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ABSTRACT: To address the critical requirements for collaborative delivery of multiple tasks within each order in
personalized mass customization, this paper develops a dynamic parallel machine scheduling model that accounts for
stochastic machine failures and order priorities, thereby more accurately reflecting the uncertainties and complexities
of real-world production environments. A dual-objective optimization framework is adopted to minimize both the
makespan (maximum task completion time) and the variance of task completion times, aiming to improve the coordi-
nation and reliability of intra-order task delivery. An adaptive weighted reward function is designed to balance overall
scheduling efficiency with consistency among tasks during reinforcement learning training. To tackle the challenges
posed by partially observable Markov decision processes (POMDP) induced by unexpected machine breakdowns,
a Gated Recurrent Unit (GRU)-embedded Proximal Policy Optimization (PPO) intelligent scheduling algorithm is
proposed. The algorithm incorporates an Action Masking mechanism to prevent invalid scheduling actions, while the
GRU module captures historical state sequences to enhance perception of dynamic production environments. Extensive
validation on benchmark datasets, along with comparisons against traditional heuristic algorithms, metaheuristic
algorithms, and other deep reinforcement learning methods, demonstrates that the proposed approach achieves
robust convergence, high resilience, and strong generalization across both static and dynamic scenarios, significantly
improving coordinated delivery performance of order tasks. Overall, the proposed method not only provides an efficient
and scalable real-time decision-making solution for Parallel Machine Scheduling Problems (PMSP) but also offers new
theoretical and practical insights for optimizing complex production scheduling in intelligent manufacturing systems.

KEYWORDS: Parallel machine scheduling problems; dynamic scheduling; gated recurrent unit; proximal policy
optimization; coordinated delivery

1 Introduction
With the rapid development of Industry 4.0 and intelligent manufacturing, manufacturing enterprises

are gradually shifting from traditional mass production toward more flexible Make-to-Order (MTO)
production modes. In MTO environments, production activities must be organized according to customers’
personalized requirements, where different orders often involve heterogeneous process routes, delivery
deadlines, and resource demands. As a critical decision-making process that bridges customer orders
and manufacturing resources, production scheduling directly affects machine utilization, on-time delivery
performance, and overall operational efficiency. In discrete manufacturing systems, multiple tasks from
different orders are typically processed on parallel machines. When a customer order contains multiple
subtasks, the order can only be delivered after all subtasks are completed. Excessive differences in the
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completion times of these subtasks may not only increase work-in-process (WIP) inventory costs, but also
reduce customer satisfaction. For example, in bearing testing scenarios, multiple samples belonging to the
same order must be completed in a coordinated manner to achieve synchronized delivery. These samples
may be processed simultaneously on different testing machines and are constrained by machine availability
and testing sequences. Early completion or delays may increase WIP inventory and management costs [1],
and further create a “bucket effect,” where the completion delay of one task postpones the delivery of the
entire order. Similarly, in wind turbine beam plate manufacturing, different components within the same
order must be completed collaboratively across multiple parallel machines. Such scheduling problems may
increase buffer occupancy and even lead to downstream assembly line stagnation [2]. Therefore, achieving
efficient parallel machine scheduling while ensuring coordinated order delivery is of significant theoretical
importance and practical value.

However, real-world production environments are highly dynamic and uncertain. Random disruptions
such as machine failures, urgent order arrivals, and fluctuations in processing times frequently disturb
the original scheduling plan, making static scheduling strategies difficult to maintain effectively [3,4]. In
addition, collaborative delivery among multiple tasks within the same order requires not only minimizing
the overall completion time but also balancing the completion synchronization among different tasks, which
further extends the scheduling objective from traditional single-objective optimization to a more complex
multi-objective optimization problem. Meanwhile, as the order scale increases, the scheduling decision space
grows exponentially, making it difficult for traditional exact algorithms to obtain high-quality solutions
within a reasonable computational time.

For parallel machine scheduling problems (PMSP), existing scheduling methods still face significant
challenges in dynamic manufacturing environments. Traditional optimization approaches typically rely on
offline solution mechanisms and require frequent rescheduling when random disruptions such as machine
failures occur, resulting in limited real-time responsiveness. Although deep reinforcement learning has grad-
ually been applied to scheduling problems in recent years, it still suffers from several limitations in modeling
collaborative order delivery, capturing historical state information, and handling invalid action constraints.

To address the above issues, this study develops a dynamic parallel machine scheduling model that
aims to minimize both the maximum completion time of orders and the completion time variance among
multiple tasks within the same order. To effectively balance these two objectives, an adaptive weighted reward
function is designed to enable the agent to dynamically learn the trade-off between objectives, thereby
avoiding the computational complexity of solving the Pareto frontier. Furthermore, an improved intelligent
scheduling algorithm integrating temporal feature extraction and action masking is proposed. Specifically, a
Gated Recurrent Unit (GRU) is embedded into the Proximal Policy Optimization (PPO) policy network to
capture temporal dependencies in historical state information. In addition, an action masking mechanism
is introduced to filter physically infeasible actions, effectively reducing the action space and significantly
improving both policy update efficiency and decision feasibility.

The main contributions of this paper are as follows:

(1) A dynamic parallel machine scheduling model was developed by considering machine failures and
order priorities, while incorporating the variance of task completion times within each order into the
optimization objective.

(2) An improved scheduling method integrating GRU and PPO was developed, and an Action-Masking
mechanism was incorporated to enhance decision quality and training efficiency in partially observ-
able environments.
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(3) Test instances with coordinated delivery constraints were reconstructed based on classical benchmark
datasets, and the effectiveness and generalization capability of the proposed method were validated
through multiple comparative experiments.

The remainder of this paper is organized as follows. Section 2 reviews the related literature, including
studies on parallel machine scheduling, deep reinforcement learning-based scheduling, and optimization
under complex constraints. Section 3 presents the parallel machine scheduling model with multi-task collab-
orative delivery constraints. Section 4 describes the proposed GRU-PPO algorithm for the PMSP. Section 5
provides the experimental design, result analysis, and comparative studies. Finally, Section 6 concludes
the paper.

