Target Distance Reward 1r : 

  1 t beginr k d d    (1) 
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Where: td  is the relative distance between the current intelligent body and the target, and begind  
is the relative distance between the intelligent body and the target in the initial posture. In order to 
ensure that the pursuit intelligent body unit efϐiciently completes the task of surprise defense, the 
relative distance between the intelligent body and the target is calculated at each time step, and 1r  is 
set as a negative reward function, which is positively correlated with the reward of the pursuit distance 

1r , so that when the intelligent body is far away from the target within the simulation step, 1r  is a 
negative value. When the smart body is close to the target within the simulation step, 1r   will be 
positive. 

Intelligent body collision bonus 2r : 

 min
2

dr e   (2) 

A reward function of negative exponential form is established 2r  describing the risk of collision 
between the intelligences, and mind   denoting the current intelligence's closest distance to other 
intelligences. 

To summarize, the step reward of each intelligent body is the weighted sum of the above two reward 
functions: 1 2stepr r r  . 

Each sub-reward in the step reward stepr  is set to a negative value, and the closer the synergistic 
situation formed between the intelligences is to the ideal state, the closer the value of stepr  converges 
to 0, which can guide the intelligences to update to a better synergistic strategy. When the task is 
completed, all the intelligences will get positive rewards. 

2.2.3. Algorithm ϐlow. In this algorithm, both top-level and bottom-level strategies use independent 
neural networks and experience buffer pools, and the bottom-level strategy is trained using sample 
 1, , , , ,t t t t t ts m a r s d , where  1, , ,t t t t tr r s m a s   is the intrinsic reward. 

The TD-target is ϐirst calculated based on the sample: 

    1 1, , ,
k k k

i i i i t a o
y r Q s a a


   

        (3) 

Next construct the mean square Bayesian error function. Update the critic network by minimizing 
the loss function: 

     2

1

1
, , ,i i i t Ny Q s a a

B
   L  (4) 

Finally, the target network is updated. After the training of the bottom layer policy is completed, the 

top layer policy is trained using sample  : 1, , ,t t t t c t cs m R s    , where : 1t t cR     is the sum of the 

external environmental rewards over c  time steps. The concept of entropy constraint is added to the 

top layer strategy, for a random variable x , the entropy is deϐined as  ~ ( ) log ( )x x p xH p x E . The 
entropy of the strategy represents the degree of mixing of different actions that may be output by the 
strategy ( | )a s  for a certain state s . The entropy of the strategy is used as a constraint to maximize 
the entropy of the strategy while learning to maximize the experience, and then the TD-target of the 
top layer strategy at this time becomes: 

      1 1 1 11,2
min , , , log , , |

j k k k
i i i i i i a oj
y r Q s a a a a s 

      
            (5) 

Where an estimate of the entropy can be obtained by sampling computation a  and computing 
 log |a s   , the estimate of the Q  function at the next state is estimated using the smaller of the 

two objective networks. Updates are performed using the same loss function for both critic networks 
1  and 2 : 
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Sample action ia  using the reparameterization trick and then update the top actor network with 
the policy gradient: 

     1,2
1

1
( ) log | min ,

j

N

i i i i
j

i

L a s Q s a
N    




     (7) 

In this way, the top-level strategy can learn how to set appropriate subgoals, while the bottom-level 
strategy will learn how to accomplish the subgoals output by the top-level strategy, and this 
hierarchical strategy structure can help the intelligent body to accomplish the reinforcement learning 
task in complex scenes. 

