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Abstract—The Dynamic Job Shop Scheduling Problem
(DJSP), a critical challenge in 3C manufacturing, requires
efficient resource allocation under dynamically changing pro-
duction conditions where jobs arrive unpredictably. Traditional
optimization methods struggle to provide scalable solutions
due to the high computational cost of searching for optimal
schedules in large and complex environments. To solve this
problem, this work proposes the Dual-Graph convolutional
networks assisted Dynamic Cooperative Hunting Optimizer
(DG-DCHO), which integrates graph-convolutional networks
(GCN) with metaheuristic optimization to generate high-quality
schedules while significantly improving computational efficiency.
GCN generator processes graph representations of the job-shop
environment and captures complex dependencies among jobs
and machines to construct high-quality initial schedules that
serve as initial solutions for the optimization process. GCN
evaluator estimates makespan values directly from schedule
representations and replaces costly fitness evaluation that mini-
mizes computational overhead and improves optimization speed.
Dynamic Cooperative Hunting Optimizer (DCHO) serves as the
base optimizer and generates scheduling solutions by balancing
global exploration with local exploitation through an adaptive
search strategy. Experimental results across various DJSP
instances demonstrate that DG-DCHO consistently outperforms
state-of-the-art scheduling algorithms by producing superior so-
lutions while requiring fewer computational resources, making
itself a scalable and effective framework for real-time dynamic
scheduling in large-scale 3C manufacturing systems.

Index Terms—Dynamic job shop scheduling problem, graph
convolutional networks, intelligent optimization algorithm, and
deep learning.

I. INTRODUCTION

The multi-constrained dynamic job shop scheduling prob-
lem (DJSP) in 3C smart manufacturing is a notable opti-
mization challenge in production and manufacturing systems
[1]-[3], where the goal is to efficiently allocate resources,
i.e., machines, to jobs under uncertain and time-varying
conditions. Traditional approaches to solving the DJSP often
rely on heuristics or exact optimization algorithms. However,
these methods can be computationally expensive, particu-
larly with large and complex instances [4]-[6]. Heuristic
approaches, including genetic algorithms and simulated an-
nealing [7], frequently exhibit slow convergence rates and
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TOP University Cooperation Program. (Corresponding author: Junqi Zhang.)

yield suboptimal solutions due to their exhaustive explo-
ration of high-dimensional solution spaces. Although exact
optimization techniques such as integer programming and
branch-and-bound algorithms theoretically guarantee global
optima [8], their exponential time complexity makes them
computationally intractable for large-scale implementations,
particularly in time-sensitive operational contexts requiring
real-time decision-making capabilities [9]. In addition, their
scalability is limited when facing dynamic situations.

To solve the above problems, machine learning and rein-
forcement learning are adopted. They can dynamically adjust
scheduling policies more flexibly according to the problem
[10]-[12]. The inherent structure of scheduling problems,
where jobs and machines can be represented as graphs, makes
them well suited for models based on graph convolutional
networks (GCN) [13]. However, while GCN offers the poten-
tial for improved decision-making in dynamic environments,
a significant challenge remains to efficiently generate high-
quality solutions and provide flexible support based on real-
world problems [14].

We propose a novel hybrid framework that synergistically
combines Dual-Graph Convolutional Networks (DGCN) with
Dynamic Cooperative Hunting Optimizer (DCHO) named
DG-DCHO to address the DJSP more effectively [15]. It
employs two specialized GCN models, each designed to
handle distinct aspects of the scheduling process. The GCN
Generator is responsible for producing an initial population of
candidate schedules, represented as sequences of operations
assigned to jobs. It leverages the topological structure of
the job-shop environment, utilizing graph-based representa-
tions of job-machine relationships to generate feasible action
sequences. The second one is the GCN Evaluator, which
estimates the quality of these schedules by predicting the
makespan, i.e., the total time required to complete all jobs
in the schedule. It processes these sequences and provides
an objective fitness evaluation by assessing the temporal effi-
ciency of each candidate solution. The evaluator incorporates
attention mechanisms and global pooling to capture higher-
order dependencies in the scheduling graph, providing a more
robust prediction of the makespan.

