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Complex industrial production scheduling problems are characterized by high dimensionality, dynamics, and multi-objectives. Existing scheduling
methods are usually based on mathematical programming or a single-agent architecture, which have problems such as insufficient model complexity
and dynamics, difficulty in dealing with high-dimensional problems, and poor scalability. In particular, they have limited performance when facing
multi-task collaborative optimization and real-time environmental changes.Therefore, we designed a hierarchical multi-agent deep reinforcement
learning (DRL) architecture that separates global task allocation from local execution through a hierarchical structure. The high-level deep Q-network
(DQN) is used for resource allocation, while the low-level proximal policy optimization (PPO) is used to achieve fine scheduling. The centralized
training with a decentralized execution (CTDE) framework is included to coordinate the behavior of multiple agents. At the same time, the graph
neural network (GNN) is used to model task dependencies and design reward functions to balance short-term and long-term objectives, thereby
improving scheduling efficiency, flexibility, and adaptability to uncertainty and providing an efficient and intelligent solution for complex industrial
production scheduling. Experimental results show that the hierarchical multi-agent deep reinforcement learning system is significantly better than
other algorithms in terms of key indicators such as task completion time, resource utilization, system delay rate, cost saving rate, and scheduling
failure rate. In large-scale task scheduling, the average task completion time is reduced by 15%-25% compared with other methods, and the system
delay rate is kept at around 5%. In a dynamic environment’s equipment failure recovery scenario, the scheduling failure rate drops rapidly from
18% to below 10%, demonstrating its efficient global optimization and local adjustment capabilities. The research results show that the hierarchical
multi-agent method provides an efficient and flexible solution for complex industrial production scheduling, which has important theoretical value
and practical significance.

Keywords: Complex Industrial Production Scheduling, Deep Reinforcement Learning, Hierarchical Multi-agent, Centralized Training with
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1. INTRODUCTION

dynamism, and multi-objective characteristics. As Industry
4.0 and intelligent manufacturing are increasingly being

The problem of complex industrial production scheduling has
become one of the core challenges in the development of
modern industrial intelligence due to its high dimensionality,
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implemented, the shortcomings of traditional scheduling
methods based on mathematical programming or single agents
have gradually emerged, including low model complexity,
difficulty in solving high-dimensional problems, and poor
scalability. ~When dealing with multi-task collaborative
optimization, online environmental changes, and uncertain
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scenarios, traditional methods usually cannot flexibly meet the
actual production scheduling needs. Therefore, it is necessary
to build an intelligent system architecture to efficiently solve
complex industrial scheduling problems, which has become
a challenging problem that needs to be solved urgently in
academia and industry.

With the increase in the amount of research on Indus-
try 4.0 and intelligent manufacturing,the shortcomings of
mathematical programming or single-agent methods based
on traditional scheduling methods have gradually emerged.
These shortcomings include low model complexity, difficulty
in solving high-dimensional problems, and poor scalability.
With the rapid development of artificial intelligence (AI) tech-
nology, new ideas for solving high-dimensional scheduling
problems continue to be proposed. Lu Hong constructed a
scheduling model that includes four decision-making links:
machine allocation, processing sequence, personnel arrange-
ment, and start-stop control. He proposed a dual-enhanced
memetic algorithm (DMA) solution with a dual-enhanced
local optimization strategy [1]. Liu Wei proposed a production
scheduling model for manufacturing execution systems based
on master-slave chains and edge computing, which executed
cross-node and cross-workshop scheduling tasks, and im-
plemented a decentralized production scheduling method to
ensure data security and improve response speed [2]. Del
Gallo explored the application of artificial intelligence in
manufacturing systems. His study showed that particle swarm
optimization, neural networks, and reinforcement learning are
the most widely used technologies for solving scheduling
problems [3]. Zhuang developed a network-based dynamic
scheduling rule generation mechanism by applying complex
network theory, extracting low-level heuristic rules from the
perspective of system optimization, and transforming the
automatic generation problem of heuristic rules into a multi-
attribute decision-making problem [4]. Tamssaouet applied
a preference model to solve the multi-objective complex
shop scheduling problem, considering unavailable cycles and
minimum time lag. The proposed method could provide
a good solution for preferences [5]. However, existing
methods still have shortcomings when dealing with complex
dependencies and dynamic environments. There is an urgent
need for a more efficient and flexible intelligent architecture
to meet actual production needs.

