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ABSTRACT 
Agent technology is widely used in intelligent manufacturing and digital workshop as a new method 
to solve complex, dynamic and distributed artiϐicial intelligence application problems. This paper 
ϐirstly summarizes the application steps of Agent technology in 3 aspects of modeling, simulation and 
monitoring of intelligent manufacturing system on the basis of a brief description of multi-agent 
system. Then, based on reinforcement learning theory, a multi-agent collaborative algorithm 
SRL_M3DDPG based on state representation learning is proposed.Finally, the algorithm model is tested 
and applied to the smart shop scheduling problem. The learning curve of the SRL_M3DDPG algorithm 
in the example remains relatively stable after the 3400th round, and the maximum completion time of 
the scheduling is 29. Comparing with other composite scheduling rules, the delay rate of this paper's 
algorithmic model is the lowest, which is only 15.47%, which indicates that the algorithm is able to 
signiϐicantly reduce the delay rate of the workpiece. In addition, this paper's algorithm achieves better 
results in adaptive intelligent manufacturing workshop scheduling, ϐinding the shortest machining 
completion time of 221 unit time, which can adapt to the dynamic intelligent manufacturing workshop 
environment. 

Keywords: multi-agent system, reinforcement learning, SRL_M3DDPG algorithm, intelligent 
manufacturing 
 

1. Introduction 

Multi-Agent system is a collection of multiple Agents, which is a problem solving network formed by 
the coordination and cooperation of multiple Agents in order to solve complex problems that cannot 
be solved by a single Agent. In a multi-agent system, the master agent can develop new planning or 
solution methods to deal with incomplete and uncertain knowledge through communication with 
other agents [1-4]. Through inter-Agent cooperation, multi-agent systems not only improve the basic 
capabilities of each agent, but also further understand the social behavior from the interaction of 
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agents, which can have an important impact on the development of intelligent manufacturing [5-7]. 
The development of modern industry cannot be separated from the advancement of different stages 

such as mechanization, automation, informatization and intelligence. Intelligent manufacturing, as an 
important part of the current manufacturing technology revolution, is an inevitable choice for realizing 
the high-quality development of the manufacturing industry and enhancing its competitiveness [8-11]. 
First of all, intelligent manufacturing can improve production efϐiciency and product quality. Through 
the application of intelligent equipment and systems, the work process can be automated and 
intelligent, which can improve production efϐiciency and reduce costs [12-14]. At the same time, 
intelligent manufacturing can also realize the comprehensive monitoring and control of the 
production process, reduce the interference of human factors, and improve the consistency and 
traceability of products [15-16]. Secondly, intelligent manufacturing is of great signiϐicance to the 
transformation and upgrading of traditional manufacturing industry. Traditional manufacturing 
industry in the face of the pressure of market competition, must be transformed and upgraded in order 
to maintain competitiveness. The application of intelligent manufacturing can make the traditional 
manufacturing industry realize the transformation of production mode, so as to adapt to the rapid 
changes in market demand [17-20]. At the same time, intelligent manufacturing can also improve the 
production environment, improve work efϐiciency, reduce energy consumption and resource waste. 
And the multi-agent based smart manufacturing system realizes the ϐlexibility, adaptivity and high 
efϐiciency of smart manufacturing by introducing intelligences as autonomous decision-making and 
interacting entities [21-24]. 

Literature [25] examined intelligent manufacturing in the valve industry, pointed out the 
deϐiciencies in the industry, and illustrated that relying on intelligent equipment is an effective path 
for the industry to improve productivity, ensure quality management, and effectively control costs. 
Literature [26] explored the security of intelligent manufacturing, by pointing out its vulnerabilities, 
potential risks, and the inadequacy of existing measures, and revealed the important role of security 
in intelligent manufacturing systems. Literature [27] examined the impact of smart manufacturing on 
the high-quality development of enterprises, which effectively promotes the high-quality development 
of enterprises by reducing operating costs, improving capacity utilization, and promoting 
technological innovation. Literature [28] explored the role of big data in supporting smart 
manufacturing, and proposed a conceptual framework for supporting big data by describing a 
historical view of the data lifecycle in the manufacturing industry and providing a narrative of typical 
application scenarios of the framework. Literature [29] discusses the components of intelligent design, 
intelligent processing, and intelligent control in information-physical production systems, showing 
that these technologies can play an important role in optimizing efϐiciency, reducing errors, and saving 
costs. Literature [30] reviewed the current state of manufacturing automation standards, noting that 
current automation standards provide a foundation for developing smart manufacturing solutions. It 
is argued that smart manufacturing automation can be implemented faster by disseminating, adopting 
and improving relevant standards in a demand-driven manner. The above studies illustrate the impact 
of smart manufacturing on the high quality development of enterprises, including improving 
productivity and product quality, reducing costs, and promoting technological innovation. However, 
these research results do not show the impact of multi-agent systems on the development of smart 
manufacturing. However, this does not mean that the research in the ϐield of intelligent manufacturing 
“multi-agent systems” has not been paid attention to, but rather a lot, especially in the application of 
intelligent manufacturing systems. Literature [31] proposes an intelligent manufacturing system 
based on multi-agent systems and reinforcement learning as well as machine learning with intelligent 
agents to make better decisions. It reveals that this intelligent manufacturing system has a competitive 
advantage in a dynamic environment. Literature [32] proposes multi-agent approaches that can assist 
in the design of sustainable smart manufacturing systems that focus on identifying manufacturing 
components and designing and integrating sustainability-oriented mechanisms in system 
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speciϐications to provide speciϐic development guidelines. Literature [33] outlines a multi-agent 
decision-making model that allows for the formation of interactive social networks of 
multidimensional physical states and intelligences making decisions. The effect of different network 
topologies on the collective performance of cyber-physical systems is also investigated. Literature [34] 
reviews current multi-agent based manufacturing approaches and provides a general vision of current 
trends. 