The integration of DGCN with the optimization process
is further enhanced by incorporating DCHO combined with
Cauchy Mutation [16]. This hybridization allows the al-

979-8-3315-3358-8/25/$31.00 ©2025 IEEE 5302

Authorized licensed use limited to: Zhejiang University. Downloaded on January 31,2026 at 05:03:01 UTC from IEEE Xplore. Restrictions apply.



gorithm to efficiently explore the vast solution space by
balancing exploration and exploitation. Inspired by nature’s
cooperative hunting strategies, DCHO enables the algorithm
to iteratively refine solutions through cooperative behaviors,
while the Cauchy Mutation introduces controlled random-
ization to prevent the algorithm from trapping into local
minima [17]. Combining these techniques with the GCN
models facilitates the generation of high-quality schedules
by dynamically adjusting the population’s diversity and the
search trajectory.

The remainder of this work is organized as follows.
Building on the problem formulation in Section II and the
algorithmic framework proposed in Section III, Section IV
presents comprehensive experimental results to validate the
proposed method.

II. PROBLEM FORMULATION

The DJSP in 3C smart manufacturing is a resource-
constrained, time-varying optimization problem that aims to
allocate jobs to machines while minimizing the total time
required to complete all jobs (i.e., the makespan). DISP
is characterized by the dynamic and stochastic nature of
the environment, including variability in production require-
ments, machine availability, and potential disruptions such as
machine breakdowns.

A. Problem Definition

Let M={Mi, Ms,...,M;,...,M,} be the set of ma-
chines, where m is the number of machines, and let
J={J1,J2, ..., Jiy..., Jn} be the set of jobs, where n is the
number of jobs. Each J; consists of a sequence of operations
0,={0;1,0i2,...,0;,...,0;}, where k is the number of
operations per job. The machine matrix R={R; | Ry €
{0, M1, Ms,...,Mj,...,My}} represents the assignment
of operations to machines, where

M,
Ril{ !
0

The processing time matrix T={T}; | T;; > 0} specifies
the time required to process each O;;. If O;; is not assigned
to any machine, then R;;=0, and its processing time 7j; is
also zero, indicating the operation does not contribute to the
scheduling process and does not require execution.

The objective is to minimize the makespan C, the total
time required to complete all jobs. The completion time of
each Oy is denoted by Cj;. C can be obtained as:

C=max (Cy,), iecJ keO; )

if Oy is processed by M; 0
if O;; is not processed by any machine

where C;j, is the completion time of the last operation of J;,
and k represents the index of the last operation of .J;. The
completion time of each O;; is determined by:

Cy=max(C; 1, Cop)+Tu+T, 3)

where C; ;_; is the completion time of the previous O; ;_; of
Ji, Cup 1s the completion time of the previous operation O
of another J, on the same R;;, Ty, is the waiting time for the
R; when it is idle but cannot process due to a scheduling
conflict, i.e., other jobs using the machine at the same time.

B. Constraints of Job Shop Scheduling in 3C Manufacturing

The 3C-based DJSP operates under several constraints that
define its scheduling feasibility and optimization complexity.
These constraints are formulated as follows:

1) Machine Capacity: Each machine can process only one
operation at a time, reflecting the resource limitations in 3C
manufacturing systems, where precision and resource allo-
cation are critical to maintaining production efficiency. This
constraint ensures that simultaneous execution of multiple
jobs on the same machine is prevented, i.e.,

DD 0(M;,04) -2l <1, VieM

i€J l€0;

“

where 6(M;, Oy ) is an indicator function that takes the value
one if O;; of J; is assigned to M, and xfl is a binary variable
indicating whether O;; of J; is executed on M.

2) Job Operation Execution: Each job operation can only
be executed by one machine at a time. This ensures that for
any given operation in the sequence of a job, exactly one ma-
chine is assigned to that operation. It prevents a job operation
from being executed simultaneously on multiple machines,
which would violate the logical sequence of operations in a
job, ie.,

> al=1, VieJ Vieo;
jEM

&)

3) Job Precedence Constraints: An operation cannot start
until its preceding operation is completed. The constraint
ensures that the operations of a job are executed in a fixed
order, representing that O;; cannot begin until its preceding
O;,1—1 is finished, ie.,

Cil > C’i,l—1+ﬂl7 vl e {2a RN k}v (6)

4) Operation Non-Suspension: An operation cannot be
paused or terminated once an operation has started. This
assumption is necessary to maintain the integrity of the job
schedule, ensuring that no operation can be interrupted once
it has started, which is typical in manufacturing environments
where resources are dedicated to specific tasks for the dura-
tion of their execution, i.e.,

Cy=Su+Ty, Vie J Ve

where S;; is the start time of O;;.

