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Abstract. Smart factories integrate diverse components such as humans, robots, artificial
intelligence, cloud computing, and IoT systems, promising to enhance production efficiency,
customization, and waste reduction to meet the demanding requirements of modern industry. A
critical component is the Manufacturing Execution System (MES), which bridges the planning
and production execution phases and performs functions including data collection, production
coordination, equipment maintenance, detailed scheduling, resource allocation, and quality
control. However, most current MES systems have not yet integrated resource scheduling
capabilities, creating an urgent need for efficient scheduling algorithms that increase productivity,
reduce workflow execution time, and optimize resource utilization. The core challenges involve
multiple multi-stage tasks with complex constraints on completion time, system resources, and
spatial positioning, including managing job allocation for multiple heterogeneous robots,
coordinating resources to avoid delays from buffer limitations or bottlenecks, and optimizing
execution time to prevent production-line stoppages. This research develops a machine learning
model based on reinforcement learning to optimize resource-constrained production scheduling
in smart factories, designated DRL-RCPSSP, focusing on improving performance, resource
allocation, and adaptability under dynamic conditions.

Keywords: reinforcement learning, smart factory, resource-constrained projects scheduling problem,
automated guided vehicles, machine learning, neural networks, artificial intelligence.
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1. INTRODUCTION

Industry 4.0 represents a revolutionary process that integrates intelligent technologies to
optimize production processes and methodologies, primarily based on the deep integration of
modern technologies such as artificial intelligence (Al), Internet of Things (IoT), automated
robots, big data, and cloud computing. One of the representative applications of this revolution is
the emergence of smart factories. These are advanced production models where equipment,
machinery, robots, and management systems are connected and automatically exchange
information in real time. This enables smart factories to automate production processes, make
intelligent decisions, minimize resource waste, and increase productivity and quality of
manufactured products [1].
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The Resource-Constrained Production Scheduling Problem (RCPSSP) specifically, and the
Resource-Constrained Project Scheduling Problem (RCPSP) generally, represent some of the
most classic and complex problems in the optimization field, with the objective of minimizing
workflow completion time (makespan) while adhering to job precedence constraints and resource
availability limitations. RCPSP appears widely in fields such as manufacturing, construction,
software engineering, logistics, and supply chain management. As an NP-hard problem, RCPSP
has been studied since the 1960s with various solution approaches, including exact algorithms,
heuristics, and metaheuristics [2, 3].

However, in the context of smart factories, the integration of technologies such as PLC
control systems, Internet of Things (IoT), and various robot types into real production
environments makes production systems increasingly complex, flexible, and dynamic. This leads
to frequent emergence of uncertain factors such as resource changes, job interruptions, technical
failures, or order modifications. These factors render traditional methods, which rely on
deterministic models, inflexible and difficult to adapt to reality.

Reinforcement Learning (RL), a branch of machine learning, has demonstrated strong
potential in solving optimization problems with state-action characteristics in real time, where
systems need to learn optimal action sequences through environmental interaction. RL is
particularly suitable for scheduling problems in smart factories, where conditions such as robot
status, job priorities, or unexpected incidents constantly change [4].

In recent years, many reinforcement learning methods have been applied to solve scheduling
problems such as JSSP and FJSSP [5], achieving competitive results compared to traditional
algorithms. Unlike traditional algorithms that require manual heuristic design, RL can
automatically learn scheduling strategies. Some studies also combine Graph Neural Networks
(GNN) with RL to solve problems with graph structures, where GNN is used to extract features
from graph-structured data. Compared to other feature extraction methods like CNN or MLP,
GNN has the advantage of being applicable to graphs of different sizes without changing network
architecture, and has demonstrated good generalization capability in JSSP problems. The
application of reinforcement learning has opened new directions for solving RCPSSP scheduling
problems in smart manufacturing environments, where requirements include not only optimality
but also adaptability, flexibility, and real-time autonomous decision-making capabilities [6—8].

This paper focuses on developing and deploying an advanced machine learning model based
on reinforcement learning methods, capable of learning effective scheduling policies to optimize
makespan in the RCPSSP scheduling problem in smart factories. The research aims to enhance
performance for factory production lines, optimize resource distribution, and ensure adaptation to
real production variations such as resource changes and job interruptions.