In this paper, based on the technical principles of multi-agent systems, the modeling, simulation and 
monitoring of intelligent manufacturing systems are implemented. Meanwhile, integrating 
reinforcement learning and multi-agent systems, the SRL_M3DDPG algorithm based on state 
representation learning is proposed to realize the coordinated scheduling of the intelligent 
manufacturing workshop through the collaboration between multi-agents. In order to verify the 
effectiveness of the algorithmic model, scheduling examples are selected to test the performance of 
the algorithm and compare it with other composite scheduling rules. Finally, the algorithm is applied 
to adaptive dynamic scheduling, which is further tested and studied through the arithmetic examples. 

2. Multi-agent based intelligent manufacturing system modeling and simulation 

The multi-agent system theory in distributed artiϐicial intelligence provides feasible technical support 
for the realization of intelligent manufacturing system. In this paper, on the basis of generalizing and 
summarizing the technical principles of multi-agent systems, the steps of establishing a multi-agent 
system simulation model are proposed. 

2.1. Technical Principles of Multi-Agent Systems 

A multi-agent system (MAS) is an organic collection of multiple computable agents [35]. The system 
can coordinate a set of autonomous Agent behaviors (knowledge, goals, methods, and planning) to 
solve a problem with a common goal or action. 

2.1.1. Concept of Agent and its modeling. Although the concept of Agent is applied very frequently, 
there is still no uniϐied concept. It is generally recognized that an Agent is an entity that can perform a 
certain task continuously and autonomously in a non-decision-making environment. It has its own 
knowledge, goals and independent processing capabilities. According to this deϐinitional model, an 
expert, a technician, an intelligent machining center, an independent machining shop, a manufacturing 
subsystem, or a functional department in a manufacturing system can be regarded as an Agent in a 
manufacturing system. 

2.1.2. Agent Structure Type and Functional Hierarchy Analysis. According to the current research on 
Agents, they can be categorized into the following seven types according to their intelligence: 
1) Passive Agent. It is the least intelligent class among all types of Agents and performs necessary 
actions only when other objects call them by means of communication. 
2) Reactive Agent. It has one more function than Passive Agent: the ability to monitor the environment 
proactively. Once the state parameters of the environment change, it can make the necessary response. 
The most typical application of Reactive Agent is robots, especially Brookes type of insect robots. 
3) CBS Agent. Its main feature is its strong knowledge representation ability. As an imitation of domain 
experts, CBS Agent has two types of knowledge, beliefs and strategies, which represent the Agent's 
static and dynamic knowledge, or basic knowledge and meta-knowledge, respectively. 
4) BDI Agent. This is the most typical intelligent agent, or autonomous agent, in the current research 
on agents, which has beliefs (i.e., knowledge), desires (i.e., tasks), and intentions (i.e., planning for the 
realization of desires).A typical application of the BDI Agent is the software agent that collects 
information for its owner on the Inter-net.The more advanced robots are also of the BDI Agent type. 
The more advanced robots are also of the BDI Agent type. 
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5) Social Agent. It lives in a society composed of multiple Agents. The functions of this type of Agent 
include collaboration and competition. Ofϐice automation Agent is a typical example of collaboration. 
Multiple manufacturing company Agents competing for the right to contract tasks are typical examples 
of competition. 
6) Evolutionary Agent. It is the Agent that has the ability to learn and improve itself. Multi-Agent 
systems that simulate biological societies (bees, ants) are typical examples of Evolutionary Agents. 
7) Personality Agent. Agents that not only have thoughts, but also have emotions.This type of Agent is 
less studied, but very promising. The story task Agent in story comprehension research is a typical 
personiϐied Agent. 

After analyzing and researching, this paper believes that any one of the above Agents is not suitable 
to be used as the only expression of all kinds of manufacturing units. Each manufacturing unit Agent 
should be an autonomy that can be responsible for solving a certain type of problem. For 
accomplishing this task, the Passive Agent lacks sound thinking and reasoning capabilities.The BDI 
Agent has strong mental capabilities, but most of the underlying Manufacturing Agents do not need to 
have such strong capabilities. However, the competitive ability of the Social Agent and the learning 
ability of the Evolutionary Agent are again needed by the Manufacturing Unit Agent. Personality 
Agents are also used in the simulation of social phenomena using Manufacturing Agents.Therefore, 
this paper argues that Intelligent Manufacturing Systems (IMS) need to use almost all of the above 
Agent types. 