The ϐlow of HMaAC algorithm is shown in Figure 4. Firstly, initialization operation is carried out to 
initialize the actor network and critical network weights, the parameters required for reinforcement 
learning, and the experience buffer pool, and at the same time, the simulation platform is connected 
to obtain the posture information, and the state space and action space of the intelligent body are 
initialized. After initialization, the algorithm iteration starts, the top-level intelligent body (HL_agent) 
obtains the global situation information and selects the current optimal task strategy according to the 
top-level algorithm and assigns it to the bottom-level intelligent body (LL_agent). LL_agent generates 
the intelligent body action set according to the top-level task and the current situation, and then sends 
this action set to the simulation environment for training and updating the state and the return value. 
LL_agent passes the bottom layer parameters to HL_agent and trains the top layer intelligent body 
after judging the completion of the subtask. 
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Fig. 4. HMaAC algorithm ϐlow 

3. Multi-intelligence collaborative algorithm based on role parameter sharing 

For the multi-intelligent body global optimization problem, a hierarchical reinforcement learning 
coordination framework is given to coordinate the action selection among the intelligences in the 
multi-intelligent body system. However, as the complexity of the scene and the number of intelligences 
increase, the above method then has an upper and lower layer unsmoothness problem, for the upper 
and lower layer unsmoothness problem, the multi-intelligence role parameter sharing problem is 
further investigated on the basis of which a multi-intelligence reinforcement learning coordination 
algorithm based on role parameter sharing is proposed. Role division can make gains in partial 
parameter sharing, which forms a diversity of strategies through intrinsic rewards and reduces certain 
training time, yielding excellent performance and collaboration and making its multi-intelligence body 
coordinated control more stable. 
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3.1. Homogenization and intrinsic rewards 

Another key challenge in multi-intelligent deep reinforcement learning is the upper and lower layer 
non-smoothness problem. The upper and lower layer unsmoothness problem is mainly related to the 
situation where the complexity and computational complexity of the software system increases as the 
number of intelligences increases. The increase in the number of intelligences leads to an exponential 
increase in the state space and action space of the software system as well, along with a dramatic 
increase in computational complexity.Exploration in deep reinforcement learning refers to the attempt 
of an intelligent body to try out a new action in an unknown environment in order to understand the 
environment. Exploitation refers to the intelligent body using known information to choose the 
optimal action to obtain the maximum reward.In deep reinforcement learning, the exploration-
exploitation problem refers to how the agent makes a trade-off between exploration and exploitation 
to achieve the best learning effect. A common approach is to use intrinsic rewards as additional 
incentives to encourage the intelligences to engage in continuous exploration and generate diverse 
strategies. This section focuses on issues in homogenization and intrinsic reward in multi-intelligent 
deep reinforcement learning. 

3.1.1. Homogenization. In order to apply multi-intelligent deep reinforcement learning algorithms 
to large-scale multi-intelligent and resource-constrained scenarios, it is necessary to deal with the 
upper and lower level unsteady problems, and most of the algorithms have high variance of gradient 
estimation and need to increase the computational cost and memory as the number of intelligences 
increases. Most algorithms generally take a parameter sharing approach in order to solve this problem. 
Parameter sharing uses only one parameterized function for deep neural networks for strategy or 
evaluation of all intelligences and improves sample efϐiciency through fast training. However the use 
of parameter sharing leads to the homogenization problem, for plain parameter sharing using a single 
common function, if the observed inputs to the intelligences are the same and the evaluation network 
estimates the same expected reward, even if the individual intelligences are rewarded individually 
they will choose the same action. 

3.1.2. Intrinsic Rewards. In multi-intelligent body deep reinforcement learning, intrinsic reward 
refers to the reward signals generated by the intelligent body itself from the environment while 
performing a task, rather than the reward signals given externally. Different from extrinsic rewards, 
intrinsic rewards are generated through the intelligences' own behaviors and perceptions, which are 
usually related to the degree of task completion and learning progress. The introduction of intrinsic 
rewards can make multi-intelligentsia more autonomous and ϐlexible in task execution. It can 
stimulate the intelligences to explore the environment on their own, thus enhancing learning and 
making the multi-intelligence upper and lower hierarchical instability problem better. 