5) Machine Breakdowns: There may be machine break-
downs, which lead to machine downtime. The availability of
each machine at any given time can be stochastic, depending
on whether the machine is operational or not. Let A;(e)
denote the availability of M, at time e, i.e.,

Aj(e)= {(1)

6) Job Deadlines: Each job must be completed by a
specified deadline D;. This constraint ensures that the final
operation of each job is completed within the specified dead-
line, ensuring just-in-time (JIT) production and supply chain
synchronization in consumer electronics manufacturing, i.e.,

Ci < D;, YieJ, ke o, ©)]
where D; is the deadline for J;.

1eJ

(N

if M; is available at time e ®)

if M; is unavailable at time e
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ITII. PROPOSED SOLUTION FRAMEWORK FOR
DYNAMIC JOB SHOP SCHEDULING

This section introduces the solution framework for solving
the DJSP using a hybrid approach combining DCHO with
DGCN.

A. Framework Overview

DG-DCHO operates iteratively, leveraging the strengths of
DGCN for schedule generation and fitness evaluation while
utilizing DCHO for refinement and optimization. The process
begins with initialization, where the workshop environment
is modeled by abstracting job-shop scheduling problems and
their constraints into graph matrices, then preprocessing the
data for training the GCN Generator. Once the activation con-
dition is met, the GCN Generator processes the environment’s
graph structure to generate an initial population of feasible
scheduling solutions. These schedules are then optimized
using DCHO, aiming to minimize the makespan. During the
early optimization phase, when the iteration count is less than
t1, the fitness of all generated schedules is computed through
conventional evaluation, and the scheduling sequences are
transformed into graph matrices. These sequence graphs and
their corresponding fitness values are used to train the GCN
Evaluator. As the iteration count surpasses ; but remains
below the termination threshold fg, the GCN Evaluator
assists the fitness evaluation process by predicting makespan
values, significantly accelerating optimization while reducing
computational cost. The iterative refinement continues until
it reaches the maximum iteration count 5. Finally, the best
scheduling solution that minimizes the makespan is selected
as the final optimized schedule. Fig. 1 shows the framework

of DG-DCHO.
Job-shop data

Train the GCN
Generator

|

Initialize the population
with GCN Generator

Generate offspring

with DCHO
Yes /K No
. t<t,
e DAt Yes| Evaluate fitness
Sequence Data Aluace ions
Evaluat
Transform the No valuator
sequence into a graph -
matrix Output the optimal

scheduling sequence

Fig. 1. Framework of DG-DCHO.

Train the GCN
Evaluator

B. GCN Generator

The GCN Generator plays a crucial role in the framework
by generating initial candidate schedules through a structured

graph representation of the DJSP, where nodes correspond
to jobs and machines, and edges encode dependencies and
constraints between them. By leveraging the GCN Gener-
ator, it learns these relationships and produces an initial
sequence of job-machine assignments. The input to the GCN
Generator is a graph G=(V, E), where V represents nodes
corresponding to J;, Mj, or specific operations Oj;, while
E represents the edges defining dependencies [18], such as
precedence constraints between consecutive operations within
the same J; and potential assignments based on the machine
matrix R, linking Oy to M. The initial node features can
include T;; for operation nodes or characteristics like A;(e)
for machine nodes. The input graph is processed through
multiple graph convolutional layers, which update node rep-
resentations based on local connectivity. The operation of
each graph convolutional layer is obtained as:

hlatd) = & (10)

Z W(q)hSLQ) + @
u€N (v)

where hq(f]) denotes the feature vector of node v at layer g,
N (v) represents the neighboring nodes of v, W@ and ()
are the learnable weight matrix and bias for layer ¢, and o
is the ReLU activation function. After passing through the
convolutional layers, a Fully Connected (FC) layer generates
a sequence of machine assignments, representing the initial
schedule, i.e.,

S = FC(h{@) (11)

where S' denotes the output sequence of job-machine assign-
ments.

C. GCN Evaluator

The GCN Evaluator is responsible for estimating the
makespan (fitness) of schedules generated by the GCN Gen-
erator. Unlike traditional fitness evaluation, which requires
simulating the entire job-shop process, the GCN Evaluator
extracts graph-based features and utilizes previously com-
puted fitness values to predict makespan efficiently, signifi-
cantly improving computational efficiency and optimization
speed. The input to the GCN Evaluator is a graph represen-
tation of job-machine sequences derived from the sequences
generated during the DCHO iteration process. This structured
representation allows the GCN Evaluator to exploit spatial
and relational dependencies, enhancing its ability to predict
makespan effectively.