2.1.3. Synthesis Mechanism of Multi-Agent Systems in Smart Manufacturing. Agents in an intelligent 
manufacturing environment are connected through a communication network to form an agent-based 
distributed manufacturing environment, i.e., a multi-agent system structure. Generally speaking, each 
Agent is a self-regulating, independent of each other single ϐigure, but the Agent can also be established 
with a number of Agents “friend element” relationship, composed of relatively close contact. Agent-
based intelligent manufacturing environment, with plug-and-play characteristics, can be ϐlexibly 
reorganized through the network and increase or decrease at any time, in order to adapt to the rapid 
changes in the manufacturing environment and resources. The granularity of Agent can be speciϐied 
according to the idea of hierarchical design to form a multi-level manufacturing environment. 

In addition, borrowing from the socio-economic environment, the interest-driven factors that cause 
market competition and lead to the combination of social differentiation, in the smart manufacturing 
environment, the economic interests as a link, through the bidding-bidding-winning method in the 
competition, to drive the dynamic combination of the Agents, to realize the dynamic reorganization of 
the manufacturing system, in order to meet the market requirements of the requirements of 
manufacturing agility and adaptability. It is worth noting that in the absence of production orders, the 
manufacturing environment is simply a static organizational structure. When an opportunity arises in 
the market or an Agent has a production order that it is not capable of (or does not need to) take up in 
full, it sends out a task proposal to other Agents in the manufacturing environment. Agents that receive 
the bid decide whether or at what price to compete in the bidding process, based on the beneϐits and 
costs they will receive. After receiving the bids from the relevant Agents, the tenderer determines the 
winner from the point of view of whether or not it can obtain the maximum beneϐit, and signs a 
contract with it to clarify the rights and interests of both parties and issues the task order, in which the 
Agent with closer ties to the tenderer will be given priority. After the winning party gets the order, it 
can also tender to other Agents in the same way, and ϐinally establish a contract-based dynamic 
contract network. With the completion of the order, the contract is terminated and this temporary 
dynamic manufacturing organization is eliminated. When a new market opportunity arises, this 
reorganization process starts again, and the dynamic reorganization process of the system is shown in 
Figure 1. 
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Fig. 1. Dynamic reorganization process of the system 

2.2. Virtual and real manufacturing systems 

Constructing a manufacturing system that combines reality and reality is the key to realizing the 
integration of physical space and information space. The integration of physical space and information 
space can be divided into three stages: mapping from physical space to information space, feedback 
from information space to physical space, and interaction and communion between physical space and 
information space.The three stages correspond to three major contents, i.e., modeling, simulation, and 
monitoring. The relationship between the virtual-real manufacturing system and modeling, simulation, 
and monitoring in the digital workshop is shown in Figure 2. 
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Fig. 2. Relationships between system and modeling, simulation and monitoring 

2.3. Agent-based modeling of manufacturing systems 

Modeling is the foundation of digital workshop simulation and monitoring. Abstracting the physical 
and logical entities of the real physical space into an Agent model and truly reϐlecting its autonomy, 
proactivity, sociality and reactivity are the problems that need to be solved by modeling. 

The modeling process of Agent in manufacturing system is shown in Fig. 3, which can be roughly 
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summarized as: 
1) Discover Agent: Abstract workshop physical entities (processing equipment, logistics equipment, 
production resources, etc.) and logical entities (orders, production plans, management systems, etc.) 
into Agents. 
2) Design Agent: Classify the Agent according to its attributes and select the appropriate Agent 
structure. 
3) Agent behavior modeling. According to the structure of the Agent, the sensor, information 
processing unit, and actuator of the Agent are realized. 
4) Determine the communication method between Agents, the main communication methods used 
are Knowledge Interchange Format (KIF), ontology and Knowledge Query Language (KQML). 

Agent modeling ideas can be considered as the development and extension of object-oriented ideas, 
is a further understanding of the object and reϐinement. Object-oriented thinking with attributes and 
methods to express a class of entities, Agent in the object on the basis of the introduction of perception, 
reasoning and decision-making, endowed with the object “mind”, from the static, passive object into a 
dynamic, active Agent, with the ability to perceive changes in the external environment, and according 
to changes in the external environment to make the appropriate The ability to perceive changes in the 
external environment and make corresponding decisions according to changes in the external 
environment to approach the target. In order to describe the properties of Agent such as self-
awareness, self-decision making, and self-adaptation, researchers generally use an extension of the 
object-oriented approach to express the Agent. Common Agent modeling methods are extended UML 
(Uniϐied Modeling Language) Object Oriented Petri nets and Finite State Machines (FSM). 
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Fig. 3. Process of Agent-based modeling 

2.4. Agent-based manufacturing system simulation 

A discrete manufacturing system is a complex system with multiple factors and perturbations, where 
events occur suddenly and randomly, and its internal behavior is unpredictable. In the ϐlow of 
production activities, the production demand information is passed to the advanced planning and 
scheduling (APS) to generate the operation plan and scheduling, and in the face of changes in demand 
(such as additional orders, cancel orders, change orders, emergency orders) and uncontrollable 
factors in the production process (such as equipment failures) and so on how to quickly adjust the 
production plan, and validate it effectively in order to assist in the decision-making process, the need 
for simulation of the production plan. the APS sends the Production tasks issued to the production 
plant, the formation of logistics requirements, how to effectively organize a variety of logistics 
equipment to ensure that materials are quickly and accurately delivered to the designated location, to 
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eliminate logistics bottlenecks, to achieve production balance, it is necessary to carry out simulation 
of production logistics. In the case of production ϐlexibility, while ensuring the stability and efϐiciency 
of the production system, check the correctness of the control logic, it is necessary to simulate the 
production process. Simulation content mainly includes production planning simulation, production 
logistics simulation and production process simulation. 