3.2. Algorithmic framework 

In this section, the detailed design of R-PS, a multi-intelligentsia collaborative algorithm based on role 
parameter sharing, is presented, including the overall architecture of the algorithm and the connection 
between the various modules of the algorithm. The method ϐirstly performs partial parameter sharing 
by dividing the roles into subgroups and dividing them into the same group of intelligences, and also 
introduces an intrinsic reward-based diversity policy learning mechanism, which also reduces the use 
of inefϐicient empirical sample data. This helps to improve the smooth performance of upper and lower 
layers and reduce the waste of training time and resources. The details are as follows: 

3.2.1. Role Classiϐication. In a multi-intelligent body setting, we assume that N intelligences can be 
partitioned into K roles, with partial parameter sharing by ground intelligences in the same role. A 
variational autoencoder (VAE) is a generative model that learns a density function on some 
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unobserved latent variables Z  given input x . Given an unknown true posterior ( | )p z x , the VAE 
approximates it with a parametric distribution ( | )q z x  with parameter  . Calculate the KL scatter 
from the parameter distribution to the true posterior: 

 
 

   ~ ( | )

( | ) ( | ) log ( )

log ( | ) ( | ) ( )

KL

z q z x u KL

D q z x p z x p x

p x z D q z x q z








 E
 (8) 

where log ( )p x  is the logarithmic evidence as a constant term and the remaining two are negative 
evidence lower bounds ELBO, minimizing ELBO is equivalent to minimizing the KL scatter between 
the parameter and the true posterior. 

Therefore, the parameter   of the parameterized Gaussian distribution is obtained by variational 
inference, i.e: 

  ( | ) , ;q z i N i     (9) 

A variational self-coding framework is used to optimize objective  ( | ) ( | )KLD q z i p z tr ‖ . According 

to Eq. (8), the KL scatter is greater than 0, introducing a lower bound on the logarithmic evidence for 
log ( )p tr : 

      ~ |log ( ) log ( | ) ( | ) ( )u KLz q z ip tr p tr z D q z i p z
  E  (10) 

The ELBO reconstruction term is factorized as: 

 
     

   
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1 1
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u u t t t t t t

u t t t t u t t t

p tr z p r o a o z p a o z

p r o a o z p o a o z c



 



  
 (11) 

The last term  , |t tp a o z  is discarded because ta  and to  do not depend on the hidden variables 
z . 

The encoder-one-decoder model is learned using the historical experience of all the intelligences 
and can represent the state transfer function P̂  and reward function R̂  of all the intelligences i , 
i N  . The decoder ef   is utilized to generate the potential intent features from the id   of the 
intelligences, and clustering is performed using K-means to classify the ones with high similarity of 
the potential intent features into the same roles, and intelligences belonging to the same roles are 
partially parameter-shared, and the dynamic role partitioning parameter sharing is realized in the 
After a certain time step, the roles are re-divided by the encoder to realize dynamic role division 
parameter sharing. 

3.2.2. Diversity Strategy Learning. Encouraging strategy diversity through intrinsic rewards is a 
commonly used approach to promote exploration and learning in multi-intelligent body reinforcement 
learning.The loss function of VAE is divided into two terms, the reconstruction loss (RL) as well as the 
KL dispersion regularity term, which correspond to the two purposes that the model training process 
wishes to achieve, respectively. Namely: 

       2ˆ, , , (0,1)vae MSE o o KL N N    L  (12) 

The reconstruction loss calculates the MSE loss between the vectors obtained from decoding by the 
decoder and the real observed vectors, i.e., it reϐlects the difference between the results generated by 
the VAE and the expectation, and is used to train the decoder to generate samples that approximate 
the real data. KL dispersion is used to constrain the distribution of hidden variables not to deviate too 
much from the prior distribution, and the standard normal distribution is usually used as the prior 
distribution in VAE, i.e., each latent variable z  is independently and identically distributed (0,1)N  
under the prior distribution. 