2 Literature Review
For PMSP and its variants, traditional solution paradigms mainly rely on exact algorithms and

metaheuristic methods. Researchers primarily design sophisticated local search mechanisms or multi-
resource constrained models to obtain near-optimal solutions. For example, Hu et al. [5] solved the
unrelated parallel machine scheduling problem based on neighborhood search; Fan et al. [6] introduced
a hybrid Jaya algorithm; Hu et al. [7] and Xie et al. [8] proposed Variable Neighborhood Search (VNS)
and Whale Optimization Algorithm (WOA) frameworks, respectively. With the increasing complexity of
manufacturing scenarios, more studies have begun to incorporate real-world production constraints into
parallel machine scheduling models. Wang and Qi [9] studied an energy-aware parallel machine scheduling
problem considering job deterioration and learning effects, optimizing makespan and energy consumption
using a hybrid evolutionary approach. Subsequently, Lu et al. [10] investigated a two-stage hybrid flow shop
scheduling problem in semiconductor manufacturing with sequence-dependent setup times and repetitive
processing constraints, and proposed a customized variable neighborhood search algorithm combined with
heuristic scheduling rules to improve makespan performance and resource utilization. These studies indicate
that parallel machine scheduling is gradually evolving from traditional efficiency-oriented optimization
toward real-world scenarios driven by complex industrial constraints.

In terms of multi-objective handling, Chen et al. [11] and Fan et al. [12] demonstrated notable effective-
ness using a simulated annealing (SA) algorithm and a grey wolf optimizer (GWO), respectively. In addition,
research on intra-order multi-task coordinated delivery has gradually increased. Qiu et al. [13] proposed
a two-stage flexible assembly scheduling model for centralized delivery, highlighting that asynchronous
task completion can significantly reduce system coordination efficiency, and employed reinforcement
learning to alleviate synchronization waiting issues. Fu and Zhu [14] further incorporated dynamic material
kitting constraints into a flexible assembly scheduling framework and verified the critical impact of kitting
constraints on overall system makespan efficiency. However, the above studies still exhibit clear limitations
when facing dynamic disturbances in real industrial environments. First, the computational cost is relatively
high; when unexpected machine breakdowns occur, requiring rescheduling, these methods struggle to
meet real-time decision-making requirements on the shop floor. Second, under multi-objective conflicts,
traditional algorithms mostly rely on static and fixed weight configurations, lacking adaptability to stochastic
environmental disturbances, which can easily lead to scheduling solutions becoming infeasible during
execution. Third, existing research mainly focuses on assembly systems, while studies considering parallel
machine environments with both stochastic failure disturbances and order-level coordinated delivery
constraints remain relatively scarce.

In recent years, Deep Reinforcement Learning (DRL) has provided a new paradigm for complex
dynamic combinatorial optimization problems by modeling scheduling processes as a Markov Decision
Process (MDP), thereby overcoming the limitations of traditional methods that heavily rely on handcrafted
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rules [15]. Paeng et al. [16] proposed a DRL-based scheduling framework for unrelated parallel machine
scheduling with sequence-dependent family setups, aiming to minimize total tardiness while adapting to
changes in production requirements and due dates. Subsequently, a series of advanced approaches have been
proposed, including frameworks based on Double Deep Q-Networks (DDQN) [17,18], cooperative opti-
mization with memetic algorithms [19], and high-level network architectures incorporating self-attention
mechanisms [20]. Although these studies demonstrate strong real-time performance, existing DRL-based
approaches for dynamic parallel machine scheduling with “coordinated delivery” constraints remain limited.
On the one hand, at the objective modeling level, current DRL scheduling models rarely explicitly incorporate
coordinated delivery requirements. Most studies focus on minimizing makespan [21], total tardiness [16–18],
or energy consumption [2], while rarely considering the use of completion time variance to quantify task
dispersion. As a result, these approaches struggle to ensure synchronized delivery of multi-task orders
at the algorithmic level. On the other hand, in terms of state perception, existing methods often neglect
the partially observable Markov decision process (POMDP). Most existing studies idealize the dynamic
scheduling environment as a fully observable MDP [16], and frequently overlook both physical constraints
in parallel machine scheduling and the problem of action space explosion.

In addition, PPO has been widely applied to dynamic scheduling problems due to its strong train-
ing stability and high sample efficiency [22]. At present, PPO and its variants have been successfully
applied to dynamic rescheduling in job shop environments [23], real-time multi-objective scheduling in
flexible manufacturing systems [24], and other continuous and discrete production scheduling tasks [25],
demonstrating strong adaptability to dynamic environments. However, the standard PPO framework
typically employs a feedforward network and has limited capability in capturing temporal dependencies
under dynamic and partially observable environments. Therefore, incorporating GRU into PPO has the
potential to improve historical state feature extraction and decision-making performance. Nevertheless,
few studies have combined GRU with PPO for parallel machine scheduling problems with coordinated
delivery constraints. Furthermore, machine availability may change over time due to adaptive maintenance
activities and unplanned shutdowns, and certain scheduling or maintenance actions may become infeasible
at specific decision time steps [26]. Existing research has paid limited attention to this issue and lacks effective
mechanisms for handling action constraints. Table 1 presents a comparison between representative studies
and the proposed study.

Table 1: Comparison between representative studies and the proposed study.

Studies Problem
Setting/Method Main Focus Limitations/Gaps

Traditional PMSP
studies [5–8]

PMSP; neighborhood
search, Jaya, VNS, WOA

Makespan, tardiness,
workload balance

Mainly designed for
static/offline scheduling;
limited responsiveness to

stochastic machine failures

Energy-aware and
constraint-based

PMSP
studies [9,10]

Unrelated PMSP and
semiconductor testing;

hybrid evolutionary
algorithm, improved

VNS

Energy, learning effects,
deterioration, and
power constraints

Lack order-level
coordinated delivery and
dynamic failure handling

(Continued)
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Table 1 (continued)

Studies Problem
Setting/Method Main Focus Limitations/Gaps

Multi-objective
PMSP

studies [11,12]

Multi-objective parallel
machine scheduling; SA,

GWO

Makespan, energy
consumption, tardiness,

workload balance

Usually rely on fixed
trade-off strategies;

intra-order task completion
synchronization is rarely

modeled

Coordinated
delivery

studies [13,14]

Flexible assembly
scheduling

Centralized delivery and
synchronization

Mainly focus on assembly
systems rather than PMSP

DRL-based
dynamic

scheduling [16–25]

Dynamic scheduling;
DQN, DDQN, PPO, DRL

Real-time scheduling
and rescheduling

Limited modeling of
intra-order synchronization

and POMDP

Wang et al. [26] Dynamic PMSP; DRL,
action masking

Order–maintenance
scheduling

Limited task; process
synchronization

This study
Dynamic PMSP;

GRU-PPO with action
masking

Coordinated delivery,
failures, task completion

variance, adaptive
reward

Integrates machine failures,
task completion variance,

GRU-PPO, and action
masking

As summarized in Table 1, previous studies have made important contributions to PMSP optimization,
coordinated delivery, and DRL-based dynamic scheduling. However, few studies have simultaneously
considered stochastic machine failures, order-level coordinated delivery, partially observable system states,
and dynamically infeasible actions. In particular, intra-order task completion variance has rarely been used
to quantify coordinated delivery performance in dynamic PMSP. To address these gaps, this study develops
a dynamic PMSP model considering machine failures, order priorities, and task completion variance.
Furthermore, a GRU-embedded PPO algorithm with action masking is proposed to enhance historical state
perception and improve scheduling feasibility.