Agent-based simulation is completely different from the traditional top-down, static hierarchy-
based simulation method, the Agent model can better describe the dynamic, stochastic and complex 
systems for the distributed network structure of the manufacturing system under the scheduling, 
production logistics and production logic to provide simulation veriϐication and decision-making 
support. 

2.5. Agent-based Manufacturing System Monitoring 

Real-time and effective monitoring is one of the goals of digitalization construction, and it is a 
concentrated expression of the combination of reality and reality. The hierarchical model of 
manufacturing system is shown in Figure 4, which can be divided into equipment level monitoring, 
unit level monitoring and workshop level monitoring. 

The research and application of Agent technology in manufacturing system monitoring can be 
divided into three levels: equipment, unit and workshop, because the advantage of Agent lies in the 
study of complex, dynamic and distributed systems, so there is more research on Agent-based MES. At 
the same time, it can be seen that the convergence of physical information has prompted the traditional 
MES to shift from a pyramidal hierarchical structure to a network structure of distributed operating 
entities, and Agent-based MES has become a trend in the study of distributed network structure. In 
addition, the integrated application of multiple key technologies (e.g., RFID, OPCUA, etc.) to realize the 
monitoring and control of manufacturing systems is also one of the trends. 

Manufacture Executing Systems (MES)

Unit level

Equipment layer

Data Monitoring and Acquisition 
Systems SCADA, OPC

Process Control PLC, 
DCS, Sensors, Actuators

Workshop 

level

 

Fig. 4. Layered model of production system 

3. Reinforcement Learning Based Collaborative Modeling for Multi-Agent 
Scheduling 

In order to optimize the performance of the multi-agent based intelligent manufacturing system, this 
paper combines the reinforcement learning theory and designs the SRL_M3DDPG multi-agent 
collaboration algorithm based on state representation learning, which realizes the intelligent 
scheduling in the manufacturing process through the collaboration of multi-agents. 



RESEARCH ON THE IMPACT OF MULTI-AGENT BASED SYSTEMS 6149 

 

3.1. Enhanced learning 

Reinforcement learning (RL) is a machine learning approach to artiϐicial intelligence that involves the 
creation of problematic computer programs capable of solving problems that require intelligence.RL 
is unique in that it learns by trial and error and derives its information from feedback that is 
continuous, evaluative, and sampled through the use of powerful nonlinear function approximations. 

3.1.1. Components of Enhanced Learning. Intelligentsia: the ontology of reinforcement learning. 
Environment: the external world where the intelligences are located and interact with. 
State: (global state, local state) The state represents the reality of the environment and contains all 

the necessary information needed to accomplish the task. 
Observations: Observations are the information actually received by the intelligence, which may be 

noisy or incomplete. 
Actions: (Discrete Actions, Continuous Actions) A data representing the environment, and the state 

set is all possible states in the environment. 
Reward values: (global rewards, local rewards) An intelligent body receives rewards based on the 

feedback provided by the environment. A reward is an evaluation of an intelligent body's action, 
indicating the effectiveness of that action in achieving a goal. 

Strategy: reinforcement learning is learning from a mapping of environment states to actions, call 
the mapping relationship a strategy. It represents the thought process of how an intelligent body 
chooses an action. 

Goal: Intelligentsia automatically ϐind the optimal strategy in a continuous time series, i.e., maximize 
long-term cumulative rewards. 

Reinforcement learning is actually the process by which an intelligent body learns to make optimal 
decisions while interacting with the environment. An intelligent body interacts with the environment 
through states, actions, and rewards. Suppose the environment is currently in state ts  at moment t , 
and the intelligent body performs a certain action ta  in the environment, which changes the original 
state of the environment and causes the intelligent body to arrive at a new state 1ts   at moment 1t  , 
and in the new state the environment generates feedback rewards tr   to the intelligent body. The 
intelligent body performs a new action 1ia   based on the new state and the feedback reward, and so 
on iteratively interacts with the environment through feedback signals. The ultimate goal of the above 
process is for the intelligent body to maximize the cumulative rewards, formulated as cumulative 
rewards 1 2 nG r r r   . In addition, the rules for how to select actions based on states and rewards 
are called policies  , and the optimization objective of reinforcement learning policy optimization 
can be expressed as: 

 max t
t

mize r


  (1) 

3.1.2. Markov decision process. Markov Decision Processes (MDPs), mainly based on Markov 
processes and dynamic programming theory, provide a mathematical framework for sequential 
decision making to represent and deal with decision problems with uncertainty and delayed feedback 
[36]. This modeling approach allows reinforcement learning algorithms to learn optimal decision 
strategies by interacting with the environment. A Markov decision process generally consists of the 
following quintuple: 

S : The set of all possible states of the environment, also known as the state space. 
A : The set of all possible actions of the intelligences, also known as the action space. 

:R S A S    : The reward value function of the environment. 
: [0,1]T S A S   : The state transfer probability function of the environment. 

