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Abstract

Manufacturing systems face growing complexity in the era of Industry 4.0, where
competitiveness depends on real-time responsiveness, efficiency, and reliability. Disruptions
such as random job arrivals, machine breakdowns, and sequence-dependent setups challenge
traditional scheduling. We address the Dynamic Flexible Job Shop Scheduling Problem
(DFJSP) by proposing a distributed, event-driven reinforcement learning (RL) framework
that enables real-time, multi-objective decision-making. The adaptive policies improve
throughput, reduce delays, and enhance system resilience, demonstrating reinforcement

learning’s potential as a foundation for next-generation industrial scheduling.

This thesis investigates three increasingly complex scheduling scenarios, each reflecting key
challenges faced in dynamic manufacturing environments. The first scenario addresses a
baseline problem of decentralized scheduling. In this problem, multiple work centers operate
independently. And each work center must select job and machine priority rules without
global coordination. This setting captures the reality of distributed decision-making in
modern production systems, where rapid local responses are crucial. A Double Deep Q-
Network (DDQN)-based agent is employed, achieving the lowest mean tardiness and the

highest win rate, outperforming Short Processing Time (SPT) with statistical significance.

The second scenario introduces machine breakdowns, representing the uncertainty and
disruptions inherent to physical manufacturing systems. Such breakdowns not only increase
decision complexity but also require adaptive scheduling strategies that can reallocate
resources in real time. Here, a Proximal Policy Optimization (PPO)-based agent with
feature-weighted prioritization is used, achieving superior performance compared to PPO-

RS and SPT.



The third scenario expands the problem to a multi-objective setting with sequence-dependent
setup times, reflecting real-world trade-offs between performance metrics such as tardiness
and changeover efficiency. A Universal Value Function Approximators (UVFA)-enhanced
DDQN agent is applied to learn across different reward preferences, with the baseline-

referenced reward (Set 4) achieving the best Pareto front.

SHapley Additive exPlanations (SHAP) analysis shows that the agent adaptively shifts
attention across features based on the reward structure, prioritizing due-date and waiting-
time features under tardiness objectives, and setup-related features when the goal is to
minimize setup impact. The number of waiting jobs consistently remains one of the most

influential indicators across all settings.

Overall, this thesis contributes a robust and generalizable RL-based scheduling architecture
that effectively adapts to real-time disturbances and multi-objective trade-offs. By
integrating distributed control, event-driven decision mechanisms, and interpretable learning,
the proposed frameworks pave the way for scalable, intelligent scheduling systems for next-

generation smart manufacturing.
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Chapter 1-Introduction
Chapter 1.Introduction

In the era of Industry 4.0 and the emerging Industry 5.0 paradigm, collectively known as
smart manufacturing, the integration of Cyber-Physical Systems (CPS) and the Internet of
Things (IoT) connects equipment, sensors, and products throughout the shop floor. This
seamless connectivity enables real-time data acquisition, bidirectional communication, and
continuous feedback, thereby supporting intelligent, sequential, and data-driven decision-

making across all stages of manufacturing operations [1].

Global Industry 4.0 Market Size 2017-2023

350 -
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50 -
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Figure 1.1. Global Industry 4.0 market size from 2017 to 2023. Data source: [oT Analytics
[2].

The rapid adoption of these technologies has significantly expanded the global Industry 4.0
market. As shown in Figure 1.1, the market is segmented into Connected Industry Building
Blocks (e.g., hardware, connectivity, analytics, cybersecurity) and 14.0 Supporting

Technologies (e.g., additive manufacturing, AR/VR, collaborative robots, drones, and
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SDVs), with the overall size growing from $47 billion to $310 billion over six years (CAGR:
37%). The overall market size increased from $47 billion in 2017 to $310 billion in 2023,
reflecting a compound annual growth rate (CAGR) of approximately 37%. The market is
composed of two major subsets: Connected Industry Building Blocks, which include core
domains such as hardware, connectivity, cloud analytics, cybersecurity, and system
integration; and /4.0 Supporting Technologies, encompassing emerging innovations such as

3D printing, AR/VR, collaborative robots, machine vision, drones, and autonomous vehicles.

This rapid growth highlights the increasing industrial emphasis on flexibility, automation,
and responsiveness—the core objectives of Industry 4.0. Meanwhile, Industry 5.0 extends
this paradigm by introducing a human-centric approach that enhances the synergy between
human creativity and artificial intelligence. This collaborative model aims to deliver highly
personalized products at scale while preserving efficiency, sustainability, and social well-

being in future manufacturing ecosystems [3].

Despite these advances, production scheduling remains a critical operational bottleneck in
smart factories. Modern manufacturing is characterized by real-time data streams, dynamic
job arrivals, machine unreliability, and personalized product mixes. These features introduce
unprecedented levels of uncertainty, which render traditional scheduling methods obsolete.
While reinforcement learning (RL) has shown promise for adaptive decision-making,
existing RL-based schedulers are often impractical: they require global system state
(infeasible in large-scale shops), operate as black boxes (undermining human trust in
Industry 5.0), and cannot flexibly balance competing objectives like tardiness and setup cost

without retraining.