3 Parallel Machine Scheduling Model for Multi-Task Coordination within Orders

3.1 Problem Description
This study focuses on the PMSP with order-level batch delivery constraints [27]. This problem generally

involves n orders I = {O1 , O2, ⋅ ⋅ ⋅ , On}, each of which consists of mi independent order tasks, as shown
in Fig. 1, and the set of these tasks is denoted by Ji = {Ji1 , Ji2, . . . , Jimi}. The production shop contains
k available parallel machines, which constitute the machine set M = {M1 , M2, ⋅ ⋅ ⋅ , Mk}. In the parallel
machine scheduling process, all order tasks are treated as single-operation jobs. The machines are selectable,
and each order task Ji j can be processed on any machine within the subset Mi j ⊆ M consisting of multiple
eligible machines. Due to the heterogeneity of parallel machines, the processing time of the same task may
vary across different machines. Therefore, during scheduling, it is necessary not only to determine the
processing sequence of order tasks, but also to select an appropriate machine for each order task so as to
achieve the coordinated delivery of multiple tasks within an order.
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Figure 1: Dynamic parallel machine scheduling problem model.

The following basic assumptions are made:

(1) At time zero, all order tasks are available for processing, and all machines are available for operation.
(2) Each machine can process only one order task at a time.
(3) Once a task has started, it cannot be interrupted midway.
(4) All operators are assumed to have the same level of proficiency.

3.2 Mathematical Formulation of the Parallel Machine Scheduling Model
As shown in Table 2, the list of variables provides the definition of each variable used in the equations.
In practical make-to-order production environments, an order i usually consists of multiple inde-

pendent order tasks {Ji1 , Ji2, . . . , Jimi}. Owing to the physical attribute of coordinated delivery, the final
delivery time of an order depends on the latest completion time among all its subtasks. The excessively
early completion of certain tasks within the same order leads to the accumulation of work-in-process
inventory, whereas delays in some tasks postpone the delivery of the entire order. Therefore, in addition to the
conventional objective of minimizing the maximum completion time, as shown in Eq. (2), this model places
particular emphasis on mathematically quantifying “multi-task coordination within an order.” Specifically,
the variance of task completion times within an order is introduced as the second optimization objective, as
shown in Eq. (3). By minimizing the dispersion of the completion times of individual tasks within the same
order relative to the average completion time AVGi of that order, the agent is encouraged to schedule tasks
belonging to the same order in a temporally clustered manner, thereby ensuring the coordinated delivery of
multiple tasks within the order at the modeling level.

Cmax =max
j∈J i
{Ei j} ∀i ∈ I, j ∈ Ji (1)

f1 =min Cmax (2)

f2 =min∑
i∈I

⎛
⎝

1
mi
∑
j∈J i

(Ei j − AVGi)
2⎞
⎠

(3)

The average completion time of order Oi is defined as

AVGi =
1

mi
∑
j∈J i

Ei j , ∀i ∈ I (4)
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Table 2: Meaning of the notation.

Notation Meaning
I = {O1 , O2, ⋅ ⋅ ⋅ , Oi} Set of orders, indexed by i ∈ {1, 2, . . . , n}

Ji j Set of tasks belonging to order Oi j, indexed by j ∈ {1, 2, . . . , mi}
J Global set of all order tasks

M = {M1 , M2, ⋅ ⋅ ⋅ , Mk} Set of all machines, indexed by l ∈ {1, 2, . . . , k}
Mi j ⊆ M Set of eligible machines for task Ji j

Pi j l Processing time of task Ji j on machine l

Di
Order type indicator: Di = 2 if Oi is a priority order, Di = 1 if Oi is an urgent

order, and Di = 0 if Oi is a regular order.
mi Number of tasks in order Oi
xi jl Binary decision variable indicating whether task Ji j is processed on machine Ml

yi j , i′ j′ l
Binary decision variable indicating whether task Ji j is processed before task Ji′ j′

on machine Ml
Si j Start time of task Ji j
Ei j Completion time of task Ji j

Cmax Maximum completion time among all tasks in order i
AVGi Average completion time of order i

The constraints are formulated as follows:
s.t.

Si j ≥ 0, Pi jl ≥ 0 ∀i ∈ I, j ∈ Ji , l ∈ M (5)
∑

l∈Mi j

xi j l = 1 ∀i ∈ I, j ∈ Ji (6)

Ei j ≤ Cmax ∀i ∈ I, j ∈ Ji (7)
Ei j ≤ Si′ j′ +H (3 − xi jl − xi′ j′ l − yi j , i′ j′ l) ∀l ∈ M , i , i′ ∈ I, j ∈ Ji , j′ ∈ Ji′ (8)
Ei′ j′ ≤ Si′ j′ +H (2 − xi jl − xi′ j′ l + yi j , i′ j′ l) ∀l ∈ M , i , i′ ∈ I, j ∈ Ji , j′ ∈ Ji′ (9)
Ei j ≤ Si′ j′ +H (2 − xi jl − xi′ j′ l) ∀l ∈ M , i , i′ ∈ I, j ∈ Ji , j′ ∈ Ji′ , Di > Di′ (10)
Ei j = Si j + ∑

l∈M
Pi jl ⋅ xi jl ∀i ∈ I, j ∈ Ji (11)