Deep reinforcement learning (DRL), as a self-learning
intelligent method, has shown great potential in solving
complex scheduling problems. Waubert de Puiseau discussed
the problem of production scheduling reliability obtained
through DRL-based scheduling methods in industrial engi-
neering, and determined the direction of current DRL research
[6]. Liu proposed a method based on deep multi-agent
reinforcement learning to solve the dynamic workshop job
scheduling problem. His study showed that the proposed
architecture significantly improved the learning efficiency
[7]. Lee adopted deep reinforcement learning to handle the
scheduling process for production planning, using a deep Q-
network and proposed a new state, action, and reward method
to optimize the scheduling strategy [8]. Zhang Ming used
the DRL method to solve the dynamic scheduling problem
with unexpected machine failures in a job shop manufacturing
system. The method was verified in an actual dynamic
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production environment, and the results were better than those
obtained by other methods [9]. Zhang Yi proposed a multi-
agent manufacturing system based on deep reinforcement
learning. The results showed that the system could obtain
scheduling solutions that met various performance indicators
and could efficiently and autonomously respond to resource
or task disturbances [10]. These studies indicate that DRL
has significant advantages in dealing with uncertainty, multi-
task collaborative optimization, and real-time response in
industrial scheduling, providing a new solution for complex
industrial production scheduling.

Considering the high dimensionality, dynamics, and multi-
objective characteristics of complex industrial production
scheduling problems, in this paper, an intelligent scheduling
system architecture is designed to handle multi-task collab-
orative optimization problems under environmental changes
in real time. To this end, a hierarchical multi-agent deep
reinforcement learning method is proposed. Global task
allocation and local execution are divided into hierarchical
structures. DQN is used in the high level for resource
allocation to achieve global optimization. PPO is used at
the low level to complete fine scheduling to improve local
efficiency. At the same time, the CTDE framework is applied
to coordinate the behaviors of multiple agents. GNN is used
to model task dependencies and improve the adaptability of
complex constraints. In addition, a multi-objective reward
function is designed. Taking into consideration the effects
of task delay, resource utilization, and cost saving factors,
this function can improve system performance in the long
term and balance the short-term task completion rate. The
classic Job Shop Scheduling Problem (JSSP) dataset is used
to complete experimental verification. This paper compares
the performance of different algorithms and comprehensively
evaluates the performance of the architecture in terms of
task completion time, resource utilization, system delay
rate, cost saving rate, and scheduling failure rate. The
results show that the hierarchical multi-agent method has
significant advantages in dynamic environments and provides
an effective and flexible solution for complex industrial
production scheduling.

2.  METHODS

2.1 Hierarchical Structure

Traditional single-agent architectures have difficulty solving
complex industrial production scheduling problems due to
high dimensionality and dynamism. To solve this problem,
the aim of this current research is to reduce the complexity
of decision-making by designing a hierarchical structure to
separate global task allocation and local execution, and then
address the global and local problems separately to solve the
complex industrial production scheduling problem. Unlike
traditional methods, DQN designs a global optimization
solution for global task allocation in assembly line production
to maximize long-term cumulative returns. At the same time,
DQN fully considers task priority, resource consumption, and
task dependency. The low level uses the PPO algorithm to
complete fine scheduling. Owing to the constraint mechanism
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inherent in the PPO algorithm—specifically, its ability to
limit the degree of deviation between the updated strategy
and the original strategy during the policy optimization
process—the stability and operational efficiency of local
task execution are effectively safeguarded. PPO gradually
optimizes the execution order and resource utilization of
local tasks by dynamically adjusting the weight coefficient,
thereby achieving efficient real-time scheduling within the
work section.

At the high level, DQN is used for resource allocation,
and its goal is to learn the global resource allocation strategy
[11-12]. DQN selects the optimal action by approximating the
state-action value function Q * (s, @), which is formulated as:

QO x(s,a) = Er+ymax, Q(s’,a’)|s,a (1)

where s represents the current state; a represents the action;
r is the immediate reward; y is the discount factor; s
is the next state. By maximizing the long-term cumulative
reward, DQN can generate a globally optimal task allocation
strategy [13—14]. In practical applications, the high-level
task allocation module is responsible for allocating tasks
to different equipment or resources and optimizing them
according to task priorities and resource constraints. In
assembly line production, the high-level module can decide
which tasks should be prioritized to which work sections
based on order requirements and equipment state while
considering the dependencies between tasks and time window
constraints.

The low level uses PPO to achieve fine scheduling of local
tasks [15-16]. PPO is a reinforcement learning algorithm
based on policy gradient. Its core idea is to ensure the stability
of updates by limiting the difference between the new policy
and the old policy [17]. The objective function of PPO is:

LCLP(0) = E;min(r; (0) A;.clip(r: (9), 1— €, 1+ €)A))

@)
where r;(0) = % is the probability ratio; A; is the
advantage function; € 1s the clipping range. By means of this
formula, PPO can gradually optimize the execution order and
resource utilization of local tasks while ensuring the stability
of the strategy. In a specific work section, in order to ensure
the maximum utilization of resources, the low-level modules
can dynamically adjust the execution order of tasks according
to the real-time state of the equipment and the urgency of the
tasks.