6266 LI ET AL. 

 

3.2.3. Sharing of role parameters. In order to improve the representation ability of simple parameter 
sharing, Selective Parameter Sharing (SePS) is proposed.SePS divides all the intelligences into 
subgroups of shared parameters according to the clustering algorithm before the training, but once 
the subgroups are determined in this method, the objects of parameter sharing are no longer changed 
during the subsequent learning process of the intelligences, which is inϐlexible enough for the 
intelligences to learn, and it also causes a certain degree of homogeneity problem within the group. 
Therefore, this method proposes role-based partial parameter sharing, for K  a role divided by the 
role division module, maintains K  a Q  function S

RQ  shared among the same roles, and at the same 
time, each intelligent body i  maintains a local Q  function I

iQ  of its own, i.e., by decomposing the 
Q   values within the role, the intelligent bodies adaptively share the parameters and share the 
experience. The overall iQ  value of an intelligent body i  belonging to role 1 can be expressed as: 

      
1

| | |S I
i i i R i i i i iQ a h Q a h Q a h   (13) 

Meanwhile, the local IQ  functions of the intelligences themselves take 1L  regularization, which 
aims to enable the intelligences within a role to share parameters to share experiences as much as 
possible, and to avoid excessive diversiϐication of the intelligences' strategies leading to the neglect of 
inter-task cooperation. 

3.2.4. Overall optimization objectives. This method takes a QMIX approach to the decomposition of 
totQ  and uses an end-to-end approach within this framework to update the network by minimizing 

the overall loss.The global environmental reward is used in QMIX, so the intrinsic reward is set to: 

  ˆtan ,I
id i ir dis ce o o   E  (14) 

Combining the global environmental rewards er  and Ir , the loss function is deϐined using a form 
of TD error: 

    
2

max , ; ( , ; )e I
TD tot tot

a
r r Q s a Q s a    


      
 

L  (15) 

where   is a hyperparameter that adjusts the ratio of intrinsic to environmental rewards, and    
is a parameter that is periodically replicated and updated from  . Combining Eqs. (12) and (15), the 
ϐinal overall optimization objective can be obtained: 

         
1

I I
TD vae L i i

z

Q       L L L L  (16) 

4. Empirical analysis of coordinated multi-intelligence control 

4.1. Example Analysis of Multi-Intelligent Body Coordinated Control Strategy 

This section describes two experiments in a goal-oriented, multi-intelligent body cooperative 
environment. One is a static goal scenario, a cooperative navigation task. The other is a dynamic target 
scenario, a multi-sensor multi-target coverage task. Comparative experiments are conducted for the 
two scenario tasks and the corresponding experimental results are analyzed. 

4.1.1. Experimental environment. For the goal-oriented multi-intelligentsia cooperative task, two 
task scenarios are used, one is the cooperative navigation scenario with static goals, and the other is 
the multi-sensor multi-target coverage task scenario with dynamic goals. The cooperative navigation 
experiment is shown in Fig. 5, where n intelligences need to reach n landmarks. The landmarks are 
ϐixed and the intelligences can move around the scene, this task requires the intelligences to make 
autonomous decisions in an unknown environment by cooperating with other intelligences in order 
to achieve the goal of maximizing the overall reward. 
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Landmark

Agent
 

Fig. 5. Cooperative navigation scenario 

Multi-sensor multi-target coverage experiment is a challenging task, the multi-sensor multi-target 
coverage scenario is shown in Fig. 6, n intelligences (sensors) need to work together to cover as many 
targets as possible. Each smart body has a certain monitorable range, which is represented by a dashed 
circular area. The direction in which the smart body is facing is the area being monitored is 
represented by the fan-shaped area, and the target is an orange dot that can move randomly in the 
scene. When a smart body monitors a target, it receives a corresponding reward, and the more targets 
it monitors, the greater the reward. However, due to the possibility of redundant targets between 
multiple intelligences, this may lead to a reduction in the overall monitoring range and potentially a 
reduction in monitored targets. Therefore, collaboration between intelligences is required to 
accomplish the task. 

Sensor

S4 S2

S1

S5 S3

Goal

T5

T6

T4

T3

T2

T1

 

Fig. 6. Multi-sensor multi-target coverage scenario 

4.1.2. Experimental setup. For the cooperative navigation experimental scenario, this paper sets the 
number of intelligences to be 6 and the number of landmarks to be 6. The landmarks are randomly 
initialized at their positions in the scenario but do not move, and the intelligences are randomly 
initialized in the scenario to keep exploring and moving and will be rewarded with a feedback of a 
negative value of the distance value from their nearest landmarks. At the same time, the intelligent 
body receives a -1 penalty if it collides in the experimental scene. 