This paper makes two main contributions to the field of production scheduling in smart
manufacturing environments. First, we develop and deploy an advanced machine learning
framework that combines Reinforcement Learning (RL) with Graph Neural Networks (GNN) to
address resource scheduling challenges in smart factory production lines. Our approach
transforms the scheduling process into a sequential decision-making problem formulated as a
Markov Decision Process (MDP). The GNN architecture effectively captures the structural
dependencies within factory workflows and extracts salient problem features, which are
subsequently mapped to action probability distributions through a policy network that guides the
reinforcement learning agent’s scheduling decisions.
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Second, we establish a comprehensive evaluation framework by constructing datasets based
on standard benchmarks from PSPLIB and iMOPSE [9, 10], supplemented with real-world
production data collected from Company 10, one of Vietnam’s leading textile manufacturers.
Through extensive experimentation across these diverse datasets, we demonstrate that our
proposed DRL-RCPSSP model consistently outperforms traditional heuristic algorithms while
exhibiting strong generalization capabilities across different problem scales and complexities.

2. LITERATURE REVIEW
2.1. Machine learning applications in smart factories

In the context of increasingly deep global integration, enterprises compete not only on
quality and cost but also face supply chain volatility, high product customization requirements,
and fast delivery speeds [11]. This creates complex competitive pressure in industrial production,
demanding systems that are more flexible, accurate, and efficient than ever before. Therefore,
optimizing operational efficiency and minimizing resource waste in production lines becomes a
survival factor. This not only helps enterprises enhance competitiveness but also contributes to
sustainable development, cost savings, emission reduction, and meeting stringent environmental
standards in international markets.

The Resource-Constrained Production Scheduling Problem (RCPSSP) is precisely the
representative mathematical model to address this issue. In RCPSSP, production activities need
to be arranged to comply with resource constraints and job sequences, with the objective typically
being to shorten total workflow completion time (makespan) [12].

Traditional scheduling methods, despite their foundational role, often cannot meet
requirements in smart manufacturing environments characterized by high dynamism and
complexity. Machine Learning (ML) has emerged as a breakthrough tool, providing optimal
scheduling solutions, cost reduction, performance enhancement, and real-time adaptation to
changes.

In this paper, we focus on analyzing the development of production scheduling methods, the
role of machine learning in industrial production, and advances in ML-based optimization
techniques, while identifying challenges and existing gaps in this research field.

2.2. Traditional production scheduling methods

Scheduling for production lines is an important step to optimize human resources and
materials in production line processes while ensuring constraints on job sequence and resource
limitations in factories. Before advanced technologies like artificial intelligence and machine
learning emerged, numerous research works addressed this issue. Several traditional research
methods have been proposed following approaches ranging from simple rule-based heuristics to
mathematical optimization models and modern metaheuristics [13, 14].

Algorithms such as First-Come-First-Served (FCFS), Longest Processing Time (LPT), and
Shortest Processing Time (SPT) are widely used due to their simplicity, ease of application, and
low computational resource requirements. However, they are unsuitable for complex systems as
they cannot handle dynamic conditions such as equipment failures or changing demands.
Mathematical optimization methods such as Linear Programming (LP), Mixed-Integer
Programming (MIP), and Dynamic Programming (DP) have been proposed for scheduling models
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with complex production systems having multiple constraints. However, this approach is still
limited by computational complexity and difficulty in scaling for large problems [15-19].
Metaheuristic algorithms such as Genetic Algorithm (GA) [20], Simulated Annealing (SA), and
Particle Swarm Optimization (PSO) have partially addressed scalability issues, allowing efficient
approximate solutions for large-scale problems [21]. Nevertheless, they typically require complex
parameter tuning and have not adapted well to real-time changes.

2.3. Machine learning in production scheduling

In the context of smart factories with integrated environments incorporating diverse
resources such as humans, various robot types, IoT systems, etc., this model presents many
complex issues such as production environment volatility, where market demand, raw material
supply, and equipment status can all change in real time. Production planning and coordination
become more difficult when factories must handle multiple customized orders, limited resources,
and tight time constraints. Additionally, objectives of minimizing waste, optimizing efficiency,
and maintaining operational stability constantly pressure traditional operational systems.

In this context, Machine Learning emerges as a powerful tool to address challenges in
production scheduling. Advanced machine learning models, especially reinforcement learning,
through their ability to process big data, recognize complex patterns, and predict outcomes, enable
smart factories to build flexible, self-learning, and adaptive scheduling systems. Machine learning
models not only help predict job completion times and efficiently allocate resources but also
proactively detect risks such as equipment failures or production line bottlenecks [22].