The advantage of the hierarchical structure is that it can
decompose complex scheduling problems into multiple sub-
problems. The high-level task allocation module focuses
on global optimization. The low-level task execution
module focuses on local details. This division of labor not
only reduces the computational burden of a single module,
but also improves the overall scheduling efficiency. In
addition, the hierarchical structure can better adapt to dynamic
environments. In the event of equipment failure or order
changes, the high-level module can quickly adjust the global
task allocation strategy. The low-level module can flexibly
adjust the task execution plan within the specific work
section, thereby achieving an efficient response to the dynamic
environment.
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2.2 Multi-Agent Collaboration Mechanism

In complex industrial production scheduling, multi-task col-
laborative optimization requires efficient collaboration among
multiple agents. To this end, this paper combines the CTDE
framework and applies GNN to model task dependencies to
enhance the robustness and collaboration capabilities of the
system.

The core idea of the CTDE framework is to adopt a
centralized information sharing mechanism in the training
phase and distributed decision-making in the execution phase
[18-19]. Specifically, during the training phase, each agent
can not only access its own local observation o; but also obtain
information about other agents through a global state s. The
joint reward function can be expressed as:

N
Rioimi = Y _Ri 3)
i=1

where R; is the reward of the i-th agent. Through the joint
reward function, the agent can learn to cooperate with other
agents during the training process. In the execution phase,
each agent only relies on its own local observation o; to make
decisions, which is formulated as:

a; =m0 (ailo;) “)

This centralized training with a decentralized execution
approach not only ensures the efficiency of training, but also
improves the scalability of the system. In multi-workshop
production scheduling, agents in different workshops can
coordinate task allocation through the CTDE framework
while maintaining independent decision-making during the
execution phase, thus avoiding the communication bottleneck
problem in a single-agent architecture.

This paper applies GNN to capture the dependencies
between tasks. GNN models the correlation between tasks
through node feature update rules [20-21]. The specific
formula is:

R = oW xhly + Z € N(w)W, xhl, ©)
u

where h{) is the feature vector of node v in the /-th layer; N (v)
is the neighbor set of node v; W and W, are learnable weight
matrices; o is the activation function. In this way, GNN
can effectively represent the dependencies between tasks; for
instance, some tasks must be started only after other tasks
are completed [22-23]. In complex industrial production
scheduling, GNN can effectively capture the dependencies
between tasks by modeling tasks as nodes and process
constraints as edges. Specifically, each task is regarded
as a node in the graph, and the node features can include
information such as task priority and processing time. The
order or constraints between tasks are represented by edges.
GNN uses node feature update rules to aggregate information
from neighboring nodes through a multi-layer message-
passing mechanism, thereby dynamically updating the feature
vector of each node. For example, in the steelmaking scenario
of iron and steel metallurgy, the steelmaking process in a
converter must be completed before the casting process in
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Figure 1 Multi-agent collaboration mechanism.

a continuous caster. This dependency can be represented
by a directed edge connecting two task nodes. By learning
this graph structure, GNN can extract complex dependencies
between tasks and incorporate them into scheduling decisions.

Figure 1 presents the framework of the multi-agent
collaboration mechanism.

The advantage of the multi-agent collaboration mechanism
is that it can achieve distributed decision-making and efficient
collaboration. In multi-workshop production scheduling,
agents in different workshops can coordinate task allocation
through the CTDE framework and use GNN to model task
dependencies across workshops to ensure the consistency of
global scheduling. In addition, it can improve the robustness
of the system. When equipment failure occurs in a workshop,
agents in other workshops can quickly adjust task allocation
to ensure the continuity of overall production.

2.3  Reward Function Design
To balance the short-term task completion rate and long-
term system performance optimization, in this research
work, a multi-objective reward function is designed that
comprehensively considers factors such as task delay, resource
utilization, and cost savings [24-25].

The multi-objective reward function can be expressed as:

(6)

where Rg.iqy represents the task delay penalty; Ruyisizarion
represents the resource utilization reward; R, represents the
cost saving reward; wi, wr, and w3 are weight coefficients.
Specifically, the task delay penalty can be defined as:

R =w Rdelay + w2 Ryitization + W3 Reost

N

Rdelay S Z maX(O, tl — dl)
i=1

(N

where #; is the actual completion time of task i; d; is the
expected completion time of task i. The resource utilization
reward is defined as:
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where u; is the usage time of resource j, and T is the total
time. The cost saving reward can be defined as:

(®)

Rutilization =

_ Ctotal - Cused

cost =
Ctotal

R C))
where Cyyq is the total budget, and Cq is the actual cost
consumed.