For the multi-sensor multi-target coverage experimental scenarios, this paper sets up different 
scenarios where the number of targets is 5 and the number of intelligibles ranges from 2 to 5. The 
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intelligences can take one action per time step (rotate 5° to the left, rotate 5° to the right, and keep 
still), and the rotation causes the intelligences to obtain an energy penalty of -0.1, which is for the 
intelligences to learn to minimize the energy loss while maximizing the reward. 

In the cooperative navigation experimental scenario and the multi-sensor multi-target coverage 
experimental scenario, random seeds are used. The total step size of the two experiments is set to 
5,000,000, and the maximum number of steps in an experimental round is 100. The learning rate is 
0.0001 and the discount factor is 0.95. The experience replay buffer size for policy update is 10000. 

4.1.3. Evaluation indicators. In order to verify the effectiveness of the method in this paper, different 
types of algorithms are selected for comparison, including HIT-MAC based on hierarchical, QMIX based 
on value decomposition, COMA based on counterfactual, MAPPO based on proximal policy 
optimization and independent IQL algorithm as baseline algorithms in the classical multi-
intelligentsia collaboration scenarios of two kinds, static and dynamic goals, using the reward value as 
an evaluation index, and the ϐinal reward value to measure the performance of the algorithms. 

4.1.4. Analysis of results. Figure 7 gives the reward mean values of IQL, COMA, QMIX, MAPPO, and 
this paper's algorithm after training under the cooperative navigation experimental task, and it can be 
seen that this paper's algorithm has a higher reward mean value than the other algorithms, and it plays 
a better performance in the task of landmarks covered by the intelligentsia, which is due to the 
coordinating role of this paper's algorithm for the process of cooperation between the intelligentsia. 

 

Fig. 7. Multi-agent cooperative navigation experiment different algorithm training 

The algorithm in this paper is not only limited to cooperative navigation experiments with static 
targets, but also performs equally well in multi-sensor multi-target coverage experiments with 
dynamic targets. The experimental results, as shown in Fig. 8, show that this paper's algorithm obtains 
the highest global reward after 5 million time-steps of training in an environment with 4 intelligences 
and 5 targets. This shows that the high-level policy coordination effect of this paper's algorithm is also 
applicable in the multi-sensor multi-target coverage experiments and can improve the global reward. 
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Fig. 8. Multi-objective coverage experiment with different algorithm training curves 

The multi-sensor coverage experimental environment, shown in Fig. 9, explores the scalability and 
adaptability of this paper's algorithm to the number of intelligentsia in a multi-objective multi-sensor 
target coverage task. We conducted experiments with different number of intelligences to compare 
this paper's algorithm with other baseline algorithms and observe the performance of this paper's 
algorithm in different scenarios. 
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Fig. 9. Multi-sensor overlay experimental environment 

The reward values of the algorithm for multi-sensor multi-target coverage experiments with 
different numbers of intelligences are shown in Fig. 10. The experimental results show that the 
algorithm of this paper shows good scalability and adaptability under different numbers of intelligent 
bodies. When the number of intelligent bodies increases by 5, the performance of this paper's 
algorithm does not show a signiϐicant downward trend, but maintains a more stable performance. This 
proves the scalability and adaptability of this paper's algorithm in multi-intelligent body collaboration 
tasks, which provides strong support for practical applications. The algorithm in this paper also shows 
excellent performance in multi-sensor multi-target coverage experiments, which further proves the 
effectiveness of the algorithm in coordinating intelligent bodies and improving global reward. The 
method in this paper is able to handle the feedback problem of high-level strategy reward in the case 
of a small number of intelligences, which ensures the stability of high-level strategy learning and 
provides effective coordination guidance for low-level strategies, thus improving the performance of 
the multi-intelligence coordination task. 
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Fig. 10. Algorithm reward mean value under different quantity 