Specifically, Eq. (5) indicates that the start time and processing time of all operations are non-
negative; Eq. (6) ensures that each task can be assigned to only one machine; Eq. (7) states that the completion
time of every task does not exceed the maximum completion time; Eqs. (8) and (9) ensures that any two
tasks assigned to the same machine cannot be processed simultaneously. The binary variable y determines
the processing order between two tasks on the same machine; Eq. (10) indicates that, for all priority tasks Ji j
and regular tasks Ji′ j′ , if both tasks are assigned to machine Ml (i.e., xi jl = xi′ j′ l = 1), the priority task must
be processed before the regular task; and Eq. (11) represents the task completion time constraint, where the
completion time is determined by the start time and the processing time.
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4 GRU-PPO-Based Dynamic Scheduling Algorithm for Parallel Machines

4.1 Framework of the GRU-PPO Algorithm
The scheduling agent interacts with the state environment through the GRU-PPO algorithm, and its

overall framework is shown in Fig. 2. The environmental state sequence st is fed into the GRU network as
input to capture the temporal dependencies in the scheduling process. The hidden state s

′

t output by the GRU
is then passed to the policy network and mapped into the logits of all candidate actions. On this basis, the
Action Masking mechanism sets the logits corresponding to currently infeasible actions to negative infinity,
after which the Softmax function is applied to normalize them into the probability distribution over feasible
actions. The agent samples and selects an action according to this probability distribution. After execution,
the environment transitions to the next state and returns an immediate reward, while the experience tuple
(st , at , rt , st+1) is stored in the experience replay buffer. During training, a batch of experiences is randomly
sampled from the buffer at fixed intervals, and the advantage function is computed using Generalized
Advantage Estimation (GAE). The loss functions of the policy network and the value network are then
constructed based on the clipped objective of PPO, and the network parameters are updated through gradient
descent. After each update, the parameters of the old policy network are synchronized with those of the
current policy network for the next round of interaction.

Figure 2: Framework of the GRU-PPO algorithm model.

GRU is used to encode historical state sequences and enhance policy learning under partial observabil-
ity. Its core equations are as follows:

rt = σ (Wr [ht−1 , xt] + br) (12)
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h̃t = tanh (W [rt ∗ ht−1 , xt]) (13)
zt = σ (Wz [ht−1 , xt]) (14)
ht = (1 − zt) ∗ ht−1 + zt ∗ h̃t (15)

During the training phase, GRU-PPO follows the core training framework of PPO:
The advantage function is estimated using GAE. The calculation formula is given as follows:

AG AE
t (st , a) =

∞

∑
b=0
(γλ)b δv

t+b (16)

δv
t = rt + rVθ (st+1) − Vθ (st) (17)

The clipped objective function used in PPO is given in its basic form in Eq. (18):

LCLIP (θ) = Êt [min (rt (θ)At , cl ip (rt (θ) , 1 − ε, 1 + ε)At)] (18)

For the value network, the Temporal Difference (TD) error is adopted as the value loss function, as
shown in Eq. (19).

δv
t = rt + rVθ (st+1) − Vθ (st) (19)

In this study, an action is defined as a composite dispatching rule rather than a direct job-machine
assignment. Specifically, the action space is composed of job-selection rules and machine-selection rules.
At each decision point, the agent selects one composite rule, which is then used to choose a candidate
order task and a feasible machine. However, under dynamic disturbances such as machine failures or
machine occupancy, some composite actions may become infeasible. To handle this issue, an action masking
mechanism is applied at the output of the policy network. A binary mask is generated according to the current
system state, and the logits of infeasible actions are set to negative infinity before Softmax normalization. In
this way, the agent explores only feasible composite actions, thereby satisfying physical constraints, reducing
invalid exploration, and improving training efficiency and convergence stability.

4.2 State Space Design
In deep reinforcement learning, the design of the state space is of critical importance, because, as the

basis for the agent’s decision-making, it can directly affect both efficiency and generalization capability. In
the dynamic parallel machine scheduling problem, the state space is designed as a three-level representation
S = [Sa , Sb , Sc].

Here, Sa = [Sa ,1 , Sa ,2 , Sa ,3 , Sa ,4] denotes the state space associated with order-related features. Sa ,1
represents the slack time of the current order, as defined in Eq. (20), where di denotes the due date of order
i, t denotes the current decision time, and pav g i denotes the average processing time of the tasks in that order
up to the current time. Sa ,2 denotes the order-type identifier for each order. In defining the order-type labels,
the order-priority principle is taken into consideration, and three priority tiers are established. The first tier
corresponds to inherently priority orders, whose priority is independent of time; these are predefined high-
priority orders and are labeled as 2. The second tier corresponds to urgent orders, which are granted priority
because of time urgency and are labeled as 1; the triggering condition is that the slack time is smaller than a
preset threshold T (T = 2). The third tier corresponds to regular orders, which are neither inherently priority
orders nor urgent orders and can therefore be processed in the normal sequence; these are labeled as 0. Sa ,3
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denotes the start time of the current order-task operation, recorded from the release time of the order task.
If its value is 0, it indicates that the order task has not yet begun processing on any machine. Sa ,4 denotes the
completion time of the order-task operation. If its value is 0, it indicates that the order task has not yet begun
processing on any machine.

TS = di − t − pav g i (20)

Sb = [Sb ,1 , Sb ,2 , Sb ,3 , Sb ,4] denotes the state space associated with machine-related features. Specifically,
Sb ,1 represents the status of each machine: a value of 1 indicates that the machine is in operation, a value of
0 indicates that the machine is idle, and a value of 2 indicates that the machine has failed. Sb ,2 denotes the
cumulative operating time of the machine up to the current moment. Sb ,3 denotes the type of task being
processed on the machine. Sb ,4 denotes the utilization rate of each machine prior to the current time, as
defined in Eq. (21), where Tac t represents the actual processing time of each machine and Tav l represents
the cumulative available processing time of each machine up to the current moment. In addition, according
to the bathtub-curve law governing machine failure rates, this study focuses on the random failure period
during stable equipment operation, with the average machine failure rate set to 0.03. The failure duration is
determined immediately after the occurrence of the failure, and the possible failure time in the experiments
is set from 1 to 45.

MUr =
Tac t

Tav l
(21)

Sc = [Sc ,1 , Sc ,2 , Sc ,3] denotes the global state space. Specifically, Sc ,1 represents the priority-order load.
When the proportion of inherently priority orders among all orders approaches 1, the agent only needs to
optimize scheduling within the priority orders; when this value is low, the number of inherently priority tasks
is relatively small, and the agent can adopt a strategy that places greater emphasis on efficiency. Sc ,2 denotes
the average cumulative working time of all machines, which is used to balance the machine load allocation
strategy. Sc ,3 denotes the total tardiness of all completed orders, as shown in Eq. (22).