By designing a multi-objective reward function, a balance
between short-term and long-term goals in a dynamic
environment can be achieved. When an emergency order has
to be inserted, the system can adjust the weight coefficients
w1, wy, and w3 to prioritize urgent tasks while taking into
account resource utilization and cost savings [26]. In addition,
the multi-objective reward function can improve the flexibility
and adaptability of the system. In the event of equipment
failure or order changes, the system can quickly respond to
environmental changes by dynamically adjusting the reward
weights, thereby ensuring the efficiency and rationality of the
scheduling strategy.

24  Implementation of Deep Reinforcement

Learning Algorithm

In complex industrial production scheduling, DRL, as a
self-learning intelligent method, can gradually optimize the
scheduling strategy by interacting with the environment [27—
28]. However, traditional single-agent DRL methods often
suffer from slow convergence and poor stability when faced
with high-dimensional state spaces and dynamic environ-
ments. Hence, this paper applies various deep reinforce-
ment learning techniques, including the priority experience
replay mechanism and PPO, into the hierarchical multi-agent
architecture, and improves the algorithm performance through
innovative design [29-30].
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The experience replay mechanism improves sample uti-
lization efficiency by storing and sampling historical expe-
rience data. Specifically, quad (s;, a;, 7¢, s;+1) is stored in
experience pool D, and samples are selected through the
priority sampling mechanism. The sampling probability can
be expressed as:
ri

2Py

where P(i) is the priority of sample i, and « is the
parameter that controls the importance of priority. Through
priority experience replay, the algorithm can learn high-
value experience data more efficiently. In scenarios where
tasks change frequently, priority experience replay can help
the algorithm adapt to new task requirements more quickly,
thereby improving the stability of the scheduling strategy.

The policy optimization algorithm uses the PPO algorithm
to update policy parameters. PPO ensures the stability of
the update by limiting the amount of difference between the
new policy and the old policy. During the training phase, all
agents share global state information and coordinate decisions
through a joint reward function, Rjin; = ZlN: 1 Ri.

During the execution phase, each agent makes independent
decisions based only on its local observation, o;. This design
not only improves training efficiency, but also increases the
scalability of the system, enabling the system to flexibly
respond to dynamically changing environments. The design
of PPO must be combined with task dependency modeling
to capture the complex relationships between tasks. In
complex industrial production scheduling, there are often
strong dependencies between tasks. To this end, this paper
uses GNN to model task dependencies and uses the output of
GNN as the input feature of PPO. By dynamically adjusting
the weight coefficient, PPO can gradually optimize the
scheduling strategy while ensuring its stability.

P@i) = (10)

3. EXPERIMENTAL DESIGN

This paper selects the classic JSSP dataset in OR-Library
as the test platform to further verify the effectiveness of the
proposed hierarchical multi-agent deep reinforcement learn-
ing architecture in solving industrial production scheduling
problems [31]. OR-Library is a public dataset library that
is often used in research on scheduling problems. The
JSSP dataset includes tasks of different scales and resource
constraints at different levels from simple to complex. It is
suitable for testing the performance of scheduling algorithms.
There are many instances in the JSSP dataset. The task scale
of the instances ranges from 6 to 500, and the number of
machines ranges from 6 to 20. These instances adequately
reflect the high dimensionality and dynamics of industrial
production. To meet the needs of the hierarchical multi-
agent architecture, in this paper, the raw data is preprocessed,
key information such as task priority, processing time, and
equipment state is extracted, and then converted into a
format suitable for a deep reinforcement learning model input.
In addition, to simulate a dynamic environment, random
events are included in the experiment to test the algorithm’s
adaptability under uncertain conditions.
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The experimental environment is built on a complex
industrial production scheduling simulation platform, which
can simulate actual scenarios such as complex industrial
production, equipment operation state, and order manage-
ment. By importing the JSSP dataset of OR-Library
into the simulation platform, multiple dynamic scheduling
scenarios are generated, including normal production process,
equipment failure recovery, emergency order insertion, etc.
These scenarios not only reflect the diversity of industrial
production, but also increase the actual reference value of the
experimental results. Table 1 lists the relevant data.

Task dependencies represent a sequence or constraint. T1
— T2 means that task T1 must be completed before task T2
starts.