This thesis addresses this gap by developing a decentralized, interpretable, and multi-
objective reinforcement learning framework that operates under local observability. The
approach enables each work center to make transparent and adaptive scheduling decisions

in dynamic, real-world manufacturing environments.
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1.1. Recent Developments in Smart Manufacturing

The rise of personalized manufacturing is a critical response to customer demand for unique
and customized products, moving away from traditional mass production to customized
production. For example, BMW’s MINI Cooper offers extensive customization options,
allowing customers to personalize their cars, thereby enhancing customer satisfaction and
loyalty [4]. However, this personalization strategy significantly increases complexity and
leads to frequent production changes, which raises setup times and production costs.
Similarly, the Very Large-Scale Integration (VLSI) circuit production faces complicated
scheduling issues due to re-entrant flows, unpredictable job arrivals, high capital costs, batch
operations, sequence-dependent setups, and significant automation [5]. These complexities
underscore the need for flexible and dynamic scheduling methods that can rapidly adjust to

frequent changes while maintaining profitability and efficiency.

These challenges reflect a fundamental shift in production logic—from predictable and
linear to adaptive and nonlinear. As the demand for customization and real-time
responsiveness intensifies, traditional static scheduling systems, which rely on predefined
sequences and centralized decisions, become inadequate. This motivates the development of
dynamic, distributed, and intelligent scheduling frameworks that can adjust decisions on the
fly in response to disturbances and demand shifts. Among the promising solutions, RL stands
out for its ability to learn from interaction with the environment, enabling adaptive
scheduling strategies that balance multiple competing objectives in complex shop-floor

environments.

1.2. Problem Statement

Scheduling is a fundamental decision-making process widely applied in many

manufacturing and service industries. It deals with the allocation of resources to tasks over
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given periods, and its goal is to optimize one or more objectives [6]. Traditional static
scheduling methods assume a predictable and stable production environment, making them
insufficient when faced with unexpected disruptions such as sudden job arrivals or machine
breakdowns. Such disruptions often lead to delays, inefficient resource utilization, and

increased costs, necessitating more adaptive and responsive scheduling methods.

Dynamic scheduling more accurately reflects real-world manufacturing due to its capability
for real-time responsiveness. In particular, the DFJSP captures key complexities including
flexible routing, dynamic arrivals, and resource uncertainty. However, three interrelated

challenges persist:

*  Scalability under decentralization: Centralized RL approaches require full system
observability, which is impractical in large-scale shops.

* Robustness under uncertainty: Machine failures and stochastic events demand
policies that adapt without catastrophic performance drops.

*  Multi-objective trade-offs: Objectives like minimizing tardiness and reducing setup

costs are often conflicting, yet most RL schedulers optimize a single fixed reward.

To address these challenges in a structured manner, this thesis investigates the DFJSP across

three progressively realistic problem settings:

*  Problem 1: Dynamic job arrivals (baseline dynamism),
*  Problem 2: Adding stochastic machine breakdowns (resource unreliability),
* Problem 3: Adding sequence-dependent setup times and explicit multi-objective

optimization (operational realism).

1.3. Research Objectives

Achieving flexibility, automation, and real-time responsiveness requires dynamic scheduling
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methods that are adaptive, distributed, and robust. Such methods must address key
challenges related to scalability and adaptability within complex production environments.
Therefore, this research explores the development of dynamic scheduling techniques
designed to efficiently manage multiple dynamic scenarios commonly encountered in
manufacturing, including unexpected job arrivals, machine breakdowns, and variability in

setup times. This research targets the following objectives:

* To design a decentralized and event-driven scheduling architecture that enables
distributed decision-making at the work center level, supporting responsiveness to real-
time events such as job arrivals and machine availability.

* To develop an RL-based continuous prioritization mechanism that overcomes the
limitations of fixed rule selection by dynamically generating feature-based priority
scores for sequencing decisions.

* To extend the scheduling framework to support multi-objective optimization,
particularly in scenarios involving sequence-dependent setup times, by allowing
flexible trade-offs between competing goals such as tardiness and setup cost.

* To ensure interpretability and transparency of the learned policies, explainable Al
techniques are used to uncover how the RL agent adapts under different conditions and

objective preferences.

1.4. Main Contributions

This study specifically focuses on the production scheduling layer, excluding components
related to supply chain coordination or process design. By maintaining this scope, the
research investigates mechanisms and strategies that support effective operational decision-

making and improve scheduling performance under dynamic and uncertain conditions.

The core contributions of this thesis lie in the development and progressive enhancement of

a distributed, event-driven reinforcement learning framework for solving the DFJSP under
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Industry 4.0/5.0 conditions. The contributions evolve across three increasingly complex

problems, resulting in a generalizable, interpretable, and multi-objective scheduling system.

The primary contributions are:

* Adistributed, event-driven RL architecture for dynamic scheduling under random
job arrivals

Addressing Problem 1 (Chapter 4), this contribution introduces a decentralized framework

where each work center independently triggers scheduling decisions upon local events (e.g.,

job arrival, machine idle). Using DDQN trained on locally observable state features, the

system achieves scalable, real-time responsiveness without global coordination.

* A feature-weighted continuous prioritization mechanism for robust scheduling
under machine failures

Addressing Problem 2 (Chapter 5), this work replaces discrete rule selection with a PPO-

based policy that dynamically computes priority scores from weighted job features. This

enables fine-grained, adaptive sequencing under stochastic disruptions while supporting

post-hoc interpretability through feature attribution.