Unsupervised learning is a machine learning model that autonomously seeks patterns and
structures in data without requiring preexisting labels. Instead of relying on pre-labeled data, this
algorithm analyzes and groups data points based on similarities and differences from input
datasets. Typical algorithms of this method include k-means clustering and hierarchical
clustering, which have been applied to RCPSP scheduling problems by grouping jobs or resources
with similar characteristics. This clustering helps achieve more efficient resource allocation and
reduces scheduling complexity, especially in multi-machine environments with diverse job
requirements [23].

Reinforcement Learning (RL) is becoming a promising approach to address adaptive
scheduling needs in smart factories which is one of the most complex scheduling problems in
production and project management. In this problem, the objective is to determine job execution
sequences such that total workflow completion time (makespan) is minimized while still adhering
to resource and job precedence constraints. Unlike traditional methods such as heuristics or
mathematical optimization that lack adaptability in dynamic environments, reinforcement
learning allows models to learn scheduling policies through repeated interaction with simulation
environments. At each step, the agent chooses actions (such as deciding which job to execute
next), then receives feedback (rewards or penalties) from the environment and updates its policy
to gradually approach optimal solutions [24-26].

Convolutional Neural Networks (CNN) are among the most widely used networks in many
fields due to their effective feature extraction capability from structured data such as images,
videos, time series, etc. CNN operates by applying filters to local spatial data regions, thereby
detecting characteristic data patterns. Through combining multi-layer convolution architecture,
pooling operations, nonlinear activation functions, and fully connected layers, CNN has
demonstrated superior effectiveness in recognition, classification, and prediction problems.
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In production scheduling optimization, particularly the Resource-Constrained Production
Scheduling Problem (RCPSSP), CNN networks have been designed to automatically learn and
select effective scheduling strategies. Instead of manually designing priority rules as in traditional
algorithms, CNN is trained on sample datasets to predict optimal scheduling rules based on
training data characteristics—such as complexity level, resource load, relationships between jobs
[27, 28].

3. MATHEMATICAL MODEL FOR PRODUCTION SCHEDULING PROBLEM
AND SOLUTION METHOD

3.1. Problem description and assumptions

In a smart factory, there are multiple parallel production lines, each executing a series of
jobs according to a predetermined sequence following workflow structure. Each operation
requires the use of limited resources, specifically different robot types such as robotic arms, AGV
(Automated Guided Vehicle) robots, inspection robots, etc. Each robot type has a finite quantity,
with each robot capable of serving only one job at a time. The objective is to find a production
scheduling method to complete all jobs with minimum workflow completion time (makespan)
while ensuring constraints on job sequence and robot resource limitations [29].
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Figure 1. The relationship between jobs in a workflow.

The detailed mathematical model of the problem is as follows:

We denote the workflow as a Directed Acyclic Graph (DAG) represented by G = (J, E),
where:

- J is the set of vertices, each vertex represents a job;
-J={1, 2,...,N } is the set of jobs, N is the number of jobs;

- E represents the data dependencies between these jobs. The edge (i, j) € E means job i
must complete before job j can be executed;

-R={1, 2, ..., M} is the set of robot resources.
Parameters:

- pi = 0: is the processing time of job i;

-H=%c;pi; T={0,1,2,..,H};

- Rim > 0: amount of resource m needed to execute job i;

- Ry is the total units of resource m available in the system.
Decision variables:

- Xi € {0, 1};
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1;if job i starts at time t
- xi,t =

0; otherwise

- Si: start time of job i; S; > 0;

- Ci: completion time of job i; C;=S; + p; Vi€V;

ViEV;

S VieV,teT={012, .. H};

- Cmax: Cmax > Cj; Vjel (completion time of the entire workflow);

- Objective function: Cpax — min.

Problem constraints:

- Each job i is executed only once:

- Completion time of job i:

teT

Ci= Si+pi; VieV

- Precedence constraint: for all (i, j) € E; job j cannot start when job i has not completed

Sj= Ci+p; V(ij) EE

- Resource constraint: if job i starts at time t, it will occupy resources at all time points

The explanation of examples is below:

Table 1. Example of resource types and quantities.