0  denotes the initial state distribution  0 0,1: S   . 
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 : Discount factor. 
The intelligent body interacts with the environment (MDP) at discrete time steps by executing 

strategy : ( )S P A  . The strategy   is deϐined as a probability distribution over the action space 
conditional on each state: [0,1]S A  . The intelligent body learns the strategy with the objective of 
the total reward that can be obtained from a given state under a given strategy. The formula is as 
follows: 

 
0 , ,

0

( ) t
A T t

t

J r 




 
  

 
E  (2) 

where the state of the environment is initialized to 0s  at the beginning of training and is sampled from 
the initial state distribution:  0 0 0~s s  , and at each time step, depending on the state of the 
environment:  1 ~ | ,t t ts T s a   , the intelligent body selects the corresponding action ta  , where 

 ~t ta s  , 1ts   . After the above transfer computation is completed, the reward value is obtained 
 ,t t tr R s a , and   is a discount factor, with a value between 0 and 1, which is used to denote the 

current value of the future reward. A central concept of reinforcement learning is the training value 
function, which deϐines the expectation of a state or state action with respect to the long-term gain 
obtained by following strategy  . Speciϐically, the state value function ( )xV s  and the action value 
function ( , )Q s a  are deϐined as the expectation of the long-term gain obtained by following strategy 
 , described as follows: 

 1 0
0

( ) |t
t

V s r s s s S
 






 
     

 
E  (3) 

 1 0 0
0

( , ) | , ,t
t

Q s a r s s a a s S a A
 






 
       

 
E  (4) 

The learning objective of reinforcement learning in a Markov decision process is to ϐind the optimal 
maximized value function of strategy * , i.e., * argmax ( ) argmax ( , )V s Q s a 

    . 

3.1.3. Semi-Markov decision processes. A semi-Markov decision process is a special kind of Markov 
decision process characterized by the fact that the state transfer does not occur uniformly at each time 
step but follows a speciϐic probability distribution. Based on the concepts of temporal abstraction and 
and semi-Markov process, hierarchical reinforcement learning works to decompose a complex 
problem into a number of sub-problems, and solves the sub-problems one by one by a divide-and-
conquer approach thus ϐinally solving the long-term problem. There are two approaches to 
subproblem decomposition: 
1) All subproblems work together to solve the decomposed task. 
2) Continuously adding the results of the previous subproblem to the next subproblem solution. First 
the concept of time abstract action is formally deϐined as an option, an option o O  represents a 
triad  , ,o o oI    , where oI S   is the initial state set, o   is the option internal policy, and 

: [0,1]o oI   is the termination function of the option for deciding the probability 0s I  that the 
option o  will terminate in state s . 

Equipping a set of options in a Markov decision process becomes a semi-Markov decision process, 
while the optimal option value function on the included options is used to select the optimal option to 
execute the option internal policy. The formal deϐinition of the option value function ( , )oQ s o  is as 
follows: 

 1 0 0
0

( , ) | , ,o r
t

Q s o r s s o o s o S O
 






 
       

 
E  (5) 

The above equation represents an estimate of the long-term cumulative return obtained by 
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following strategy   , in state s   option o  . where    is an option-based strategy. The option 
learning framework uses the call-and-return execution mechanism, speciϐically, the intelligent body 
selects an option O according to its option value function ( , )oQ s o  and follows the option internal 
policy o  to select the original action and the environment returns to the next state, at which time 
the intelligent body decides whether to terminate the option according to the termination function of 
option O, and if it does, it selects a new option according to the option value function ( , )oQ s o  and 
repeats the The above process is repeated. 

3.1.4. Actor-Critic based algorithms. The Actor-Critic based reinforcement learning algorithm 
(Actor-Critic), which combines a value function based reinforcement learning approach and a policy 
based reinforcement learning approach, uses Actor to directly optimize the policy parameters while 
also using the Critic estimation of the value function ( )V s   for evaluating the performance 
   ˆ ,t t t tQ s a r V s   of policy ( , )q s a  [37]. 
Unlike stochastic policy gradient algorithms that output policies that are probabilistic distributions 

over the action space, deterministic policy gradient algorithms (DPGs) optimize deterministic policies 
   with the objective of maximizing a Q   function. For example, in the Deep Deterministic Policy 

Gradient algorithm (DDPG), the policy update formula is as follows: 

 
( )

( ) ( ) ( , )a
a s

J s Q s a





    

 


      
E  (6) 

3.2. Multi-Agent Collaboration Algorithm Based on State Representation Learning 

Multi-agent reinforcement learning method is an end-to-end learning method. However, the inputs for 
end-to-end learning are more features of the data than the original data. Especially in the case of high 
dimensionality of the data, such as image problems, the high dimensionality of the data leads to a high 
dimensional catastrophe. In order to better extract the features of the data, this paper proposes a 
method for state representation learning using neural networks, so that the network itself can capture 
the features well and be more adaptable to the data, and associating the method with the M3DDPG 
algorithm produces the SRL_M3DDPG algorithm. 

3.2.1. MADDPG algorithm. The MADDPG algorithm framework mainly embodies the idea of 
centralized training and decentralized execution [38]. It separates the training of Critic network and 
Actor network, in which the training of Critic network not only needs the information of local Agent, 
but also needs the state information of other Agents in the system, while the Actor network only needs 
to be trained according to the information of local Agent, in this way for the behavior of local Agent, 
Critic network Critic network will reward the local Agent based on the overall, global information, 
which is conducive to the realization of collaborative intelligent behavior of the Agent group. This 
algorithm brings multi-agent collaboration algorithms to a new level. 