* A Universal Value Function Approximators (UVFA)-enhanced multi-objective RL
framework for balancing tardiness and setup cost with sequence-dependent
constraints

Addressing Problem 3 (Chapter 6), this contribution integrates UVFA into the RL agent,

allowing it to generalize across arbitrary linear combinations of competing objectives. A

baseline-referenced reward design further stabilizes learning and promotes Pareto-efficient

solutions without retraining.

*  Cross-problem interpretability analysis via SHapley Additive exPlanations

Spanning Chapters 4—6, this contribution applies SHAP to decode how learned policies
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prioritize state features under different uncertainties and objective weights. This provides
actionable insights into agent behavior and bridges the gap between black-box RL and

human-understandable scheduling logic.

A modular, open-source simulation environment for the DFJSP under dynamic events (job
arrivals, machine breakdowns, sequence-dependent setups) is developed in Python,

facilitating reproducibility and extension by the research community.

1.5. Outline of the Thesis

This thesis is structured into seven chapters, each contributing to a comprehensive
investigation into distributed, event-driven reinforcement learning for dynamic scheduling

problems in manufacturing systems. The content and purpose of each chapter are as follows:

Chapter 1: Introduction

This chapter introduces the background and motivation for addressing dynamic scheduling
problems in modern manufacturing systems. It outlines the research objectives, presents the

main contributions, and describes the structure of the thesis.

Chapter 2: Literature Review

This chapter reviews existing studies on dynamic scheduling, focusing on key classifications
such as event triggers, uncertainty types, decision-making structures, and solution methods.
The chapter identifies research gaps in scalability, interpretability, and multi-objective

handling with reinforcement learning.

Chapter 3: Formulation of the Dynamic Scheduling Problem

This chapter formulates the dynamic flexible job shop scheduling problem across three
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increasingly complex scenarios. It begins with random job arrivals as the baseline dynamic
setting (Problem 1). The second stage incorporates machine breakdowns to account for
resource uncertainty (Problem 2). Finally, it introduces multi-objective scheduling with
sequence-dependent setups to reflect real-world trade-offs between performance metrics
(Problem 3). Each scenario is formally modeled, laying a unified foundation for the

learning-based methods developed in later chapters.

Chapter 4: Problem 1 — Baseline Dynamic Scheduling under Random Job Arrivals with

RL

This chapter addresses the challenge of dynamic job arrivals in a flexible job shop
environment, where traditional rules struggle to maintain performance under uncertainty. To
solve this, a decentralized event-driven scheduling framework is developed based on DDQN,
where each work center independently selects job and machine priority rules. The proposed
approach significantly improves tardiness performance over conventional dispatching rules,

demonstrating the effectiveness of RL in handling real-time job flow.

Chapter 5: Problem 2 — Scheduling under Machine Reliability Constraints with RL

Building on Chapter 4, this chapter adds stochastic machine breakdowns, which are a
second layer of uncertainty that disrupts both resource availability and schedule continuity.
To handle this, the discrete rule-selection approach is replaced with a PPO-based continuous
prioritization mechanism that dynamically weights job features (e.g., remaining processing
time, due date urgency) to generate fine-grained sequencing decisions. This represents a
fundamental shift from choosing rules to constructing priorities, improving robustness, and

enabling post-hoc interpretability via feature attribution.
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Chapter 6: Problem 3 — Multi-Objective Scheduling with Sequence-Dependent Setup

Times with RL

Extending Chapter 5, this chapter incorporates sequence-dependent setup times and explicit
trade-offs between tardiness and setup cost. This adds both operational constraints and
competing objectives to the scheduling problem. The RL agent is enhanced with UVFA,
allowing a single policy to generalize across arbitrary linear combinations of objectives
without retraining. The evaluation now shifts from single-metric performance to Pareto
efficiency and solution diversity, reflecting real-world needs for flexible preference

adaptation.

Chapter 7: Conclusion and Future Work

This chapter summarizes the key findings, theoretical and practical implications, and
limitations of the research. It concludes with suggestions for future work, including

expanding the framework to more complex real-world applications.
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Chapter 2. Literature Review

Scheduling plays a critical role in manufacturing systems, especially under the dynamic and
uncertain conditions of Industry 4.0. The Dynamic Flexible Job Shop Problem (DFJSP)
captures this complexity, where job arrivals are unpredictable, machine breakdowns are
possible, and production conditions evolve in real time. Traditional static scheduling
methods, which rely on fixed job information and stable machine availability, often fail to

cope with such variability.

In response, researchers have developed more adaptive strategies, including heuristic,
metaheuristic, and RL-based methods. RL agents, in particular, can learn effective
scheduling policies by interacting with the environment and making real-time, data-driven

decisions—enhancing responsiveness, efficiency, and resource utilization.