Resource Notation Available Quantity
Robot resource type 1 R1 12

Robot resource type 2 R2 13

Robot resource type 3 R3 4

Robot resource type 4 R4 12

Table 2. Example of robot resource requirements for jobs.

Job Time pi R1 R2 R3 R4
I 5 1 0 1 0
I 8 4 0 0 0
I3 4 10 0 2 0
Js 6 0 0 0 3
Is 3 3 0 1 0
Js 8 0 0 0 8
I7 5 4 0 1 0
Is 9 0 1 0 2
Jo 2 6 0 0 0

In this data table, job J. has an execution time of 8 time units and requires 4 type-1 robot
resources, while job Js has an execution time of 4 and requires 10 type-1 robot resources and 2

type-3 robot resources.



Resource-constrained production scheduling problem with multi-robot task in...

3.2. Development and implementation of deep reinforcement learning network for RCPSSP
problem

The Resource-Constrained Production Scheduling Problem (RCPSSP) is one of the most
common NP-hard combinatorial optimization problems in practice. In this research, we propose
a Deep Reinforcement Learning (DRL) model combined with Proximal Policy Optimization
(PPO) algorithm to learn optimal scheduling policies through repeated environmental interaction.
The Agent is constructed with two main components: the Policy Network (Actor), which is a
neural network responsible for generating probability distributions over the action space, i.e.,
selecting which job should be scheduled next at each time step. The second component is the
Value Network (Critic), a separate neural network responsible for estimating the expected return
of the current state. This network supports the policy update process by providing more accurate
evaluations of chosen actions. The Proximal Policy Optimization (PPO) algorithm is also used
during agent training to limit the change magnitude per update, avoiding overly large updates that
could destabilize the neural network [27, 30].

adj Actor —l
fea ——»GNN encoder l Enviro:ment
A
\—b Critic ‘—‘
resource ____|  Actor-Critic Reward

RCPSSP

Figure 2. Architecture of the proposed DRL-RCPSSP framework for production scheduling in
smart factories.

We have constructed a deep reinforcement learning model for the production scheduling
problem according to the schematic in Figure 2, comprising the following main components:

- Environment env = (adj, fea, resource) comprising three basic components:
+ Adjacency matrix adj representing dependencies between jobs in the production schedule:
. 1 néu j € successors(i)
Adjli,j] = {0 néu j ]
j¢& successors(j)
where 1 is the current job index and j is the next job index. If job j is a successor of job i, then
Ali][j] =1, otherwise A[i][j] = 0.

Example:

[0,1,0,0], #job0 —job 1
[0,0,1,1], #job1 —job2,job3
[0, 0, 0, 0],

[0, 0, 0, 0]]

+ Feature matrix fea comprising three basic information types: job numbers, execution time
required for jobs, and resource requirements of jobs. The fea matrix has the following structure:

fea[i] = (ji, Duration;, Ri', R, ..., R¥)

where n is the number of jobs and k is the number of robot types in the factory, for example:
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job1l 10 3 2
fea=|job2 5 2 1
job3 8 1 3

+ Resource vector to store the number of various robot types in the factory
- State s € S: describes the current state of jobs in the schedule:

+ List of completed and uncompleted jobs

+ Current resource status (remaining quantities)

+ Earliest available time to execute each job

+ Dependency structure between jobs

- Action a € A: used to select a feasible job (ready to execute with sufficient resources) for
scheduling. Each action corresponds to the index of the selected job.

- In the DRL environment, job selection is formulated as a priority-based scheduling process
with hard feasibility constraints. At each iteration step, the environment generates a runnable job
set containing only unscheduled jobs that satisfy precedence constraints. The agent selects a job
exclusively from this set using a GNN-based policy network, which evaluates job priorities based
on job features, global workflow context, and current resource status. During training, actions are
sampled from the resulting probability distribution to promote exploration, while greedy selection
is applied during evaluation. After a job is selected, the environment advances time until all
resource and completion constraints are met and then executes the job in a non-preemptive
manner, updating the runnable set for subsequent decisions.