In the experimental design, various representative com-
parison algorithms are selected so as to comprehensively
evaluate the performance of the proposed hierarchical multi-
agent deep reinforcement learning architecture.  These
algorithms cover traditional optimization methods, single-
agent reinforcement learning algorithms, and existing ad-
vanced multi-agent scheduling models. Specifically, mixed-
integer linear programming (MILP), as a classic mathematical
programming method, can generate theoretically optimal
scheduling solutions, so itis used as a benchmark comparison.
The single-agent reinforcement learning method based on
deep Q-network can cope with high-dimensional state space
problems to a certain extent, so it is used to verify the
advantages of the multi-agent architecture. The centralized
scheduling method based on GNN generates high-quality
scheduling strategies by capturing task dependencies, so it
is selected for comparison. In addition, the multi-agent
deep deterministic policy gradient (MADDPG) algorithm and
the particle swarm optimization-based dynamic scheduling
(PSO-DS) are advanced multi-agent reinforcement learning
algorithms and swarm intelligence methods, respectively. The
former performs well in continuous action space, and the
latter has certain advantages in regard to real-time response.
Finally, the DMA, a hybrid heuristic algorithm that integrates
local optimization strategies, has shown superiority in the
sustainable production scheduling problem and is therefore
also included for the comparison. The performance of
these algorithms is tested in order to verify the advantages
of the proposed hierarchical multi-agent deep reinforcement
learning architecture in terms of efficiency, flexibility, and
adaptability from different perspectives and to provide a
scientific and comprehensive reference for the experimental
results.

4. RESULTS ANALYSIS

4.1  Performance Improvement Analysis

To demonstrate the performance advantages of the hierar-
chical multi-agent method in complex industrial production
scheduling, this paper compares the average task completion
time of different methods in small-scale, medium-scale, and
large-scale task scenarios. The results are presented in
Figure 2.
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Table 1 Some data.

Instance Number of Numberof Processing Task Probability Order
name tasks (N) machines time matrix dependencies of equipment priority
™M) failure (%) (1-5)
1 3
25
4 7
ft06 6 6 3 6 Tl - T2, T3 - T5 2 3
5 8
6 9
g
3 5
4 10
5 10
ft10 10 10 6 10 T1 — T4, T2 — T6 5 4
7 4
8 6
9 8
|10 10
S5 o6
4 8
3 7
2 9
1 10
la01 10 5 6 5 T3 — T7,T5 - T8 3 2
7 4
&8 6
9 8
|10 7 |
6 5
5 7
4 6
3 8
2 8
la02 10 5 2 9 T2 — T4, T6 — T9 4 5
1 10
7 5
8 6
9 7
|10 8 |
.
4 7
5 8
6 9
7 10
abz5 10 10 3 11 T1 — T3,T4 - T7 6 1
9 12
10 13
11 14
|12 15

Figure 2 shows the comparison curves for the average
task completion time of different methods in small, medium,
and large scales. The hierarchical multi-agent method has
the lowest average task completion time for all scales of
task scenarios, and this is also significant in large-scale task
scheduling. In the small-scale instance ft06, the hierarchical
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multi-agent method reduces the task completion time by about
18% compared to MILP and by about 15% and 14% compared
to single-agent DQN and centralized GNN, respectively. In
the medium-scale instance la01, its task completion time
is 18%—22% shorter than those of traditional methods. In
the large-scale instance abz5, the hierarchical multi-agent
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Figure 2 Completion time of tasks of different sizes.
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Figure 3 Resource utilization in different task scenarios.

method reduces the task completion time by 15%-25%
compared to other methods. In addition, as the complexity
of the task increases, the performance improvement of
the hierarchical multi-agent method gradually increases,
indicating its superiority in tackling high-dimensional and
dynamic problems.

The hierarchical multi-agent method can perform well in
terms of average task completion time mainly due to its
unique hierarchical structure and multi-agent collaboration
mechanism. First, the high-level DQN is used for global
resource allocation, which can optimize task priority and
resource utilization as a whole, avoiding the problem of local
optimality in a single agent architecture. The low-level PPO
is used for fine scheduling, which ensures that the efficiency
of task execution in each work section is maximized. Second,
through the CTDE framework, the proposed method can share
global information during the training phase and learn to
collaborate efficiently with other agents while maintaining
independent decision-making during the execution phase,
thereby improving the flexibility and scalability of the system.
In addition, the GNN modeling of task dependencies further
strengthens the robustness of the system, enabling it to better
cope with complex constraints between tasks.
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4.2  Resource Utilization Analysis

Resource utilization is an important indicator used to measure
the performance of scheduling algorithms. Particularly in
complex industrial production scheduling, efficient resource
utilization can significantly reduce costs and improve system
efficiency. Figure 3 compares the resource utilization of
different methods in small-scale, medium-scale, and large-
scale task scenarios.