The chapter is structured as follows. Section 2.1 introduces key scheduling concepts,
constraints, and performance objectives. Section 2.2 presents a conceptual framework of
scheduling environments and compares their complexity. Section 2.3 highlights the dynamic
and uncertain nature of modern manufacturing scheduling. Section 2.4 reviews traditional
solution methods, including exact, heuristic, and metaheuristic algorithms. Section 2.5
focuses on RL for dynamic scheduling, including value-based and actor-critic methods.
Section 2.6 discusses multi-objective scheduling problems and trade-off management using
Pareto theory. Section 2.7 introduces SHAP (SHapley Additive exPlanations) as an
explainability technique in RL and outlines its use as an empirical tool to interpret learned
scheduling policies. Section 2.8 identifies current challenges and research gaps. Finally,

Section 2.9 summarizes the review and connects it to the research direction of this thesis.
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2.1. Theoretical Foundations

2.1.1. Fundamental Scheduling Concepts and Terminology

Scheduling is a critical decision-making process in manufacturing systems, involving
allocating resources (machines) to tasks (jobs) over specified time periods, to optimize one
or multiple objectives [7]. Scheduling plays a crucial role in improving production efficiency
and effectiveness across different industrial engineering contexts. Resources can vary widely
from airport runways [8], [9], [10], port cranes [11], [12], and computer processing units [13]
to machines in manufacturing systems. Tasks also vary significantly, such as aircraft take-
offs and landings [ 14], cargo loading on ships [15], job executions in manufacturing systems,

or task scheduling in computer processors and cloud computing environments.

Scheduling problems in manufacturing are not only defined by their objectives but also
shaped by a variety of constraints. These constraints directly affect the feasibility and
performance of a schedule, especially in dynamic environments. Typical restrictions and

constraints in the scheduling problem are:

* Release dates: Times when jobs become available for processing. Release dates prevent
the processing of the jobs from being available.

*  Preemptions: Imply that it is not necessary to keep a job on a machine once started
until its completion. Preemptions are important in real-time environments, while urgent
tasks must be prioritized.

* Precedence constraints: Require that one or more jobs may have to be completed
before another job is allowed to start its processing. These constraints reflect the
complexity of a multi-stage production environment, such as the automobile or steel
furnace industry.

* Sequence-dependent setup times: Additional preparation time is required between

different jobs, varying based on the order of the tasks. These types of setup times reflect

11
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the industry with frequent product changes, such as pharmaceuticals and food
processing, especially for mass customized production, where the setup duration
variation can lead to significant production inefficiencies.

*  Batch processing: Indicates that a machine may be able to process several jobs. Batch
processing is common in chemical processing or the semiconductor industry, which
adds complexity due to the batch sizes and compatibility.

*  Breakdowns: Imply that a machine may not be continuously available. The robust and
flexible scheduling strategies are required to maintain efficiency and minimize
downtime.

* Recirculation: A job may visit a machine or work center more than once. Recirculation
is considered in two different situations; one is in the complex manufacturing operations
where multiple processing stages are considered. Another is that the failure rate is

considered in processing. Both circumstances increase scheduling complexity.

Some common possible objective functions in the manufacturing problems are:

*  Makespan: defined as the completion time of the last job to leave the system. Shorter
makespans are associated with increased efficiency and reduced costs.

* Total weighted tardiness: represents the total waited delay relative to due dates.
Excessive tardiness leads directly to financial penalties, lost customer goodwill, and
damaged market reputation.

* Flowtime: represents the total time jobs spend in production. Minimizing flowtime is
important for reducing inventory costs, improving responsiveness, and enhancing
customer service.

* Total setup time: defined as the cumulative time spent preparing machines for different
jobs. Reducing the setup time could improve the production efficiency and cut down the
tooling cost, while frequently changing the tools would affect the health of the machines.

*  Machine utilization: defined as the percentage of total available time during which

12
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machines are actively processing jobs. High utilization rates signify optimal use of

resources, though excessively high rates may risk equipment fatigue and failures.

Real-world scheduling problems often involve conflicting objectives, such as minimizing
makespan, cost, energy consumption, and tardiness. A clear understanding of these trade-
offs lays the groundwork for developing advanced scheduling strategies that can adapt to

diverse operational goals and dynamic constraints, as explored in the subsequent chapters.

2.1.2. The Role of Scheduling in Enterprise

As highlighted in Section 1.2 of Pinedo’s "Scheduling: Theory, Algorithms, and Systems
(5th ed.)" [6], scheduling acts as a critical coordination mechanism that integrates various
managerial and operational activities within an enterprise ecosystem. Particularly in
manufacturing, scheduling interacts closely with upstream systems such as Enterprise
Resource Planning (ERP) and Material Requirements Planning (MRP), aligning production
activities with organizational goals. Figure 2.1 depicts the information flow diagram in a

manufacturing system.

Scheduling systems receive key data, including customer orders, due dates, production
quantities, and capacity forecasts, from ERP and MRP modules. These inputs are translated
into detailed shop-floor schedules, determining machine assignments, processing sequences,
and operation timings. This process effectively bridges long-term strategic plans with day-

to-day operational tasks.

Effective integration between scheduling and ERP/MRP enables the enterprise to manage
disruptions such as equipment failures, material shortages, or shifts in customer demand,
maintaining responsiveness and agility. Simultaneously, scheduling provides operational
instructions to shop-floor control systems, facilitating real-time execution and continuous

performance monitoring. Thus, scheduling acts as an essential link connecting long-term

13



Chapter 2-Literature Review

strategic planning and immediate operational decision-making.

Industry 4.0 and digital transformation highlight the importance of real-time data exchange
and rapid responsiveness. Traditional ERP-based scheduling systems struggle to adapt
quickly enough to highly dynamic manufacturing environments. Modern cyber-physical
systems and smart factories require advanced scheduling methods capable of quickly
adapting to changing conditions. Emerging decentralized scheduling approaches based on

reinforcement learning are increasingly explored to address these challenges [16].
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Figure 2.1. The information flow diagram in a manufacturing system.