Algorithm: Job Selection by the DRL Agent
Input:state=(adj,node_features, resource_state, runnable jobs)
h nodes, h _global «<— GNN(adj, node features)
for each job j in runnable jobs do

¢(j) « concat(h_nodes[j], h_global, resource_state)
score(j) «— Actor(p(j))
n(j|state) «— softmax(score(j)) V j € runnable jobs
if training then

a < sample from Categorical(m)
else

a a < ar max (jls
A ngrunnable_jobs (]| )

return selected job a

- Reward r:

k— k
T(k) — C1(nax1)_c‘r(m)1x (1)
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where: C,(,fa;l) is the makespan at k-1 iteration; C,Sﬁzx is the makespan at k iteration; and ¢ is the
constant, e = 1073 x €%,

The proposed normalized reward measures the relative improvement of makespan between
two consecutive steps. It is positive when the makespan decreases, negative when it increases,
and scale-invariant due to normalization by the previous makespan. We evaluate its effectiveness
by analyzing reward density and variance during training, and by measuring the correlation
between cumulative reward and final makespan. Ablation studies against unnormalized and
alternative normalization schemes are conducted to assess convergence speed, stability across
random seeds, and final solution quality.

- Policy mg(a|s) is a neural network (policy network) that outputs probability distributions
for action selection from the current state.

- Value V(s): estimation of expected reward from the current state
V(s) = Er, [XiZovirilse = s] (2)

The deep reinforcement learning model is trained and optimized using a loss function
comprising three main components:

- Policy Loss: The main objective of the reinforcement learning model is to maximize the
expected value of the reward function after each step. However, to avoid overly aggressive
updates, we used a clipping mechanism to limit changes in action probability ratios between old
and new policies, aiming to find actions that maximize profit while not changing the current
policy too drastically [31].

Policy loss = E[min(r«(0)A,, clip(r(0), 1-g, 1+€)A})] 3)
where: 1;(60): ratio of action probability selected at time step t in new policy compared to old
policy

r.(0) = __To(@dls) 4)

Tp—1(Ar-15¢-1)
where mg(a;|s;) is the probability of selecting action at in state s; under policy gy

A, is the advantage at time step t, calculated using Generalized Advantage Estimation
(GAE):

Ap =6+ (YA\)6psq + (Vk)26t+2 + o Q)

8t =1 + ¥V (Ser1) = V(sp)
(6)

where: r; is the reward received at step t; V(s;41) is the predicted value for the next state s1;
V(s;) is the predicted value for the current state s; y is the discount factor that controls the
importance of future rewards; A is the GAE parameter that controls the variance-bias tradeoff
during training.

To improve the accuracy of advantage estimation while simultaneously reducing the
variance of this estimate, the model employs the Generalized Advantage Estimation (GAE)
method. The advantage at each time step represents the difference between the actual cumulative
reward received by the agent and the predicted value from the value network (Critic). By
combining predicted values from multiple steps (using the y and A coefficients), GAE helps reduce
reward variance, thereby decreasing volatility during the training process.
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In our implementation, the discount factor y is not hard-coded but defined as a configurable
parameter (args.gamma). In the experiments reported in the paper, y is set to 1.0, which is
consistent with the finite-horizon, episodic nature of the production scheduling problem. The use
of normalized rewards, PPO clipping, and Generalized Advantage Estimation ensures stable
convergence despite y = 1.

- Value Loss: This is part of the critic network, whose purpose is to predict the value of each
state. If this prediction is too inaccurate, there will be a penalty for adjustment. The algorithm
uses clipping in value loss to avoid excessively high or low values causing training instability.

Value Loss = E [max ((VG (St) - Vtarget(st))z' (Vclip - Vtarget(st))z)] (7

where: Vy(s;) is the predicted value of state s from the critic network; Vigrger (S¢) is the target
value at time step t, computed from the reward value and the next value; V,y;, is the clipped value

calculated from Vp(s;) with deviations constrained within the range [-€, + €], and is computed
according to the formula:

Vclip = Vold + Clip(VG (St) - Vold: —€, E) (8)

- Entropy Loss: To encourage exploration during training, the model also uses an entropy
loss component. The purpose is to make action probability distributions have high dispersion
(more exploration), avoiding situations where agents only follow known actions without trying
new ones.

Entropy Loss = E[H(mg(a¢|s:))] 9)

where: H(1rg(a;|s;)) is the entropy of the action probability distribution a; corresponding to state
si under policy 7, and is calculated as follows:

H(mg(at|st)) = Xamg(alse) log(mg(als;)) (10)

In the production scheduling problem model for smart factories, jobs typically do not exist
independently but are organized into workflows, each being a sequence of jobs to be executed in
order. However, these workflows do not operate independently but have close relationships in
terms of resources and time, forming a complex and structurally rich dependency network. In this
context, extracting representative features for each job in each workflow becomes an important
step for input into machine learning or decision-making models. Instead of relying on manual
features or simple statistics, we propose using Graph Neural Networks (GNN) as a deep learning
tool to learn representations for each job, considering the context of the entire workflow and
overall job network [32].