4.2. Multi-Intelligence Collaboration Example Analysis 

With the increase in the number of intelligences, the multiintelligence coordinated control method will 
have a nonsmooth problem, in this regard, the multiintelligence collaborative algorithm based on role 
parameter sharing is proposed. In order to evaluate the effectiveness of the multi-intelligent body 
cooperative algorithm based on role parameter sharing for the non-smooth problem between the 
high-level strategy and the low-level strategy, this section proves the prioritization of this paper's 
algorithm for the high bottom-level non-smooth problem in terms of algorithm performance, training 
time, and reward curve. 

4.2.1. Comparative analysis of algorithm performance. Figure 11 demonstrates the analysis of the 
foraging performance of the number of intelligences during the expansion process, where (a) ~ (i) are 
7~15 intelligences, respectively. The experiment was conducted on ϐive random seeds, and the data 
presented is the average of the results of one hundred runs of twenty rounds under each of the ϐive 
models, with the standard deviation being the corresponding shaded area on the graph. The intelligent 
body interacts with the environment for 200 steps in a round, and the current foraging progress of the 
intelligent body is calculated every 100 steps, and the algorithm is iterated a total of 20,000 times 
during the training process. Comparing the foraging efϐiciencies of the two methods in scenarios with 
different number of target points objectives, it can be seen that the multi-intelligent body collaborative 
algorithm R-PS (red) trains a network that can accomplish the task better, compared to the MAAC 
method (green) that gets more target points in all the settings of the number of intelligent bodies. 
Moreover, as the number of steps in the round progresses, the intelligent bodies are more able to 
accurately ϐind the target point to pick up when the distribution of target points becomes sparse in the 
scene, and take the target point at a steady rate to complete the foraging task. The MAAC method, on 
the other hand, decreases the slope of the curve with the passage of time, and the rate of successful 
foraging gradually decreases, which differentiates it from the multi-intelligentsia collaborative 
algorithm R-PS. With the expansion of the number of intelligences, the R-PS method can still maintain 
the stability of the model. Even with a large number of intelligences in the scene, after one round, 
intelligences using the R-PS method are more dominant in the maintenance of foraging ability (147.3, 
171.4, 171.9, 168.9, 150.8, 158.6, 133.9, 151.9, 126.6, 150.7), and can still successfully place even when 
it has been expanded to 15 intelligences 151.4 (value average) intelligences, indicating that the method 
in this paper can effectively solve the non-smooth problem validity between high-level and low-level 
strategies. While the MAAC method shows a gradual decrease in the model foraging ability during the 
expansion process (133.8, 137.5, 129.7, 134.6, 141.5, 135.9, 122.7, 122.7, 113.7, 94.4), when 15 
intelligences forage in the scene at the same time, due to the presence of too many intelligences in the 
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ϐield, the rising interactions lead to the generation of their strategies more inϐluenced by the rest of the 
intelligences, the strategy variance between intelligences is high, and the number of successes it has 
in placing target points drops to 94.4. 

  

(a)7 Individual agent     (b)8 Individual agent 

  

(c)9 Individual agent     (d)10 Individual agent 

  

(e)11 Individual agent     (f)12 Individual agent 
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(g)13 Individual agent     (h)14 Individual agent 

 

(i)15 Individual agent 

Fig. 11. Comparison of foraging performance under different agent number scenarios 