Ttotal l a =
I
∑
i=1
(di − t) (22)

4.3 Action Space and Masking Mechanism Design
The action space consists of four job-selection rules and four machine-selection rules, yielding 16

composite actions. The agent outputs rule combinations instead of explicit job-machine indices. However,
in dynamic scheduling environments, due to machine failures, machine availability fluctuations, and
task processability constraints, certain rule combinations may correspond to infeasible actions at specific
decision-making time steps. If an agent performs unrestricted exploration within an action space that
includes invalid actions, it not only reduces the efficiency of policy learning but may also generate infeasible
scheduling solutions. Therefore, an action masking mechanism is introduced, which dynamically generates
a binary mask at each decision step to proactively filter out illegal actions, thereby restricting the agent’s
exploration strictly within the feasible action space and improving both decision efficiency and the feasibility
of scheduling solutions. An action masking mechanism is applied at each decision step, and the action space
is illustrated in Fig. 3. The action space designed in this study is as follows:

In the job-selection action space, four commonly used job-selection rules are adopted:

(1) EDD: Select the order task with the earliest due date among the current orders.
(2) SPT: Select the order task with the shortest current processing time.



Comput Mater Contin. 2026;88(3):33 11

(3) LPT: Select the order task with the longest current processing time.
(4) SLACK: Select the order task with the minimum slack time.

In the machine-selection action space, four commonly used rules are adopted:
(1) LUR: Select the machine with the lowest current utilization rate.
(2) LB: Select the machine with the lightest current workload.
(3) ECT: Select the machine that yields the earliest completion time for the order task.
(4) WINQ: Select the machine with the shortest workload in the subsequent queue.

Figure 3: Rules in the action space.

4.4 Reward Function Design
In this study, our objective is for the agent to select an appropriate action in each state so as to minimize

the maximum completion time and the completion-time variance. The original objectives are transformed
into dimensionless normalized values to eliminate the influence of differences in scale among objectives
on subsequent calculations, and the Tanh function is employed to constrain the normalized data. The two
objective values are normalized as follows:

At the t − th decision step, the maximum completion time and the completion-time variance are
normalized, respectively, and the general formula is given in Eq. (23).

f̂ (t)
i =

f (t)
i − u(t)

i

σ(t)
i + ω

(23)

where u(t)
i denotes the online mean of objective fi at time step t, σ(t)

i denotes the online standard deviation
of objective fi at time step t, and ω is a small positive constant introduced to prevent the denominator from
being zero.

The mean and standard deviation are dynamically updated using the exponentially weighted moving
average method so as to continuously reflect the changing trend of the latest data, where χ ∈ [0.01, 0.1] is
used to adjust the influence weight of new data relative to the original data, as shown in Eqs. (24) and (25).

u(t)
i = (1 − χ)u(t−1)

i + χ f (t)
i (24)

σ(t)2

i = (1 − χ) σ(t−1)2

i + χ ( f (t)
i − u(t)

i )
2

(25)

To prevent the model from being overly sensitive to the numerical range and to avoid an excessively large
range of objective fluctuations, we employ the Tanh function to constrain the normalized values, ensuring
that the values fall within [−1, 1]. Its functional expression is given in Eq. (26):
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f̂ (t)′
i = tanh(γ ⋅ f̂ (t)

i ) (26)

Weights are designed based on task urgency considerations to adjust the reward bias, as shown
in Eqs. (27) and (28).

ψ(t) = p(t) ⋅ α, κ(t) = (1 − p(t)) ⋅ β (27)

r(t) = −(ψ(t) ⋅ f̂ (t)′
1 + κ(t) ⋅ f̂ (t)′

2 ) (28)

Here, α, β is the base weighting coefficient, which ensures that the two optimization objectives have
equal importance in the initial state. Since the dimensional differences between the objectives have been
eliminated through normalization in the previous section, its value is set to 1 in this study. The dynamic
weight adjustment mechanism is defined in Eq. (27), where the weight coefficient is determined by the order
urgency p(t), with p ∈ [0, 1] as a constant parameter. It is dynamically computed based on the remaining
delivery time and the remaining processing time of the current order. When the order urgency is high,
the weight of the makespan objective is increased to prioritize delivery efficiency; when the order urgency
is low, the weight of the completion time variance objective is increased to enhance task synchronization
and coordinated delivery performance. The dynamically weighted reward function is given in Eq. (28). It
should be noted that this adaptive reward mechanism is consistently applied across all static experiments
and dynamic disturbance experiments in this study.

The pseudocode of the GRU-PPO algorithm is presented below (Algorithm 1):

Algorithm 1: GRU-PPO training algorithm
1: Input: training steps E_t, PPO update steps E_s, batch size B, actor network π_θ, old actor network

π_θ_old, critic network v_ϕ, clipping parameter ε, discount factor γ, GAE parameter λ
2: Initialization: Initialize θ and ϕ; θ_old← θ; Experience Buffer ← ∅
3: for e = 1, . . ., E_t do
4: Sample B PMSP instances from a dynamic distribution;
5: for b = 1, . . ., B do
6: Initialize state s_{b,0}; set done← False
7: for t = 1, 2, . . ., do
8: h_{b,t} ← GRU(π_θ_old,s_{b,t});
9: logits← FullyConnectedLayer(h_{b,t});
10: action_mask ← GenerateActionMask(s_{b,t});
11: masked_logits← logits + (action_mask − 1) × 1e9;
12: Sample a_{b,t} from Softmax(masked_logits);
13: Execute a_{b,t}; observe r_{b,t}, s_{b,t + 1};
14: Store (s_{b,t}, a_{b,t}, r_{b,t}, s_{b,t + 1}, done)
15: if s_{b,t} is terminal then
16: done← True;
17: break;
18: end if
19: end for

(Continued)
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Algorithm 1 (continued)
20: end for
21: Extract (S, A, R, S’, Done) from ExperienceBuffer;
22: V ← v_ϕ(S); V