The scheduling approach presented in this research aims to enhance interoperability between
strategic planning functions (ERP/MRP) and operational execution on the shop floor. This

research leverages decentralized and event-driven approaches to enhance decision quality,
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system responsiveness, and operational performance. Accordingly, the thesis highlights
scheduling as a vital integrative mechanism for aligning strategic goals with operational

efficiency in modern manufacturing.

2.2. A Conceptual Framework of Scheduling Problems

The conceptual framework proposed in this section is systematically derived from a critical
synthesis of foundational and contemporary literature in dynamic scheduling. The
framework is organized around four core dimensions: triggering mechanisms, environment
uncertainties, decision architectures, and solution methods. Each of these reflects a

structuring principle that has been consistently emphasized in the literature over decades.

Specifically, the distinction in triggering mechanisms, such as periodic versus event-driven
rescheduling, builds on the seminal framework by Vieira, Herrmann, and Lin [17], who
classified reactive scheduling policies based on disturbance types. This perspective was later
echoed in surveys including Ouelhadj and Petrovic [18]. Empirical studies by Sabuncuoglu
and Bayiz [19] further validated these rescheduling strategies under conditions such as

machine breakdowns and unexpected job arrivals.

The treatment of environmental uncertainties is grounded in the comprehensive uncertainties
established by Ouelhadj and Petrovic [18], including machine failures, stochastic job arrivals,
and sequence-dependent setup times. This view has been extended by Zandieh and Gholami
[20] and Sotskov and Werner [21], and complemented by Aytug et al.’s systematic review of

approaches to handling uncertainty in production execution [22].

The axis of decision architecture, which distinguishes centralized from decentralized control,
draws directly from research on multi-agent and holonic manufacturing systems. Key
contributions include the work of Shen, Norrie, and Barthés [23], as synthesized in Kletti

[24], and Aissani et al. [25], both of which contrast global optimization with local autonomy
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in smart factory environments.

Finally, the evolution of solution methods, from simple dispatching rules to advanced deep
reinforcement learning techniques, is traced through key milestones. These include Pan and
Yang [26] on transfer learning, Wang et al. [27] on curriculum learning, and recent
applications to the dynamic flexible job shop scheduling problem by Liu et al. [28], Zhang

et al. [16], and Luo et al. [29].

This framework integrates insights from Pinedo’s authoritative textbooks [6], [7] and more
than 120 peer-reviewed studies published between 2000 and 2024, all drawn from the
reference corpus of this thesis. To validate its coherence, every cited work in Chapter 2 was
mapped onto the framework, confirming that each study fits unambiguously within one or
more of its dimensions. Furthermore, the framework aligns with recent survey articles,
including Shojaeinasab et al. [30] on intelligent manufacturing execution systems and Tian
et al. [31] on dynamic multi-objective learning, which underscores its relevance to current

research trends.

Figure 2.2 visually synthesizes this conceptual framework, presenting the four dimensions
as hierarchical axes that jointly define the space of dynamic scheduling problems. Each
branch corresponds to a category discussed above, enabling researchers to locate any study
or design any new approach within a unified classification system. The diagram thus serves
not only as a summary of existing knowledge but also as a structured guide for future

investigation.
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Figure 2.2. Conceptual framework of dynamic scheduling problem components.

2.2.1. Machine Environment Classifications

Based on the machine environment, the manufacturing problem can be categorized basically
as the single-machine scheduling problem, the parallel-machine problem, the flow-shop
scheduling problem, the job-shop scheduling problem, and the open-shop scheduling

problem.

* Single-machine scheduling problem is the simplest form, involving sequential
processing on a single resource. It is often applied in specialized manufacturing, like
custom jewelry or precision watchmaking.

* Parallel-machine scheduling problem extends this by enabling simultaneous

processing across multiple resources. It is commonly observed in printing industries or
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batch processing in food industries.

*  Flow-shop scheduling problem (FSP) is further generalized by imposing a fixed
machine sequence common to all jobs, introducing constraints on processing order. A
typical example is an automobile assembly line, where all the production follows the
same processing route.

* Job-shop scheduling problem (JSSP) expands complexity by permitting distinct
routing paths for each job. Some common real-world applications include aerospace part
fabrication, custom mold manufacturing, and semiconductor wafer production, while
custom production often includes increasing the flexibility of this scheduling problem.

*  Open-shop scheduling problem embodies the highest level of generality by removing
routing restrictions altogether, significantly enlarging the feasible solution space and
intensifying the complexity inherent in the scheduling problem. Though this problem is
theoretically intriguing, it is rarely practiced in real manufacturing due to its demand for

machines capable of multiple functions.

Among these categories, the job-shop scheduling problem has garnered substantial attention
since Johnson’s seminal work in 1954, primarily because of its direct alignment with real-
world manufacturing complexities [32]. The flexible job-shop scheduling problem, an
extension of JSSP allowing operations on multiple alternative machines, further enhances
practical applicability, finding significant use in advanced manufacturing sectors such as
semiconductor fabrication, chemical production, pharmaceutical manufacturing, and

precision mold industries [33].