The proposed GNN architecture comprises 3 GNN layers, each containing two MLP layers.
The GNN is responsible for aggregating information from each node in the graph based on
relationships with neighboring nodes and information about completion time, required robot
resources for jobs, and generating embedding feature vectors. These feature vectors will be used
as input for the critic network.

10
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Figure 3. The proposed GNN architecture.

The model input includes adjacency matrix adj representing job order, feature matrix fea
with job execution time attributes, and resource requirements for each job.

Notation:
- hgl_l): feature vector of node i at layer 1; corresponding to row v of matrix fea;
- N(v): set of nodes adjacent to node v;
- adj: adjacency matrix representing job execution order;
- H(l): features of all nodes at layer 1 in GNN;
- H(0) = fea: input feature matrix of GNN;
- MLP®: MLP network in GNN layer 1, comprising two linear layers and ReLU activation.
Information aggregation process for each node:
HO = qdj x H-Y (11)
For each node i, node features are aggregated according to:

-1
hi = ?EN(i)h]g ) (12)

where N(i) is the set of predecessor jobs of job i and h;l_l) is the feature of node j at layer 1.
Output of GNN layer 1 is passed through two MLP layers:

HO = MLPO(HED + HO) (13)
with: MLP® (z) = Linearz(l) (ReLU (Linearl(l)(z))).

The GNN output consists of embedding feature vectors of jobs in the workflow and will be
used as input for the MLP critic network to evaluate the value of the current state V(s).

3.3. Computational complexity and inference efficiency

Notation:

- n be the number of jobs (nodes) in the precedence DAG;

11
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- |[E| be the number of precedence edges;

- L be the number of GNN message-passing layers;

- d be the embedding dimension of node representations;

- F(sy) be the feasible (runnable job) job set at decision step t;

- T be the number of decision steps required to generate one complete schedule.

During inference, the trained DRL policy constructs a schedule through a sequence of job-
selection decisions. At each step, a GNN computes embeddings over the precedence graph, and
the actor evaluates only the feasible (runnable) job set, resulting in negligible cost for action
selection compared to graph embedding. With a dense adjacency representation, the per-step
inference complexity scales as O(L X n? X d), leading to an overall complexity of approximately
O(L x n3® x d) for one complete schedule. The environment enforces precedence and resource
constraints via event-driven simulation, whose cost grows with the number of scheduling events
rather than quadratically with the number of jobs.

4. EXPERIMENTS AND EVALUATION OF DEEP REINFORCEMENT LEARNING
MODEL (DRL-RCPSSP)

4.1. Experimental data

To evaluate model quality, we constructed a dataset based on the standard PLIB_dataset,
iMOPSE, and practical data from Company 10, one of Vietnam’s leading companies in textiles.
The dataset was built with workflows simulating 30 to 120 jobs. PSPLIB is a popular international
standard dataset widely used in RCPSP scheduling problem research. Instances in PSPLIB
include multiple simulated workflows with job numbers from 30 to 120 jobs (denoted as J30, J60,
J90, and J120) and various constraints on execution order, time, and resources. Each problem has
approximately 400 to 500 instances, 4 to 5 robot resource types, job completion times set from 1
to 10 time units, precedence constraints between jobs built with complexity levels from simple to
complex with constraint pairs between jobs ranging from 5 % to 25 %.

iMOPSE is a standard dataset built for multi-skill MRCPSP scheduling problems. Based on
this dataset, we constructed a dataset for production scheduling problems with job numbers from
50 to 90 jobs (denoted as 150, 160, 180, 190), 4 robot resource types, job completion times
synchronized with PSPLIB instances from 1 to 10 time units. The complexity regarding constraint
ratios between jobs in workflows was also built based on iMOPSE descriptions with constraint
ratios around 15 % and divided into 3 levels: H(High), M(Medium), and L(Low). Additionally,
we collected practical data from Company 10 and built datasets for problems with 30 to 90 jobs,
4 robot resource types, workflows with constraint ratios from 5 % to 10 %.

Table 3. Dataset specifications.