The MADDPG algorithm allows Agents to learn to cooperate and compete. For each Agent, a small 
batch of S  samples are randomly drawn D  from the response buffer  , , ,j j j jS x a r x  to the Critic 
network and the output Q  values are fed back to the Actor whose objective function is: 

    1, , ,
j
kk k

j j j
i i N

a o
y r Q x a a


 

 
      (7) 

The Critic network loss formula is: 

     2

1

1
, , ,j j

i i N
j

y Q x a a
s

     L  (8) 

After Actor receives the value of Q , it optimizes the parameters by calculating the policy parameters 
using the local Agent's network. The optimization formula is: 
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
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3.2.2. M3DDPG Algorithm. The M3DDPG algorithm is an improved algorithm of the MADDPG 
algorithm.The M3DDPG algorithm was proposed to address the problem that Agents trained by deep 
reinforcement learning tend to be fragile and sensitive to the training environment, especially in multi-
agent scenarios [39]. 

In order to learn robust strategies, the researchers suggest updating the strategy when considering 
the worst case scenario: optimizing the cumulative reward of each Agent under the assumption that 
all other Agents behave in the opposite way this produces the very large minima learning objective 

 max
i M iJ  : 

    
 1

0 0 0
, 1~

min , , ,o o
o oj
i i

M i M j Ns
a o

J E Q s a a
  


 

 
  

 
  (10) 

Update Critic by minimizing the loss. The loss formula is: 

     2

1

1
, , ,k k k k

i k Mi Ny Q X a a
s

    L  (11) 

The Actor is updated using the sampled strategic gradient and the optimization formula is: 

    
1

* *
, 1

1
, , , , ,

i i

i i

k k
i i a M i i N

k a

J o Q x a a a
S


 






       (12) 

Update the target network parameters for each Agent: 

 (1 )i i i        (13) 

In the M3DDPG algorithm, a Multi-Agent Adversarial Learning (MAAL) approach is used to deal with 
the embedded minimization problem. The inner loop minimization is replaced by gradient descent 
method by approximating the nonlinear Q  function by a local linear function. The researcher deϐines 
a set of disturbance values ò that interfere with the value of the action that reduces the maximum Q  
value of *a . By linearizing the Q-function  , , , ,M i NQ x a a  , we seek a disturbance value jò  that can 
be locally approximated in the direction of a small gradient  , , , , . . .M i N jQ x a a wr t a     . The researcher 
then uses this localization to derive an approximation ĵò  in the worst case by perturbing it by a small 
gradient step: 

  , 1ˆ, , , ,i i
j a M i Nj i Q X a a     ò  (14) 

In the public notice (14)   is an adjustable coefϐicient representing the perturbation rate. It can 
also be understood as the step size of the gradient descent step: when    is too small, the local 
approximation error is smaller but due to the relatively small perturbation, the learning strategy may 
be far away from the very small and very large goal, i.e., the goal we need; when   is too large, the 
approximation error may cause too much trouble, and the whole learning process Agents may learn 
the strategy from failure frequently. 

3.2.3. SRL_M3DDPG algorithm: 
1) State Representation Learning. State representation learning is an important approach to the study 
of interaction problems, and its goal is to ϐind a mapping from general observations that enables the 
selection of the correct behavior. However, reinforcement learning also has the concepts of state, 
behavior, and observation, which provides a prerequisite for using state representation learning in 
reinforcement learning algorithms. State representation learning can also use machine learning 
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methods. In this paper, using deep neural networks, we were able to establish a mapping relationship 
from state values to observations, and then the predicted observations were used as input parameters 
to the M3DDPG algorithm, which obtained the corresponding actions as well as the rewards, which 
established the predicted observation-behavior mapping. This use of state representation learning 
method to extract relevant information from high dimensional observations reduces the processing of 
high dimensional data as well as reduces the dependence on speciϐic knowledge. 

In the ϐield of reinforcement learning, deϐine an environment   in which the actions performed by 
Agenti at step t  are ia  Each action causes the Agent to switch from the true state s  and the Agent 
obtains an observation tO  from the sensor at step t  Normally, the Agent can be rewarded tr  by 
performing the action in a given state at step t. The reward is given by a reward function that the Agent 
tries to maximize, and the reward equation is designed to indicate the quality of the Agenti action. 

In the DRL process, which requires a lot of experimentation, especially in the automation of complex 
behaviors, an autoencoder is used to compress the observer into a low-dimensional state vector and 
train it to construct a mapping of observed states. 

State Representation Learning (SRL) establishes a mapping from observation tO  to the true state 
s   via deep neural networks (DNNs). The purpose of the state prior approach in this section is to 
establish a state-to-observation mapping relationship. The observed states are observations obtained 
from the environment. Given the initial state of each Agent i , the Agent's next observation and reward 
are predicted by training, and the reward helps to evaluate the behavior. 
2) SRL_M3DDPG algorithm. The SRL_M3DDPG algorithm consists of three DNNs (SRL Model Network, 
Critic Network and Actor Network). In the ϐirst Deep Neural Networks (DNNs), the SRL model with a 
priori is constructed with the number of input neurons equal to the number of columns of the state 
matrix. The number of output neurons is equal to the number of columns of the observation matrix, 
and the hidden layer has 20 neurons. The rest of the DNNs parameters are consistent with the 
M3DDPG algorithm. 