′ ← v_ϕ(S
′

); V
′

[Done]← 0;
23: δ ← R + γ × V

′ − V;
24: Â ← ComputeGAE(δ, γ, λ); R_target← Â + V;
25: for p = 1, . . ., E_s do
26: p_θ ← π_θ(A∣S); p_old = π_{θ_old}(A∣S);
27: r_θ ← p_θ/(p_old + 1e−8);
28: L_CLIP(θ)← E[min(r_θ × Â,clip(r_θ, 1 − ε, 1 + ε)Â)];
29: L_Hˆ(θ) ← E[Entropy(Softmax(masked_logits))];
30: L(θ)← −c_pL_CLIP(θ) − c_HL_H(θ);
31: L_MSE(ϕ)← E[MSE(V, R_target)];
32: Update θ using L(θ); update ϕ using L_MSE(ϕ);
33: end for
34: θ_old← θ;
35: Clear ExperienceBuffer;
36: end for
37: Output: trained actor parameter θ;

5 Experiments and Analysis

5.1 Experimental Setup
Traditional studies on exact algorithms have mostly been limited to small-scale instances to within

6 × 30 [28], leaving large-scale scenarios insufficiently explored. To evaluate the proposed method, this
study uses the classical Hurink and Brandimarte benchmark datasets. Although originally developed for the
flexible job shop scheduling problem (FJSP), these datasets are converted into dynamic parallel machine
scheduling instances by aggregating all operations of each job into a single total processing time. If a machine
cannot process any original operation, the corresponding processing time is set to infinity. In scheduling
studies where standard datasets with specific complex constraints are unavailable, cross-domain mapping
and reconstruction of classical benchmark datasets have been widely adopted as an effective strategy in many
frontier studies. For example, in the field of distributed flexible job shop scheduling, representative studies
such as Wang et al. [26] and Gao et al. [29] transformed the classical FJSP benchmark datasets proposed by
Hurink et al. into macro-level parallel-machine system scheduling instances through cross-domain mapping.
The single-operation aggregation mapping adopted in this study follows this scientific paradigm.

Experiments are conducted under both static and dynamic settings. In the static setting, the model is
first trained on the Hurink dataset. In the dynamic setting, random machine failures are introduced with a
failure rate of 0.03 and a duration uniformly sampled from 1 to 45. To further evaluate the applicability of the
proposed method, combined Hurink and Brandimarte instances are used for mixed training. All experiments
are implemented on a computer running the 64-bit Windows 10 operating system, equipped with an Intel(R)
Core(TM) i5-13400 processor at 2.50 GHz. The programming environment was based on Python 3.8, and
PyTorch 2.1 was adopted as the deep learning framework.

To further evaluate the robustness of the proposed GRU-PPO algorithm, a sensitivity analysis was
conducted on several key hyperparameters, including the learning rate, discount factor, GAE parameter,
clipping factor, GRU hidden layers, and batch size. As shown in Fig. 4, different hyperparameter settings
lead to different convergence behaviors and final objective values. The results indicate that the proposed
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algorithm is relatively stable under appropriate parameter ranges, while unsuitable settings may lead to
slower convergence or larger fluctuations.

Figure 4: Sensitivity analysis of key hyperparameters.

The hyperparameter settings of the GRU-PPO algorithm are shown in Table 3:

Table 3: Some hyperparameters of the algorithm.

Parameters Value
Actor-network learning rate 0.004
Critic-network learning rate 0.004

Discount factor 0.99
GAE Parameter λ 0.95

Clipping factor 0.2
GRU hidden layers 128

Batch size 64
Entropy weight 0.01

Value function weight 0.5

To validate the effectiveness of the proposed dual-objective scheduling framework, comparative experi-
ments were conducted using both makespan and completion time variance as evaluation metrics. Regarding
the selection of baseline algorithms, this study refers to recent advances in dynamic scheduling research.
Existing studies have shown that DQN and its variants are widely applied to dynamic job shop scheduling
problems; for example, DDQN has been used to address machine disruptions in dynamic flexible job
shops [30]. Meanwhile, PPO, due to its strong training stability and policy optimization capability, has also
been widely applied in recent years to dynamic scheduling research [31].
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Based on this, DQN, DDQN, and PPO are selected as deep reinforcement learning baseline algorithms,
representing the classical value-based method, the improved value-based method, and the mainstream policy
gradient method, respectively. These methods make decisions based solely on the current state information
and are suitable for standard MDP settings. In contrast, the proposed GRU-PPO incorporates historical state
awareness to mitigate the POMDP issues caused by dynamic disturbances such as stochastic machine failures.
This design enables the model to capture temporal dependencies in the environment, thereby validating the
effectiveness of the historical information modeling mechanism in dynamic scheduling scenarios.

In addition, to comprehensively evaluate the performance of the proposed algorithm, two categories of
traditional methods are selected as baselines. The first category consists of metaheuristic algorithms, includ-
ing the Genetic Algorithm (GA) and Particle Swarm Optimization (PSO), which represent optimization
methods with strong global search capability. The second category consists of heuristic rule-based methods,
such as the Longest Processing Time (LPT) rule, which can rapidly generate feasible scheduling solutions
and is closely aligned with the objective of minimizing makespan considered in this study.

5.2 Experimental Results
5.2.1 Validation of the Effectiveness of Action Space Rules

The action space in this study consists of 16 rules. To verify whether the proposed composite rules
can effectively reduce the maximum completion time, training was conducted on MK01(10, 6) from the
Brandimarte dataset. A comparison was made between training with only a single rule selected and training
with random selection from the 16 rules. The results are presented by the boxplot in Fig. 5, where the
horizontal axis represents the 16 individual rules and the random rule, and Cmax denotes the maximum
completion time.

Figure 5: Boxplot of the distribution of maximum completion times under different rules.

As can be seen from the above figure, each rule affects the overall training results. Among the
16 predefined rules, Rule 7 (SPT + ECT) yields the smallest maximum completion time, with both its mean
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and median significantly lower than those of the other 15 individual rules. In contrast, Rule 12 (LPT+WINQ)
exhibits the largest mean and the greatest fluctuation among the 16 rules. Compared with Rule 7, when all
rules are freely selectable, the resulting maximum completion time is the smallest among all rules, and the
values of the maximum completion time are more concentrated. This random rule selection is therefore more
beneficial to agent training. In addition, this study further recorded the selection frequency of each rule at
the 100th, 300th, and 500th training episodes, respectively, and presented the results in percentage form, as
shown in Fig. 6.

Figure 6: Selection frequency of different rules.

As shown in the figure, with the increase in the number of training episodes, the selection frequencies of
Rule 3, Rule 6, and Rule 7 all increase significantly, indicating that these three rules are more suitable for the
agent to accomplish the scheduling process. By the end of the 500th training episode, the combined selection
probability of these three rules exceeds one-third, and Rule 7 is selected more frequently, suggesting that
Rule 7 is particularly critical to the agent’s scheduling performance.