Dataset Job Count Instances Resource Types AVG density
J30 30 480 4 0.12

J60 60 480 4 0.063

J90 90 480 4 0.04

J120 120 600 4 0.03

150 50 480 5 0.035

12
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160 60 480 5 0.07
190 90 600 5 0.042
G_30 30 300 4 0.21
G_60 60 300 4 0.054
G_90 90 300 4 0.037

Workflow complexity is evaluated through density coefficient:

2e
nn-1)

density =
where: n is the number of jobs and e is the number of precedence constraints.
4.2. Deep reinforcement learning training parameters
From the prepared dataset, we divided the data into two parts: one for training and one for
testing the model, with a ratio of train dataset: test dataset = 70 % : 30 %. Other training

parameters are detailed in Table 4.

Table 4. Training parameters.

Hyperparameter Value Hyperparameter Value
Optimizer Adam Number of episodes per update 10
Total timesteps 400,000 Update epoch 4
Parallel environments 4 Layers of GNN 4
Learning rate (1) 1x1075 Hidden dimensions of GNN 32
Discount factor (y) 1 Layer of policy network 2
GAE parameter (L) 0.97 Hidden dimensions of policy network 32
Clipping parameter (g) 0.2 Layer of value network 3
Value function coefficient 0.5 Hidden dimensions of value network 32
Entropy bonus coefficient 0.02 Collect steps of each 32
environment

To train the model for the RCPSP production scheduling problem, we used hardware with
the following specific configuration:

Table 5. Hardware specification.

Component Specification Component Specification

GPU NVIDIA A100 VRAM 24GB

CPU Intel Core 19 CUDA CUDA 11.2/cuDNN 8.1
RAM 32 GB DDR4 Framework TensorFlow 2.x / PyTorch 1.8

4.3. Experimental results

During training, we adjusted the learning rate using Learning Rate Annealing strategy [33],
where the learning rate decreases at specific intervals after several epochs. This adjustment helps
the model quickly learn features from training data in early epochs, then gradually reduces the
learning rate to prevent overshooting optimal values during training, leading to better
convergence.

13
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Learning rate update formula:

total_timesteps

batch_size

_ 10 t—1
B =1 .

learning_rate = B X 1 x 1075

where total_timesteps = 400,000, batch_size = 256, and t is the t-th iteration step.

le—5 charts/learning_rate

—— learning_rate

learning_rate

T T T T
0 100000 200000 300000 400000

Figure 4. Learning rate adjustment chart.

The value loss/losses chart plays a crucial role in monitoring model learning quality across
phases. The value loss represents error in estimating expected value of the current state, a
fundamental component of many reinforcement learning algorithms like PPO or A2C. Accurate
prediction of state expected value is crucial for optimal next job selection in scheduling [34].

Through loss/value loss charts, we observe that in early phases, value loss fluctuates
strongly with high tendencies, indicating the model is still unstable and exploring optimal policies.
However, as training steps increase, we observe decreasing and stabilizing trends in value loss,
especially after approximately 200,000 steps. This demonstrates the model gradually learns the
RCPSP scheduling problem environment structure and improves accuracy in action value
estimation.
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In the context of deep reinforcement learning models, entropy is calculated based on the
probability distribution of actions generated by the policy. The entropy value reflects the level of
randomness in the agent’s action selection behavior. High entropy values indicate that the agent
tends to explore various different strategies, while low entropy values suggest that the agent tends
to exploit a well-established policy, which may lead to overfitting and missed opportunities to
discover better solutions.

Through the entropy loss charts in Figures 9-12 below, the entropy values are observed to
fluctuate within the range of 1.0 to 1.4. This entropy fluctuation range demonstrates that the model
maintains a good balance between exploration and exploitation, which is a crucial factor for
ensuring that the scheduling policy finds optimal solutions [35].
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In the Resource-Constrained Production Scheduling Problem (RCPSSP), one of the most
critical optimization objectives is to minimize the total workflow completion time, measured by
the makespan metric. Therefore, we evaluate whether the model has learned optimal scheduling
strategies and generalization capabilities to new instances based on the changes in average
makespan values on both training and testing datasets.