The SRL model deϐines a loss function L  applied to a set of observations  1, , no o  minimized 
under C conditions, where the loss function is: 

  1, , ; |prior nloss o o C L  (15) 

The SRL model loss function equation is: 

 logSRL k k
k

y x L  (16) 

In step t , the real state ts  and the actual observations to  are obtained and after the ϐirst DNNs 
the predicted values are obtained to . In the ϐirst DNNs, the number of input neurons is equal to the 
number of columns in the state matrix. The number of output neurons is equal to the number of 
columns in the observation matrix, and the hidden layer has 20 neurons. In the remaining DNNs (Critic 
network and Actor network), the Actor network selects an action matrix based on the two obtained 
parameters to   and ts   and the M3DDPG's policy ta  , and the Critic network evaluates the matrix 
based on the state information and other information (e.g., information about the actions of the other 
Agents) ta , and selects an optimal action ta . When the Agent completes the action *

ta  it is rewarded 
tr  and reaches the next state 1tS  . 

In the experiments, the SRL network model is ϐirst trained. The ϐirst DNNs are trained for 60,000 
times, and the adelta optimizer is used to reduce the loss and adjust the weights by backpropagation. 
When the ϐirst layer network weights are ϐixed,the Actor and Critic network weights are updated. 
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4. Model application and analysis 

4.1. Algorithm Solving and Verification 

This section focuses on the validation of the effectiveness of the collaborative model integrating 
reinforcement learning and multi-agent by building the scheduling environment and constructing the 
model of the reinforcement learning Agent in an object-oriented form using Python 3.10, and training 
the Agent decision module with the SRL_M3DDPG algorithm and applying it to the Dynamic Flexible 
Job Shop Scheduling Problem (DFJSP). 

4.1.1. Algorithm performance testing: 
1) Case Parameter Setting. In order to show the superiority and versatility of integrated reinforcement 
learning and multi-agent collaborative modeling, the parameters of the scheduling environment as 
shown in Table 1 are set to randomly generate the required simulation cases, with arrival times 
between workpieces obeying an exponential distribution of  5X Exp   and expiration times of 

1

u

ij
j

Di Ai T


   . Where ijT  denotes the cumulative average processing time of all operations on the 
job, and the tightness of the delivery date is denoted in   as a random coefϐicient between 1 and 2. 

Table 1. Scheduling environment parameters 

Parameters Value 

Number of equipment {5,10,15} 

Number of jobs {5,15,25} 

The operand in the job Rand [1,5] 

The processing time of an operation on a computer Rand [0,10] 

The delivery factor of the workpiece U [1,2] 

The scheduling environment parameters shown in Table 1 are used to randomly generate the 
arithmetic data, in which 5 randomly arriving workpieces with workpiece arrival times of 0, 0, 0, 4, 8, 
and 10, and the workpiece delivery urgency coefϐicient is set to 0.8. 
2) Training hyperparameters. The SRL_M3DDPG algorithm is used in a random generation algorithm 
to train the decision module of the scheduling intelligences. The training hyperparameters and their 
values are shown in Table 2. 
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Table 2. SRL_M3DDPG algorithm parameters 

Algorithm parameter Value 

Learning rate of policy network 0.0004 

Routing policy Indicates the structure of the network [6,64,64,4] 

The structure of the sorting strategy network [6,64,64,5] 

Learning rate of value network 0.0004 

Structure of the value network [6,64,64,2] 

Strategy loss 1 

Loss of value 0.5 

Discount factor r 0.97 

Crop parameter ε 0.21 

Number of iterations 5000 

Batch size 90 

Optimizer Adam 

3) Algorithm performance analysis. Example calculations can be generated based on the parameters 
in the table. The arrival of a new job or the completion of an operation is deϐined as a system event 
that triggers rescheduling. To further analyze the effectiveness of the proposed multi-agent based 
reinforcement learning scheduling approach for solving the DFJSP problem, the convergence 
performance of the algorithm is analyzed with the generation of examples of calculations, where the 
algorithm is trained for a simulated ϐlexible job shop. The global delay penalty for the ϐirst 5000 rounds 
computed by the proposed SRL_M3DDPG algorithm is shown in Fig. 5. As can be seen from the curves, 
the objective value smoothly decreases and the volatility gradually decreases with the increase of the 
training step. After the 3400th round, the learning curve remains relatively stable. This indicates that 
the scheduling intelligences learn appropriate scheduling rules according to the changes in the 
production state, and this self-learning improves the adaptability of solving the DFJSP problem. 