5.2.2 Effectiveness of the Action Masking Mechanism
To verify the effectiveness of Action Masking during the training process, this study designed two

comparative experiments using the MK02 dataset for training. Specifically, the GRU-PPO algorithm with
the Action Masking mechanism and the GRU-PPO algorithm without the Action Masking mechanism were
each trained for 500 episodes, and the average reward during the training process was recorded, as shown
in Fig. 7.

Action Masking improves both convergence speed and final reward stability by restricting exploration
to feasible actions.
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Figure 7: Comparison of rewards with and without the action masking mechanism.

5.2.3 Optimality Verification on Small-Scale Instances
For small-scale instances, an exact mixed-integer linear programming (MILP) model was solved using

Gurobi to evaluate the optimality gap of the proposed method. Due to the NP-hard nature of the PMSP
with collaborative delivery constraints, exact optimization becomes computationally intractable for large-
scale instances. Therefore, optimality validation was conducted only on small-scale benchmark instances.
The proposed GRU-PPO method was compared with the optimal solutions obtained by Gurobi within a
predefined time limit. The results are shown in Table 4. The optimality gap is calculated as follows:

Gap (%) =
(FDRL − Fo pt)

Fo pt
× 100% (29)

where FDRL denotes the objective value obtained by the proposed method and Fo pt represents the optimal
objective value obtained by the MILP solver.

Table 4: Test results of small-scale instances.

Size Optimal GRU-PPO Gap (%) MILP Time (s) GRU-PPO Time (s)
5 × 2 128 130 1.56 0.18 0.03
6 × 2 146 149 2.05 0.41 0.04
6 × 3 173 177 2.31 0.86 0.05
8 × 3 214 220 2.80 2.47 0.07
10 × 3 267 275 3.00 6.93 0.10
12 × 4 386 398 3.11 15.27 0.16

As shown in Table 4, the average optimality gap is 2.47%, and the maximum gap is only 3.11%, indicating
that the proposed GRU-PPO can obtain near-optimal solutions while maintaining significantly higher
computational efficiency than exact optimization methods.



18 Comput Mater Contin. 2026;88(3):33

5.2.4 Experimental Results under the Static Environment
Under the static environment, machine failures are not considered in this study. The la-series datasets

from the edata, rdata, and vdata subsets of the Hurink benchmark are selected as the training data. To present
the experimental results in a clear and concise manner, 8 representative datasets are selected from the original
120 datasets. These datasets cover different task scales, numbers of machines, and constraint conditions, and
can therefore reflect the requirements of practical scenarios in a relatively comprehensive manner. The GRU-
PPO algorithm is compared with heuristic rules (LPT), classical metaheuristic algorithms (GA and PSO),
and the deep reinforcement learning algorithm (DQN, DDQN, and PPO). The results are shown in Table 5.
In Table 5, column Cmax denotes the maximum completion time obtained by a given algorithm or rule, and
Imp denotes the gap between the Cmax value obtained by this algorithm and those obtained by the other
algorithms, as defined in Eq. (30). A positive result indicates that the algorithm reduces the makespan.

Imp (a) = (makespan_a −makespan_b)
makespan

× 100% (30)

Table 5: Test results on the Hurink dataset.

Name Size LPT GA PSO DQN DDQN PPO GRU-PPO

Cmax Imp Cmax Imp Cmax Imp Cmax Imp Cmax Imp Cmax Imp Cmax Imp
La05 10 × 8 657 19.2% 531 — 573 7.4% 551 3.6% 534 2.25% 602 13.4% 583 8.9%
La10 15 × 8 1082 18.4% 1126 21.6% 1047 15.7% 1013 12.8% 924 4.6% 931 5.4% 883 —
La14 20 × 5 1324 14.9% 1316 14.4% 1279 11.9% 1252 10.0% 1242 10.2% 1210 7.4% 1127 —
La16 10 × 10 1087 12.9% 1052 10.0% 1059 10.6% 947 — 964 1.8% 1105 16.7% 1042 9.1%
La21 15 × 10 1268 8.4% 1225 5.1% 1263 8.0% 1162 — 1238 6.5% 1271 9.3% 1218 4.6%
La30 20 × 10 1427 8.5% 1363 4.3% 1344 2.9% 1352 3.5% 1330 1.9% 1402 7.4% 1305 —
La35 30 × 10 1983 7.4% 1964 6.5% 1944 5.6% 1874 2.1% 2002 9.0% 2045 11.4% 1836 —
La40 15 × 15 1459 13.6% 1380 8.7% 1427 11.7% 1365 7.7% 1314 4.3% 1421 12.7% 1260 —

As can be seen from Table 5, among the above algorithms, the GRU-PPO algorithm achieves the best
overall performance on most instances. However, different algorithms may be paired with different models
and decision conditions during training. To further verify the performance of the algorithm at different
scales, we classify the La datasets in Hurink according to a × b: if a × b ≤ 100, the dataset is categorized as a
small-scale dataset; if 100 < a × b ≤ 200, it is categorized as a medium-scale dataset; and if a × b > 200, it is
categorized as a large-scale dataset. According to this classification criterion, the dataset partition is shown
in Table 6:

Table 6: Classification of the La datasets.

Category Dataset
Small size la01, la02, la03, la04, la05, la06, la07, la08, la09, la10

Medium size la11, la12, la13, la14, la15, la16, la17, la18, la19, la20, la21, la22, la23, la24, la25
Large size la26, la27, la28, la29, la30, la31, la32, la33, la34, la35, la36, la37, la38, la39, la40

To comprehensively evaluate the performance of the proposed GRU-PPO algorithm in parallel machine
scheduling, one dataset was selected from each of the small-, medium-, and large-scale categories listed
in Table 6 and compared with three representative types of algorithms: heuristic scheduling algorithms
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(LPT), classical metaheuristic algorithms (GA and PSO), and a deep reinforcement learning algorithm
(DQN, DDQN, PPO).

The problem addressed in this study is a bi-objective dynamic parallel machine scheduling problem.
However, to maintain consistency with the training mechanism of reinforcement learning methods, the
bi-objective problem is transformed into a single-objective optimization model through a weighted-sum
approach. This method is commonly adopted in existing reinforcement learning training models and can
effectively improve the stability and reliability of model training [32]. All algorithms were trained for
500 episodes on each dataset, and the results are presented as boxplots in Fig. 8. GRU-PPO shows a smaller
makespan distribution and better stability than the competing methods across different dataset scales.