2.2.2. Complexity of Scheduling Problems

The complexity of scheduling problems increases with system flexibility. While single-
machine problems can be polynomially solvable under certain conditions, open-shop
problems are generally NP-hard, meaning no known polynomial-time algorithm guarantees

optimality. This has led to the development of advanced heuristic and metaheuristic
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approaches, such as genetic algorithms, simulated annealing, tabu search, and hybrid

methods, to obtain practically feasible solutions.

Table 2.1. Comparison of scheduling problem types by complexity, applicability, and

Industry 4.0 relevance.

Problem Complexity Applicability Industry 4.0 Relevance
type
Single Low Basic manufacturing, Low: Limited flexibility
machine (Polynomial-time  small-scale workshops, and scalability;
solutions for and low-volume incompatible with smart
many cases) production. factories requiring parallel
workflows.
Parallel- Moderate High-volume Moderate: Enables
Machine (NP-hard for production scalability but lacks
many variants) (e.g., electronics adaptability to real-time
assembly), batch disruptions or complex
processing. workflows.
Flow-Shop Moderate-High  Assembly lines Moderate: Fixed
(FSP) (NP-hard for >2 (e.g., automotive, sequences limit flexibility,
machines) consumer goods), but [oT integration can
sequential production enhance predictability.
stages.
Job-Shop High Customized High: Aligns with flexible
(JSSP) (Strongly NP- manufacturing manufacturing systems
hard) (e.g., aerospace, (FMS) and smart factories
semiconductors), needing adaptive routing.
complex routing with
unique job sequences.
Open-Shop Very High Rare in traditional Emerging Potential:
(NP-hard) manufacturing Maximizes flexibility (no

(e.g., maintenance
scheduling,
lab experiments).

fixed routing), ideal for
reconfigurable smart
factories.

2.2.3. Flexible Job Shop Scheduling Problem

A notable extension of JSSP is the FISSP, which integrates features from JSSP and parallel-

machine scheduling. A flexible job shop (FJS) consists of multiple work centers. Each work
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center contains several parallel machines that can process different operations independently.
Jobs are categorized into several types, and each job type is composed of a sequence of
operations. These operations must follow a predefined order and can be processed on any
capable machine within the assigned work center. FJSSP generalizes JSSP by allowing
routing flexibility and sequencing flexibility. Routing flexibility allows jobs to choose from
multiple available machines within a work center, significantly enhancing adaptability and
responsiveness. Sequencing flexibility allows jobs to follow varied operation sequences
across different machines, improving customization and efficiency. These flexibilities

considerably increase both the practical relevance and complexity of the FISSP.

DFJSSP has become increasingly relevant with the advancement of flexible manufacturing
systems (FMS), which align with Industry 4.0 objectives of increased adaptability, efficiency,
and responsiveness to market changes. These modern manufacturing systems heavily rely
on advanced optimization algorithms, simulation techniques, and real-time decision-making

tools to effectively address this complex problem.

2.2.4. Centralized vs. Decentralized Scheduling

Centralized Scheduling involves a single global scheduler responsible for generating
schedules for the entire system, where decisions flow from the top down. This hierarchical
approach simplifies initial management but limits the autonomy and adaptability of local
controllers, potentially causing delays in responding to dynamic changes and reducing

scalability.

Decentralized Scheduling decomposes the overall scheduling problem into smaller
subproblems handled independently by local decision-making agents. These agents may
have conflicting local objectives but coordinate their decisions through communication
mechanisms to achieve global system efficiency. Decentralized scheduling enables swift,

localized decision-making based on up-to-date system information, enhancing adaptability
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and responsiveness to dynamic events, such as unexpected job arrivals or machine

breakdowns.

The increasing significance of decentralized scheduling correlates with advancements in
modern manufacturing environments, such as Industry 4.0 and smart factories [24]. These
environments prioritize adaptability, responsiveness, and robustness, making decentralized
scheduling more suitable despite the requirement for sophisticated coordination mechanisms

and carefully designed local agents.

2.2.5. Evolution of Scheduling Methodologies

Evolution of Scheduling Methods (1950s-2020s)

Al-Driven Industry 4.0
(Federated Learning, Digital Twins

2020s:
Advanced Al Tgchniques
(Federated RL, Qigital Twins)

Reinforcement Learnin 20s)

2020s:
Advanced Al Techniques

Metaheuristics (1990s) (Federated RL, Digital Twins)

2010s:
Reinforcement Learning
(Q-Learning, DQN)

Heuristics (1980s)

1990s-2000s:
Heuristics & Metaheuristics
(GA, SA, Tabu Search)

Exact Methods (1960s)

1970s-1980s:

Methodological Complexity & Industrial Relevance

Exact Algorithms
(Branch and Bound,
1950s-1960s: Dynamic Programming)
Foundational OR
(Johnson, LP)
1950 1960 1970 1980 1990 2000 2010 2020 2030

Timeline (1940s - 2020s)

Figure 2.3. Chronological development of scheduling methodologies: from exact

algorithms to Al-driven frameworks (1950s—2020s).

Figure 2.3 illustrates the evolution of scheduling methodologies from the foundational
methods of Operations Research (1950s) to modern Al-driven decentralized scheduling
techniques aligned with Industry 4.0. This historical progression underscores the increasing

methodological complexity and industrial relevance, highlighting the transition from exact
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methods and heuristics towards reinforcement learning-based approaches, including
decentralized RL and federated learning. Such advanced methods reflect the contemporary
demands for real-time responsiveness, adaptability, and decentralized decision-making

capabilities essential for modern smart manufacturing environments.