Based on the training average makespan chart presented in Figure 13, we observe that in the
initial phase, the makespan rapidly decreases from approximately 76 to 71-72 and maintains
stability at this level throughout the training process. This demonstrates that the model has learned
effective scheduling strategies to optimize workflow completion time on the training dataset.
Similarly, the test average makespan chart shows that the makespan trend also decreases
significantly from approximately 61 to 57.5 and maintains stability around this value. These
results have been validated across workflows with different complexity levels and scales, as
shown in Figures 13-14. This proves that the model not only learns well on the training set but
also has the capability to generalize and learn good scheduling strategies on the test dataset.
Particularly, through the two charts in Figures 15 and 16, we observe rapid and stable convergence
of makespan, with no signs of performance degradation from training to testing models, indicating
that the model does not suffer from overfitting. Therefore, the model demonstrates the ability to
find scheduling strategies in an optimal and efficient manner.
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To evaluate the effectiveness of the deep reinforcement learning model implemented for the
RCPSP production scheduling problem, it is necessary to compare the optimal results obtained
by our developed model with traditional heuristic methods to determine solution quality,
applicability, and model stability. In this study, after training the model on the training dataset
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and using the RL model to find optimal solutions on the test dataset, we performed solution quality
comparisons based on average makespan metrics between the RL model and several popular
algorithms including: LFT (Latest Finish Time), LST (Latest Start Time), GRPW (Greatest
Resource Position Weight), and MTS (Minimum Total Slack). The comparison results are
presented in detail in Table 6. The comparative chart of optimal values obtained by the DRL-
RCPSSP model and heuristic algorithms is presented in Figure 17.

Table 6. Comparison of the average makespan of different algorithms in RCPSSP.

Size/ AVG_Makespan LFT LST GRWP MTS DRL- RCPSSP
J30 65.30 69.51 74.24 71.45 57.42
J60 92.78 92.67 104.58 99.12 78.43
J90 112.07 116.89 125.01 121.87 93.05
J120 151.08 152.01 164.12 159.48 113.22
150 85.07 87.17 89.01 88.18 71.03
160 95.16 95.89 101.61 99.87 78.62
190 116.29 115.08 118.27 117.21 92.09
G30 57.15 55.21 59.05 58.85 55.27
G60 88.28 90.14 92.46 91.09 76.85
G90 101.09 106.29 108.32 110.67 90.04

Through Table 6 and the comparative chart in Figure 17, we observe that the DRL-RCPSSP
deep reinforcement learning model achieves superior results compared to traditional heuristic
algorithms in the resource-constrained production scheduling problem. The DRL-RCPSSP model
consistently finds the best schedules across all 10 experimental datasets, with makespan values
obtained by the deep reinforcement learning model always being 10 % to 30 % smaller than those
of heuristic algorithms. This performance gap becomes more pronounced in larger-scale instances
such as J90, 190, and J120. The DRL-RCPSSP model not only demonstrates high quality in
finding optimal schedules but also exhibits extremely fast inference time ranging from
approximately 0.5 to 2.8 ms for workflows with scales from 30 to 120 jobs. With such prediction
speed, the DRL-RCPSSP deep reinforcement learning model can completely meet the stringent
tact time requirements in industrial production lines.

200
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100
5°|I|\HH WIWM \H“\
| Il
J30 Je0 J90 J120 150 160 190 G30 G60 G90

EmLFT ®mLST mGRWP MTS m DRL- RCPSSP

Figure 17. Comparison of different algorithms in RCPSSP.
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5. CONCLUSION

This paper constructed a mathematical model for the Resource-Constrained Production
Scheduling Problem (RCPSSP) based on the RCPSP scheduling problem, while proposing a
DRL-RCPSSP deep reinforcement learning model that combines Graph Neural Networks (GNN)
and deep reinforcement learning networks to learn production scheduling strategies for RCPSSP
problems. The GNN structure is used to extract RCPSSP problem features (order, job completion
times, resource requirements), while the Proximal Policy Optimization (PPO) algorithm is used
to train the deep reinforcement learning model to find optimal scheduling policies. This paper
also presented a learning rate adjustment method using Learning Rate Annealing strategy with
linear learning rate reduction according to iteration numbers (epoch or step) during training,
helping the model learn quickly in early phases and achieve high accuracy in final training phases.

Future research directions include improving reward function calculation accuracy, which
determines scheduling policy quality in deep reinforcement learning models. Therefore, we will
focus on proposing better reward functions while improving Graph Neural Networks (GNN) with
Attention mechanisms and Evolutionary Algorithms (EA) to increase feature representation
capability, enhance action policy quality, and search for optimal network architectures or
parameters.
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