4.2.2. Comparative analysis of training time. The policy network with shared role parameters is used, 
which can effectively reduce the training time by reducing the network parameters that need to be 
updated during the training process, while guaranteeing the training effect, so that the algorithm can 
be more capable of facing the upper and lower layer stability problems due to the expansion of the 
number of intelligences, and the results of the training time comparison analysis are shown in Fig. 12. 
The model is averaged over 5 random seeds. From left to right, the time needed to update the policy 
network for 35,000 rounds of algorithm iterations is shown for both methods as the number of 
intelligences in the scenario expands, taking the last two digits of seconds. The method in this paper 
allows multiple intelligences to be divided into multiple roles at each training, which effectively 
reduces the total number of updates to the network, especially as the number of intelligences 
continues to expand and the total policy network of intelligences continues to grow. The total number 
of layers of the network increases with the number of intelligences, and this increase consists of two 
main aspects; ϐirst, the Actor-Critic network maintains an encoder for each intelligence to process the 
intelligence's observations and an encoder for generating values, and for each increase in the number 
of intelligences, each of these modules constructs another corresponding network, with an increase in 
the number of layers of the network.15 Second, the number of layers of the strategy network, for each 
increase in the number of intelligent body, the number of layers rises by 4. The method in this paper 
makes no changes to the Actor-Critic network, and only classiϐies the intelligent bodies into multiple 
roles, which improves the stability of the upper and lower layers. So it can also be seen from the 
experimental results that the time used by both methods increases as the number of intelligences rises, 
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but with the use of this paper's method 20,000 iterations can be completed in less time with a 
smoother rise. 

 

Fig. 12. Training time comparison and analysis results 

4.2.3. Comparative analysis of incentive curves. Figure 13 shows the reward curves of MAAC and the 
method in this paper under different settings of the number of intelligences, where (a) to (d) are 6 
intelligences, 8 intelligences, 10 intelligences, and 12 intelligences, respectively, and the experiments 
are run in a foraging scenario for 20,000 rounds, with a single intelligence interacting with the 
environment 100 times per round. Every 200 steps, the intelligences will interact with the 
environment without exploration and get the reward value of the feedback as the evaluation criterion 
of the current coordinated control strategy. It can be seen that in most cases, the role parameter 
sharing algorithm can help the network reach a more optimal strategy faster, with a steeper curve, and 
better avoid the occurrence of upper and lower level instability. Although in some tasks, the reward 
value of the intelligences did not rise as fast as that of the benchmark algorithm at the beginning, which 
may be due to the fact that the intelligences were not greedy to obtain higher values at the beginning, 
but were more concerned about exploring into different state spaces, and eventually the reward value 
of the intelligences based on the role parameter sharing algorithm stabilized at a level higher than the 
reward value of the MAAC method. 

  
(a)6 Individual agent     (b)8 Individual agent 
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(c)10 Individual agent     (d)12 Individual agent 
Fig. 13. The reward curve under different agent number Settings 

5. Conclusion 

This paper focuses on the research of multi-intelligent body coordination and control strategy under 
the software system architecture, which gives the hierarchical multi-intelligent body coordination and 
control strategy to coordinate the action selection among the intelligences in the software system, and 
to improve the overall performance and efϐiciency of the software system in order to achieve the 
purpose of collaborating to accomplish a speciϐic task. With the increase of the number of intelligences, 
the hierarchical multi-intelligence coordinated control strategy will have the problem of upper and 
lower level instability, for this type of problem, on the basis of the original, the multi-intelligence 
collaborative algorithm based on the sharing of role parameters is proposed, so as to make the multi-
intelligence coordinated control under the framework of the software system more stable, and at the 
same time also to accelerate the convergence performance of the multi-intelligence deep 
reinforcement learning. Combining the above theories, the research scheme of this paper is empirically 
analyzed. The algorithm in this paper has a high reward value (40~80) in the two experimental 
environments, which is better compared to the other four algorithms, indicating that the algorithm 
still has a good coordinated control performance in complex environmental scenarios. Even as the 
number of agents increases, The multi-agent collaborative algorithm based on role parameter sharing 
still has good foraging ability (147.3, 171.4, 171.9, 168.9, 150.8, 158.6, 133.9, 151.9, 126.6, 150.7), 
which proves that the method can effectively deal with the upper-level non-stationary problems 
caused by the increase in the number of multi-intelligences, and ensures the coordinated control 
performance of multi-agents under the software system architecture, which has reference value for 
the development of artiϐicial intelligence technology in the future. 
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