2.3. The Dynamic Nature of Modern Manufacturing Scheduling

With the development of information technology, especially cyber-physical systems and the
IoT, real-time event collection has become possible. Meanwhile, the improvement in
computing power enables real-time processing of dynamic events, thereby promoting the
advancement of modern industrial scheduling technologies. However, those dynamic events
challenge the classical scheduling system. Modern scheduling systems emphasize real-time
responsiveness, flexibility, and automation. Considering that these events add complexity to
the scheduling problem, developing effective scheduling strategies has become increasingly

important.
2.3.1. Static vs. Dynamic Scheduling: A Comparative Framework

Scheduling problems are often divided into static and dynamic categories due to varying
levels of uncertainty and information availability inherent in different manufacturing

environments:

* Static Scheduling: Assumes deterministic conditions where all job details and machine
availabilities are known in advance, enabling fixed schedules without further
modification during execution.

* Dynamic Scheduling: Explicitly addresses uncertainties such as unpredictable job
arrivals, disruptions, or machine breakdowns, requiring real-time decision-making and
continuous schedule adaptation. Dynamic scheduling methodologies leverage advanced

computational methods like heuristics, machine learning, and reinforcement learning.
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In most real-world environments, scheduling is a continuous and reactive process driven by
frequent, unforeseen disruptions. These disruptions demand ongoing adjustments, as static
approaches often fail to remain practical when exposed to real-time changes. As a result,
dynamic scheduling methods are essential for ensuring robustness and sustaining optimal

efficiency in modern manufacturing systems.

2.3.2. Dynamic Scheduling Policies

In a dynamic scheduling problem, decision-making strategies can be categorized by their
triggering mechanisms. Rather than focusing on how decisions are made, this level considers
when scheduling actions are initiated, either through event-driven triggers such as job

arrivals or machine availability, or through periodic triggers at fixed time intervals.

Event-Driven Policy

In event-driven policy, the decision-making process is triggered in response to events that
will change the status of the dynamic scheduling problem. Events can be either unexpected,
such as job arrivals or machine breakdowns, or predictable, such as a machine becoming idle

or the completion of a job’s processing stage.

Shahrabi et al. [34] proposed an event-driven approach in dynamic job shop scheduling, with
rescheduling triggered by new job arrivals or machine breakdowns. Similarly, Gu et al. [35]
adopt an event-driven rescheduling strategy for dynamic events like job insertions, machine
breakdowns, and reprocessing of unqualified operations. In a pharmaceutical factory case
study, Said et al. [36] implemented online scheduling triggered by disruptions that
significantly alter system states and performance. In semiconductor manufacturing, Kim et
al. [37] described a two-stage scheduling process, “machine targeting” and “lot dispatching”,
initiated by the number of available machines and the volume of jobs in the buffer. In the

context of smart factories optimizing flexible job shop problems, Chang et al. [38] used new
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job arrivals as triggers for scheduling decisions. Luo et al. [29] proposed a deep
reinforcement learning solution for dynamic multi-objective problems with partial-no-wait

constraints, where scheduling is initiated by new job insertions or machine breakdowns.

Periodic Policy

In a periodic policy, the decision-making process is triggered at regular time intervals, which
gathers all the information from the systems. This method will change the dynamic
scheduling problem into a static form in decision-making. The schedule produced in the time

horizon will be executed but not revised until the next time horizon.

In a chemical production scheduling scenario, Hubbs et al. [39] used reinforcement learning
under a periodic receding horizon approach, with product demands generated via statistical
models. This approach naturally represents system uncertainty and demonstrates superior
performance compared to short receding horizon Mixed-Integer Linear Programming (MILP)
schedulers. Extending forecast horizons using a shrinking horizon MILP model further
enhances scheduling effectiveness. Zhu et al. [40] employed deep reinforcement learning
(DRL) in cloud manufacturing, utilizing periodic updates of demand and resource matrices.
Qu et al. [41] applied Q-learning for dispatching decisions in multistage batching processes,

making periodic assessments at each time interval.

2.3.3. Sources of Uncertainty in Modern Manufacturing

In a dynamic manufacturing environment, disruptions can be categorized into resource-

related and job-related events [18].

Resource-related events include unforeseen issues affecting machinery, tools, or materials,
such as machine breakdowns, defective inputs, delayed material deliveries, and capacity
constraints. Examples include supply chain disruptions due to transportation delays or

geopolitical events. These events significantly impact operational flow, requiring rapid
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adjustments to schedules. Common modeling techniques for these disruptions include
exponential distributions for breakdown intervals and repair times [20], [42], non-
homogeneous Poisson processes [43], and Gamma stochastic processes to represent machine
deterioration [44]. Weibull distributions are also used to model machine failure patterns

realistically, as failure probabilities typically increase over time [45], [46].