The architecture of the GCN Evaluator consists of multiple
key components. The first stage applies a Graph Attention
Layer (GAT) to enhance the model’s ability to focus on
relevant nodes and edges [19], learning the significance of
different job-machine relationships in predicting makespan.
This operation is obtained as:

hy = GAT({hu, €4v}) (12)

where h,, represents the features of neighboring nodes and
eywv represents the edge between nodes u and v. The extracted
features are then aggregated through global pooling, where
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the entire graph is transformed into a compact representation
using global mean pooling [20]. This compact representation
is subsequently fed into a Multi-Layer Perceptron (MLP),
which is a neural network composed of a sequence of fully
connected layers. The MLP processes the aggregated features
and ultimately predicts the makespan value, i.e.,
C = MLP(h(?) (13)
The GCN Evaluator is trained using the mean squared
error (MSE) loss function, minimizing the difference between
predicted and actual makespans [21], i.e.,

1Y )
L=+ ; (Cp(Sy) = Cu(S,)) (14)

where N is the number of samples, Sz(f) represents the y-
th scheduling solution at iteration ¢, C},(.S,) represents the
predicted makespan of schedule Sy, and C,(S,) denotes its
true makespan.

D. DCHO

Once the GCN Generator generates the initial schedul-
ing solutions, DCHO is applied to optimize them. DCHO
iterates over a multitude of scheduling solutions .S, where
each S implicitly defines C;; for all O;; based on T; and
the sequence order. During the iterative process, any S
with Cj,>D;, 6(M;,0;)=0, or causing machine conflicts
will be discarded. As a metaheuristic algorithm inspired by
cooperative hunting strategies in nature, DCHO iteratively
improves scheduling solutions by balancing exploration and
exploitation to achieve better optimization. Unlike conven-
tional optimization approaches, DCHO dynamically adjusts
its search behavior using an adaptive step size mechanism and
Cauchy Mutation, allowing it to navigate complex scheduling
landscapes more effectively. The update rule of the schedule
adjustment process is obtained as:

SUHD =S+ (S, — S+ B-N(0,T)  (15)
where S, denotes the best schedule found so far, o and (8
are coefficients that regulate the balance between exploration
and exploitation, and A/(0,T) is a Gaussian noise term intro-
duced to maintain population diversity and prevent premature
convergence. DCHO employs a dynamic step size adaptation
mechanism to enhance search efficiency further, ensuring that
the search process remains aggressive in early iterations but
gradually stabilizes as the solution converges. The step size
at iteration ¢ is obtained as:

t t
O =—A.{1-= .=
] A (1 T>—|—5

T (16)

where A and 0 represent the initial and final step sizes,
respectively, and T is the total number of iterations. This
dynamic adjustment allows the algorithm to explore broadly
in the early phase while focusing on fine-tuning solutions
in later stages. Additionally, Cauchy Mutation is introduced

to further enhance diversity in candidate schedules by per-
turbing solutions in a heavy-tailed manner, increasing the
probability of escaping local optima. It is applied as:

S = M 4 ~.€(0,1) (17)

where v is a mutation scaling factor, and C(0, 1) represents
a random variable drawn from a Cauchy distribution with
zero mean and unit scale. This mechanism introduces larger
jumps compared to Gaussian perturbations, improving the
algorithm’s robustness against premature convergence.

IV. EXPERIMENTAL RESULTS AND DISCUSSION

This section presents the experimental results of DG-
DCHO. We conduct both comparison experiments and ab-
lation studies to demonstrate its superiority and effectiveness
of DG-DCHO in terms of makespan and convergence speed.

A. Ablation Study

The purpose of the ablation study is to evaluate the con-
tribution of each component of our framework, specifically
the COA, DCHO, and the DG-DCHO. We assess the perfor-
mance of these three configurations under varying problem
sizes across six different virtual scheduling environments.
The goal is to observe how the introduction of DGCN and the
improvements made to the original optimization algorithm
enhance overall performance, particularly regarding solution
quality (makespan) and convergence speed.

1) Ablation Study on Makespan: To assess the impact
of DGCN and the improvements made to the optimization
algorithm, we compare the makespan obtained by COA,
DCHO, and DG-DCHO across six scheduling environments
of different sizes: 10x10, 20x10, 20x15, 20x20, 30x10, and
50x10.