Figure 8: Comparison of boxplots for different algorithms.

As shown in Fig. 9, to validate the effectiveness of the proposed GRU architecture in a POMDP
environment, this study compares the performance of the PPO and GRU-PPO algorithms on the Vdata01,
Vdata26, and Vdata32 datasets. The average reward curves obtained by training both algorithms for 500
episodes on each dataset are presented. It can be observed from the figure that the GRU-PPO algorithm
exhibits good convergence and stability across the training process on all three datasets, and its average
reward is higher than that of the PPO algorithm.

Figure 9: Performance comparison between PPO and GRU-PPO.

As shown in Fig. 10, the GRU-PPO algorithm was trained and compared with the DQN and DDPG
algorithms on the Vdata01, Vdata26, and Vdata32 datasets, respectively, in order to evaluate the performance
of the three algorithms. Across all datasets, the GRU-PPO algorithm exhibited superior convergence and
stability compared with the other algorithms, and this advantage became even more pronounced as the
complexity of the datasets increased. These results indicate that, relative to other reinforcement learning
algorithms, the GRU-PPO algorithm possesses stronger stability and better overall performance.
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Figure 10: Reward comparison among different algorithms.

5.2.5 Experimental Results under the Dynamic Environment
In real-world scheduling, many unexpected events may occur, such as machine failures and rush order

insertions. Once such events arise, they may increase processing time or alter the original scheduling plan.
The GRU-PPO algorithm with the masking mechanism proposed in this study has demonstrated high
reliability in static-environment experiments. Therefore, under the combined dataset, the datasets were
processed according to practical production conditions by introducing machine failures with a probability of
0.03 and a failure duration following a uniform distribution from 1 to 45, so as to obtain rescheduling results.
Subsequently, sub-datasets were selected from the Hurink and Brandimarte datasets for experimentation.
In selecting these sub-datasets, we classified them according to the number of machines and the job scale
in order to evaluate the effectiveness of the model in ensuring the variance of job completion times during
scheduling. In each sub-dataset, four jobs were selected as one complete task set, with the objective of
minimizing the variance of job completion times within each set. As shown in Table 7, the results of
different algorithms with respect to the completion-time variance of job sets under datasets of different scales
are presented.

Table 7: Results of the completion-time variance for job sets.

Size of Datasets Name LPT GA PSO DQN DDQN PPO GRU-PPO

Machine number is 5

La01(vdata) 1.1 0.8 1.1 0.8 1.0 1.0 0.9
La05(vdata) 1.0 0.9 1.0 1.0 1.0 1.1 0.7
La08(vdata) 1.0 0.9 0.8 0.9 0.9 1.0 0.6
La13(vdata) 1.0 0.8 0.9 1.0 0.7 0.8 0.5

MK07 1.1 1.0 0.8 1.1 0.6 1.1 0.5
MK11 1.0 1.1 1.0 0.7 0.8 1.0 0.5

Machine number is 10

La16(vdata) 1.2 1.0 0.8 0.9 0.8 1.1 0.8
La21(vdata) 1.0 0.9 1.0 0.8 0.9 1.2 0.7

MK08 1.1 0.8 0.9 0.8 0.8 1.1 0.6
MK09 0.9 1.0 1.2 1.1 1.0 0.8 0.6

La13(vdata) 1.0 0.8 0.9 1.0 0.9 1.2 0.8

As can be seen from Table 7, the GRU-PPO algorithm yields smaller completion-time variance across
datasets of different scales than algorithms such as LPT, GA, PSO, and DQN. LPT, GA, and PSO exhibit
relatively high variance in job completion times, which is particularly evident when multiple machines are
available for selection. DQN, DDQN, and PPO show competitive performance in some instances, but overall
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GRU-PPO exhibits better stability across datasets. The GRU-PPO algorithm demonstrates good consistency
and stability in optimizing both the maximum completion time and the variance of job completion times.

Subsequently, the trained GRU-PPO algorithm was applied to the 07a and 12a subsets of the Dauzere
dataset, and the corresponding Gantt charts are shown in Fig. 11.

Figure 11: Gantt charts of the scheduling results.

The experimental results show that the jobs assigned to the machines are relatively compact, which
can effectively improve machine utilization and reduce idle time, while the completion times of jobs
within the same batch remain relatively synchronized. Moreover, under disturbances such as machine
failures, the GRU-PPO optimization algorithm is able to satisfy the job shop requirements of minimizing
both the maximum completion time and the variance of job completion times. The practical valida-
tion further demonstrates the effectiveness and superiority of the decision-making method proposed in
this paper.

6 Conclusion
This paper addresses the parallel machine scheduling problem in job shop environments. Subject to

constraints such as order priority, it takes the coordinated delivery of multiple tasks within an order as the
central objective, and adopts the joint optimization goals of minimizing the maximum completion time of
orders and minimizing the variance of completion times among multiple tasks, while considering random
machine failure disturbances. On this basis, a parallel machine scheduling optimization model considering
multi-task coordination within orders is constructed, and an improved GRU-PPO hybrid intelligent algo-
rithm integrating temporal feature extraction and Action Masking is developed. This algorithm significantly
enhances the model’s temporal perception capability in partially observable environments and, by effectively
reducing the action space, substantially improves both the efficiency of policy updates and the physical
feasibility of decisions.

The experimental results demonstrate that, based on extensive tests conducted on the Hurink, Brandi-
marte, and Dauzere benchmark datasets, the proposed algorithm not only achieves competitive makespan
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and lower completion-time variance in most test scenarios, but also exhibits good autonomous decision-
making capability and robustness against disturbances, particularly under dynamic disruptions, thereby
effectively ensuring the coordinated and on-time delivery of orders.

The principal innovation of this study lies in incorporating completion-time variance into a deep
reinforcement learning framework as a quantitative measure for coordinated delivery of multiple tasks within
an order, together with the improved design of a GRU-PPO algorithm embedded with an Action Masking
mechanism. This work provides important theoretical support and practical engineering value for addressing
the challenges of high uncertainty and making-to-order production scheduling in the context of Industry 4.0.

In addition, the proposed algorithm can be further improved, and future work will consider multi-agent
scheduling and digital-twin-enabled deployment in large-scale industrial environments.
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