Figure 3 shows the resource utilization comparison of
different methods in small-scale, medium-scale, and large-
scale task scenarios. The figure demonstrates that the
hierarchical multi-agent system has high resource utilization
in task scenarios of all scales, especially in large-scale task
scheduling. On a large scale, the resource utilization of
hierarchical multi-agentis 18% higher than that of MILP, 15%
higher than that of single-agent DQN and 12% higher than that
of centralized GNN. In addition, compared with MADDPG
and PSO-DS, the resource utilization of hierarchical multi-
agent is improved by 10% and 8%, respectively. Although
the DMA method performs well in small and medium-scale
tasks, its resource utilization is reduced in large-scale tasks
due to the large computational overhead of global search.
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Figure 4 Resource utilization in a dynamic environment.

In a dynamic industrial production environment, uncertain
events such as equipment failure recovery and emergency
order insertion place higher demands on resource utilization.
In this paper, two typical dynamic scenarios are simulated, and
the resource utilization change curve is plotted in a dynamic
environment to verify the adaptability of the hierarchical
multi-agent in complex dynamic scenarios, as shown in
Figure 4.

In Figure 4, in the scenarios of equipment failure recovery
and emergency order insertion, the hierarchical multi-agent
system performs particularly well, and its resource utilization
rate always remains at a high level, indicating that the system
has a strong ability to adapt to uncertainty. The resource
utilization rates of MILP and DMA fluctuate significantly
in dynamic environments. The single-agent DQN and
centralized GNN cannot maintain stable resource utilization
rates in complex scenarios due to the lack of multi-agent
collaboration mechanisms.

4.3  System Delay Rate Analysis

The system delay rate is one of the important indicators
used to measure the performance of the scheduling algorithm,
indicating the proportion of tasks that fail to be completed on
time during the scheduling process. A low system delay rate
notonly improves, production efficiency, but also significantly
reduces the additional costs caused by task delays. Figure 5
shows the changes in system delay rates of different methods
in a dynamic environment.

Figure 5 shows the system delay rate change curves of
different methods in a dynamic environment, including two
typical scenarios: equipment failure recovery and emergency
order insertion. In the figure, the hierarchical multi-agent
system shows the lowest system delay rate in all scenarios.
In the equipment failure recovery scenario, the delay rate of
this method remains at around 5%. In contrast, the delay
rates of MILP and DMA fluctuate significantly, reaching 10%
and 12%, respectively. In addition, in the emergency order
insertion scenario, the delay rate of the hierarchical multi-
agent is significantly lower than that of single-agent DQN
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and centralized GNN, indicating that it is more robust and
adaptable in complex dynamic environments.

To demonstrate the delay rate of different methods, Table 2
lists the multi-indicator comparison data of different methods
in small-scale, medium-scale, and large-scale task scenarios.

As shown in Table 2, there are obvious differences in
performance in regard to the delay rate of different methods
in small-scale, medium-scale, and large-scale systems. The
hierarchical multi-agent has the lowest average delay rate,
maximum delay rate, and delay rate standard deviation at all
scales. It performs best in small-scale systems, where the
average delay rate is only 5%. In contrast, the single-agent
DQN has the highest delay rate indicators for all scales, with
an average delay rate of up to 16% and a maximum delay rate
of 21% in large-scale systems. It also has the largest standard
deviation, reflecting its poor stability and adaptability. Other
methods, such as MILP, DMA, centralized GNN, and PSO-
DS, perform relatively similarly but are slightly inferior to
the hierarchical multi-agent. Overall, the hierarchical multi-
agent system has significant advantages in improving system
performance and stability, and it is suitable for different scales
of application scenarios.

4.4  Cost Saving Rate Analysis

Cost saving rate is one of the important measures used to
determine the economic efficiency of scheduling algorithms.
Especially in complex industrial production scheduling,
reducing production costs can significantly improve the
market competitiveness of enterprises. Figure 6 shows the
cost saving rate comparison of different methods in small-
scale, medium-scale, and large-scale task scenarios.

In Figure 6, the hierarchical multi-agent shows the highest
cost saving rate for all scales of task scenarios. It has a
significant advantage in large-scale task scheduling. On a
large scale, the cost saving rate of the hierarchical multi-
agent is 25% higher than that of MILP. In addition, compared
with MADDPG and PSO-DS, the cost saving rate of the
hierarchical multi-agent is increased by 15% and 12%,
respectively.
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Figure 5 System delay rate changes in a dynamic environment.

Table 2 Comparison of multiple indicators of different methods.