The results are presented in Fig. 2, where the bar charts
illustrate the makespan achieved in each case. Across all
instances, DG-DCHO consistently outperforms both COA
and DCHO, achieving the lowest makespan.

4500

I coAa
4000 - [ DCHO
I DG-DCHO

3500

3000

2500

Makespan
I3
=3
(=3
<

1500

1000

500

10¥10 20*10 20%15 20%20

Environment

30%10 50%10

Fig. 2. Makespan comparison across different configurations.

2) Ablation Study on Scheduling Behavior: Fig. 3 shows
Gantt charts illustrating the scheduling behavior of COA,
DCHO, and DG-DCHO for a new 30x10 environment.
Different colors represent different jobs, each consisting of
several operations, and their scheduling order is displayed
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in the Gantt chart. We also compare the scheduling results
for the three configurations, where the time taken for job
completion is shown. Specifically, the time efficiency in each
of the three configurations can be obtained as:

Te=Y_ % Tu

ieJ leO;

(18)

where T'e is the total time taken for the completion of all op-
erations in a schedule. The Gantt charts visually represent the
scheduling behaviors and the improvement in time efficiency
achieved by DG-DCHO.

Fig. 3 shows that DG-DCHO consistently produces the
most efficient schedules with the shortest makespan. In
contrast, the COA and DCHO configurations show more
significant idle time and longer job completion times.
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Fig. 3. Gantt charts for different configurations.

B. Comparison Experiments

To further validate the performance of DG-DCHO, we
compare it with several state-of-the-art scheduling algo-
rithms, including AMGG [22], SAEO [23], SHEALED [24],

COA [25], and DG-DCHO. They are conducted under the
same DJSP environments to assess the solution quality and
computational efficiency.

1) Comparison of Convergence Speed: Fig. 4 presents the
fitness value iteration results for all five algorithms, where
each algorithm’s fitness is evaluated over 1000 iterations. The
fitness value represents the quality of the schedule, with a
lower value indicating better performance. It is shown in Fig.
4 that DG-DCHO achieves the lowest fitness value at both
the start and end of the iterations. Furthermore, DG-DCHO
shows the fastest convergence rate, reaching the optimal
solution significantly quicker than the other algorithms.

T
R ~DG-DCHO
ey ~SAEO
~COA
—AMGG
SHEALED

log(Fitness)

0 200 400 600 800
Iteration count

1000

Fig. 4. Comparison of convergence speed for five algorithms.

2) Comparison of Makespan: Fig. 5 presents a compar-
ative analysis of the makespan of five different algorithms
in solving the 20x20 DJSP. The results are visualized in
a bar chart, illustrating the effectiveness of each method
in minimizing the total completion time of all jobs. It is
shown in Fig. 5 that DG-DCHO achieves the smallest C’,
highlighting its capability to generate superior scheduling
solutions compared to alternative methods.
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Fig. 5. Comparison of makespan for five algorithms.
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V. CONCLUSIONS

In modern 3C manufacturing systems, efficient Dynamic
Job Shop Scheduling Problem (DJSP) remains a critical
challenge due to unpredictable job arrivals, machine break-
downs, and varying processing times. Traditional optimiza-
tion methods often struggle with scalability and adaptability,
making it difficult to balance solution quality and com-
putational efficiency in large-scale dynamic environments.
To address these limitations, this work introduces a novel
hybrid framework that synergistically combines Dual-Graph
Convolutional Networks (DGCN) with Dynamic Cooperative
Hunting Optimizer (DCHO) named DG-DCHO. GCN Gener-
ator effectively models job-machine dependencies, generating
high-quality initial schedules, while DCHO’s adaptive search
strategies refine these solutions, balancing global exploration
and local exploitation. Moreover, GCN Evaluator accelerates
fitness estimation by learning from prior scheduling results,
significantly reducing computational overhead and improving
optimization speed. Experimental results demonstrate that
DG-DCHO outperforms state-of-the-art algorithms in both
solution quality and computational efficiency, making it an
effective approach for large-scale, real-time scheduling.

Future work will focus on extending DG-DCHO to
multi-objective optimization scenarios, incorporating addi-
tional constraints such as energy consumption and pro-
duction cost while further enhancing robustness in highly
dynamic environments. Additionally, the framework will be
adapted to real-world industrial settings, integrating real-time
data streams to further improve scheduling flexibility and
decision-making accuracy.
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