 

Fig. 5. SRL_M3DDPG iteration diagram 

The scheduling of the randomly generated arithmetic example using the above methodology, the 
resulting Gantt chart of the scheduling result is shown in Fig. 6, with A1 to A5 denoting ϐive different 
workshops. From Fig. 6, the maximum completion time for the scheduling of this arithmetic example 
is 29. 
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Fig. 6. Scheduling Gantt chart 

4.1.2. Comparison with other methods. In order to verify the integration effect of the two 
intelligences in the scheduling collaboration model based on the SRL_M3DDPG algorithm, this paper 
runs them in parallel to solve the DFJSP problem. In order to show its effect, the results of testing the 
scheduling rules in this paper, two routing rules (CT and ET) and three sequencing rules (ATC, EDD, 
and MOD) of the highly advantageous priority-based scheduling rules are selected as the baseline to 
create six composite scheduling rules to compare and analyze with the method proposed in this paper, 
and the results of the latency rate of this algorithm comparing with the other composite rules are 
shown in Fig. 7. 

Multi-agent based two-tier scheduling is where each intelligent performs decentralized scheduling 
decisions based on local observations. The results show that the model delay rate of this paper's 
algorithm is only 15.47%, which is lower than all the composite scheduling rules, and has signiϐicant 
superiority in reducing the artifact delay rate. 

 

Fig. 7. Latency compared with other composite rules 

4.2. Multi-Agent Dynamic Scheduling Example 

Under the guidance of state representation learning, the default intra-unit scheduling method is used 
when the system is in steady state, and the original scheduling scheme is adjusted by dynamic 
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scheduling when the system is in non-steady state, and the speciϐic adjustment process is a 
quantitative calculation process. In order to verify the effectiveness and feasibility of the multi-agent 
collaborative algorithm based on state representation learning (SRL_M3DDPG algorithm) in this paper, 
this section will take the case of inserting an urgent task as an example to demonstrate the process of 
adaptive scheduling using the SRL_M3DDPG algorithm. 

The process information of the ϐlow operation of 6 workpieces with 10 processes is shown in Table 
3. 

Table 3. Processing information 

 Job piece 1 Job piece 2 Job piece 3 Job piece 4 Job piece 5 Job piece 6 

Procedure 1 9 13 16 12 12 5 

Procedure 2 5 9 13 11 14 7 

Procedure 3 14 12 6 16 10 18 

Procedure 4 11 15 20 7 12 6 

Procedure 5 16 20 14 7 14 21 

Procedure 6 12 8 18 15 18 14 

Procedure 7 17 18 12 17 12 8 

Procedure 8 24 21 18 11 13 14 

Procedure 9 12 15 22 10 19 20 

Procedure 10 13 18 15 10 12 22 

The scheduling Gantt chart obtained according to the in-unit scheduling method is shown in Fig. 8. 
Let the number of tasks to be periodically removed from the queue to be processed be N=6, and the 
shortest processing completion time is 230 units of time according to the SRL_M3DDPG algorithm, and 
the processing sequence is 3-6-1-4-2-5. 

 

Fig. 8. Gantt chart for initial scheduling 

Suppose that at moment point 40 the production system requires an urgent insertion of a workpiece 
task, and the workpiece task processing information is shown in Table 4. 
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Table 4. Emergency workpiece processing information 

Procedure P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 

Emergency job piece 17 11 9 12 18 10 15 17 16 14 

According to the adaptive scheduling rules set the highest priority of the workpiece and directly into 
the processing queue, the processing tasks after the 40th moment in accordance with the 
SRL_M3DDPG algorithm for rescheduling to get the adjusted scheduling scheme shown in Figure 9. 

If the arrival time of the emergency workpiece is just in the processing time of workpiece 2, the 
emergency workpiece should be placed at the top of the queue of the next periodic take-out task, and 
prioritized for processing. From the adjusted scheduling scheme, it can be seen that the insertion of 
the emergency workpiece is equivalent to the reordering in the processing queue according to the 
priority, but it will not disturb the relative processing order of the other workpieces in the queue, 
which is considered to ensure the stability of the production system to some extent. In this paper, 
SRL_M3DDPG algorithm is used for adaptive scheduling, although it cannot get the global optimal 
scheduling scheme, it can better adapt to the dynamic intelligent manufacturing workshop 
environment due to its good real-time performance. 

 

Fig. 9. Scheduling plan after the adjustment 

5. Conclusion 

In this paper, based on the multi-agent system, the steps and processes related to modeling, simulation 
and monitoring of intelligent manufacturing system are explored, and the SRL_M3DDPG algorithm 
based on state representation learning is proposed to realize adaptive dynamic scheduling of 
intelligent manufacturing workshops. 

For the generated simulation arithmetic, the SRL_M3DDPG algorithm is utilized for training, and the 
obtained global delay penalty curves show that the target value decreases smoothly and the volatility 
decreases gradually with the increase of the training step. However, the learning curve remains 
relatively stable after the 3400th round, and the maximum completion time for the scheduling of this 
algorithm is 29. After the training of the SRL_M3DDPG algorithm, the scheduling intelligences are able 
to learn the scheduling rules according to the changes of the production state, and this self-learning 
approach improves the adaptability of solving the Dynamic Flexible Job Shop Scheduling Problem 
(DFJSP) problem. Meanwhile, comparing with other composite scheduling rules, the model delay rate 
of this paper's algorithm is only 15.47%, which is signiϐicantly superior in reducing the delay rate of 
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the workpiece. 
In addition, using the SRL_M3DDPG algorithm to solve the adaptive dynamic scheduling problem, 

its adapted scheduling scheme has high real-time performance and can ensure the stability of the 
production system, which is suitable for the dynamic intelligent manufacturing workshop 
environment. 
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