Small scale

Medium scale Largescale

Average ~ Maximum Standard Average Maximum Standard Average Maximum Standard
delay rate delay rate deviation delay delay deviation delay delay rate  deviation of
of delay rate rate of delay rate delay rate
rate rate
MILP 8% 12% 2% 10% 15% 3% 15% 20% 4%
DMA 7% 11% 1.8% 9% 14% 2.5% 14% 19% 3.5%
DQN 9% 13% 2.2% 11% 16% 3.2% 16% 21% 4.5%
GNN 8% 12% 2% 10% 15% 3% 14% 19% 3.5%
MADDPG 7% 11% 1.7% 9% 14% 2.4% 13% 18% 3%
PSO-DS 8% 12% 1.9% 10% 15% 2.8% 14% 19% 3.5%
Hierarchical 5% 8% 1.5% 7% 12% 2% 10% 15% 2.5%
multi-agent
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Figure 6 Cost saving rate.

Table 3 shows the comparison of cost saving rate data in
a dynamic environment for two typical scenarios: equipment
failure recovery and emergency order insertion.

In Table 3, there are obvious differences in the coping
capabilities of various methods when facing two types
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of emergency scenarios: equipment failure recovery and
emergency order insertion. Hierarchical multi-agent performs
best in both scenarios, reaching 30% and 35%, respectively,
showing its strong robustness and adaptability in handling
complex dynamic events. In contrast, MILP and DMA
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Table 3 Comparison of cost saving rate data in dynamic environment.

Method Equipment failure recovery Emergency order insertion
scenario (%) scenario (%)
MILP 20 25
DMA 15 20
DQN 22 28
GNN 23 29
MADDPG 25 30
PSO-DS 24 28
Hierarchical multi-agent 30 35
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Figure 7 Scheduling failure rate of different algorithms.

methods have the weakest adaptability and low response
capabilities in both scenarios, which may be due to their
lack of flexible real-time decision-making mechanisms. Other
methods, such as MADDPG, centralized GNN, and PSO-DS,
perform moderately, although MADDPG also performs rela-
tively well in both scenarios, second only to the hierarchical
multi-agent. Overall, the hierarchical multi-agent method has
significant advantages in regard to emergency handling, and
it is more suitable for dynamic and complex production or
scheduling environments.

4.5  Scheduling Failure Rate Analysis

The scheduling failure rate is one of the important indicators
for measuring the robustness and stability of the scheduling
algorithm. Particularly in complex industrial production
scheduling, a low scheduling failure rate can effectively
reduce scheduling interruptions caused by task conflicts, in-
sufficient resources, or environmental uncertainties. Figure 7
shows the comparison of the scheduling failure rates of
different methods in small-scale, medium-scale, and large-
scale task scenarios.

In Figure 7, there are significant differences in the
scheduling failure rates of different methods applied to three
task scales. In general, as the task scale increases from small
to large, the failure rates of all methods increase, reflecting
the impact of task complexity on scheduling results. In small-
scale tasks, the failure rate of each method is low, among which
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the hierarchical multi-agent method performs best, with only
0.08. In medium-scale tasks, this method still maintains the
lowest failure rate, showing good adaptability and stability.
In large-scale task scenarios, the hierarchical multi-agent still
leads with the lowest failure rate of 0.15, indicating that it
is more robust in complex scenarios. In contrast, the failure
rates of MILP and PSO-DS increase significantly after the
task scale is expanded, reaching 0.20 and 0.18, respectively,
and their performance is relatively poor.

In Figure 8, the changes in the scheduling failure rate in
two typical dynamic scenarios—equipment failure recovery
and emergency order insertion— are simulated to verify the
performance of the hierarchical multi-agent method in dealing
with real-time environmental changes:

In the scheduling failure rate change curve in a dynamic
environment, the performance of different algorithms varies
significantly, reflecting their adaptability to real-time changes
and uncertainties. The hierarchical multi-agent system shows
the lowest scheduling failure rate in both equipment failure
recovery and emergency order insertion scenarios, with small
fluctuations and rapid recovery. In the equipment failure
recovery scenario, its failure rate drops rapidly from 18%
to below 10%, reflecting its efficient global optimization and
local adjustment capabilities. In contrast, MILP has the largest
fluctuation in failure rate and the slowest recovery, rising
to 30% during equipment failure and gradually recovering
to below 20% until step 40, indicating its poor adaptability
to dynamic environments. DMA, DQN, and GNN have
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Figure 8 Scheduling failure rate in dynamic scenarios.

moderate fluctuations in failure rate and slightly faster
recovery, but are limited by local optimization or insufficient
dependency modeling. MADDPG and PSO-DS have a lower
failure rate and faster recovery due to their advantages in
continuous action space and swarm intelligence, but they
are still inferior to the hierarchical multi-agent in regard to
processing complex dependencies.

S.  DISCUSSION

5.1  Performance Advantages
and Architecture Correlation

The complex industrial production scheduling problem has
always been a difficult research topic in both academia
and industry due to its high dimensionality, dynamism,
and multi-objective characteristics. The hierarchical multi-
agent deep reinforcement learning architecture proposed in
this paper significantly outperforms traditional methods and
existing advanced algorithms, such as MILP, DMA, DQN,
and MADDPG, in multiple performance indicators. The
experimental results indicate that the hierarchical multi-agent
method performs well in terms of task completion time,
resource utilization, system delay rate, cost saving rate,
and scheduling failure rate. In large-scale task scenarios
and dynamic environments, its performance advantages are
evident. In the scenarios of equipment failure recovery and
emergency order insertion, the scheduling failure rate of the
hierarchical multi-agent method remains below 10%, while
other methods, such as MILP and DMA, have failure rates as
high as around 30% and 20%, respectively.

Compared with other algorithms, the hierarchical multi-
agent method has several advantages in many respects.
Firstly, the hierarchical structure reduces decision complexity
and improves overall system efficiency by separating the
allocation of a global task from local execution. The high
level adopts DQN for global resource allocation, which
can optimize task priority and resource utilization as a
whole. The use of PPO for fine scheduling at the low
level ensures maximum task execution efficiency within each
section. Secondly, the multi-agent collaboration mechanism
combined with the CTDE framework enables the system to
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efficiently learn collaborative strategies during the training
phase and maintain independent decision-making capabilities
during the execution phase, thereby avoiding communication
bottlenecks in a single-agent architecture. Additionally, GNN
further enhances the system’s ability to capture complex
task dependencies, making it more adaptable in dynamic
environments.

5.2  Shortcomings and Improvement
Directions

However, the hierarchical multi-agent method is not perfect
and still has several shortcomings that need to be addressed.
Firstly, the computational overhead of the training phase is
high, especially when the task scale is increased. Centralized
training may lead to communication bottleneck problems
and affect the scalability of the system. Secondly, the
design of the reward function significantly impacts the
algorithm’s performance. The current selection of weight
coefficients relies mainly on experience or heuristic methods
and lacks an adaptive adjustment mechanism, which may
lead to insufficient flexibility of the algorithm in some
scenarios. In addition, although GNN can effectively capture
the dependencies between tasks, the expressive ability of the
model may be limited when the task dependencies are highly
complex or dynamically changing, thereby affecting the
accuracy of scheduling decisions. Finally, deep reinforcement
learning methods are often regarded as “black box” models,
and their decision-making process is difficult for humans
to understand, which may cause credibility issues in actual
industrial applications.

In view of the aforementioned shortcomings, several rec-
ommendations are made for future research directions. Firstly,
a distributed computing framework or asynchronous update
mechanism can be applied to reduce the computational burden
of the training phase and improve scalability. Secondly, an
adaptive reward function mechanism can be developed to
enable the algorithm to adjust the weight coefficient in real
time according to the dynamic changes of the environment
so as to better balance short-term and long-term goals.
In addition, combined with the graph attention network
(GAT) or other advanced graph modeling technologies,
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the processing ability of complex task dependencies can
be further improved. Finally, combined with explainable
artificial intelligence (XAI) technology, the transparency and
credibility of the algorithm can be enhanced. Alternatively,
leveraging the advancements in Large Language Models
(LLMs) can improve the performance and generalization
capability of production scheduling algorithms so that they
can better meet industrial needs.

6. CONCLUSION

Complex industrial production scheduling poses severe chal-
lenges to traditional scheduling methods due to its high
dimensionality, dynamics, and multi-objective characteris-
tics. This paper proposes a hierarchical multi-agent deep
reinforcement learning architecture, which separates global
task allocation from local execution through a hierarchical
structure, combines the CTDE framework to achieve efficient
multi-agent collaboration, and uses GNN to model task depen-
dencies and design multi-objective reward functions, which
significantly improves scheduling efficiency and adaptability.
Experimental results show that this method outperforms
traditional methods and other advanced algorithms in key
indicators such as task completion time, resource utilization,
system delay rate, cost saving rate, and scheduling failure rate,
especially in large-scale and dynamic scenarios. However, the
training phase incurs high computational overhead, and there
is still room for improvement in terms of reward function
design and task dependency modeling. Future research
could explore distributed computing frameworks, adaptive
reward mechanisms, Large Language Models (LLMs), and
more advanced graph modeling techniques to further improve
algorithm performance and practical application potential.
This study has important theoretical and practical significance
as it provides an intelligent solution for the scheduling of
complex industrial production.
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