Job-related events stem from fluctuations in orders or job specifications, including
unexpected orders, rush requests, last-minute priority changes, revised processing times, or
additional mid-production operations. Such disruptions necessitate significant schedule
adjustments to meet changing customer demands. There are three main approaches to
modelling stochastic job-related events. The first approach treats events as entirely
unpredictable until their occurrence. Zhang and van de Velde [47] address a non-clairvoyant
online scheduling problem, where job release times, processing times, and required time lags
are all unknown until execution. Both studies exemplify online scheduling models that
assume events are entirely unpredictable until they occur. Hopf et al. [48] address a
multistage online scheduling problem where jobs arrive sequentially and must be assigned
immediately without any knowledge of future arrivals. Their work exemplifies the class of
online models that assume events are entirely unpredictable until they occur. The second
approach utilizes historical data and machine learning techniques for forecasting
uncertainties [49], [50]. The third approach employs probability distributions, notably the
Poisson process, to define event likelihood [42], [51]. Beyond the Poisson framework,
various probability and uncertainty models have also been adopted to simulate dynamic
behaviors in scheduling environments. Exponential and geometric distributions are
commonly used to model job arrivals and processing times. For example, Thiirer et al. [52]
applied exponential distributions to simulate job durations in stochastic environments.
Germs and van Foreest [53] employed geometric distributions in a discrete-time setup to
represent stochastic inter-arrival times. Uniform distributions have been utilized for

simulating dispatching rules and comparing performance under varying objectives [54]. In
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addition, fuzzy logic-based models have been introduced to address ambiguity and
vagueness in production information. Ali and El-Baz [55], for instance, proposed a fuzzy
logic scheduling algorithm tailored for non-permutation flow shops under both static and
dynamic conditions. In this research, the Poisson process is selected for modeling job-related
uncertainties due to its effectiveness in capturing random arrival patterns common in

dynamic manufacturing scenarios, enabling responsive scheduling strategies.

2.4. Traditional Scheduling Methodologies

To cope with the complexity and variability of modern scheduling problems, various
algorithms have been developed to enhance production efficiency and effectiveness. These
scheduling algorithms can generally be divided into three categories: exact algorithms,
heuristics, and metaheuristics. Each category offers different trade-offs between solution
quality and computational effort, and their applicability often depends on the specific

characteristics of the scheduling environment.

2.4.1. Exact Algorithms: Strengths and Limitations

Exact algorithms, such as dynamic programming [56], [57], branch-and-bound [58],
integer/mixed-integer programming [59], and constraint programming [60], [61], guarantee
optimal solutions by exhaustively exploring the entire solution space. For instance, branch-
and-bound systematically evaluates subproblems, pruning those that cannot lead to better
solutions, ensuring optimality in smaller or less complex scheduling problems. Similarly,
integer/mixed-integer programming provides mathematically proven optimal solutions by

precisely defining and solving linear constraints and objectives.

However, these methods encounter significant challenges when dealing with larger, more
complex, or highly dynamic scheduling environments. As problem size grows, the

computational complexity of most practical scheduling problems increases exponentially
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because they are Non-deterministic Polynomial-time hard (NP-hard), rendering exact
solution methods impractical or infeasible for large-scale cases. Therefore, while exact
algorithms are effective for smaller or simplified instances, their limitations in scalability
and responsiveness justify the need for heuristics and metaheuristics to handle more realistic,

dynamic, and complex scenarios efficiently.

2.4.2. Heuristic and Metaheuristic Approaches

A common class of heuristic algorithms adopts basic priority rules to construct schedules
efficiently. Common dispatching rules used in reactive scheduling systems include SPT,
FIFO, SLACK, visibility rule, EDD, CR, SI, MOD, MF, COVERT, ATC, CEXSPT, CRsetup,
and others [18]. These rules consist of two key components: an attribute function, which
defines the job or machine’s priority based on specific criteria, and a sorting algorithm,
which ranks and selects the best candidate for allocation. Scheduling decisions are made by
choosing the job or machine that minimizes or maximizes the attribute value. Due to their
low computational complexity, dispatching rules enable rapid decision-making, making
them well-suited for real-time scheduling. However, their effectiveness can significantly
decline in more complex or multi-objective scheduling scenarios, and they are sensitive to
rule selection and changing system conditions. Therefore, while simple dispatching rules
offer fast solutions, they may not consistently yield optimal outcomes across diverse or

unpredictable environments [62].

Metaheuristics, on the other hand, are higher-level algorithms designed to navigate complex
and large solution spaces, guiding searches toward high-quality solutions without ensuring
optimality. Common examples include Genetic Algorithms (GA), Simulated Annealing (SA),
Tabu Search (TS), Ant Colony Optimization (ACO), and Particle Swarm Optimization

(PSO). A brief description of selected metaheuristics is presented next.
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Genetic Algorithms [63], inspired by evolutionary biology, encode scheduling
solutions as chromosomes. Through iterative processes involving selection, crossover,
mutation, and elitism, GA progressively refines populations of solutions. While GA has
advantages in handling complex combinatorial scheduling problems, it typically
requires substantial computational resources and iterative evaluations, limiting its
applicability to real-time adjustments [64], [65].

Simulated Annealing mimics the physical annealing process, probabilistically
accepting both better and worse solutions to escape local optima [66], [67], [68]. Its
strength lies in finding high-quality solutions with fewer parameters than GA. However,
the iterative cooling schedule required for convergence limits its responsiveness to
immediate disruptions, making it less suitable for real-time scheduling.

Tabu Search utilizes memory structures to systematically explore solutions and avoid
cycling through recently visited options [69], [70]. Its adaptive memory approach
efficiently handles complex problems, but it requires considerable computation for
managing and updating the tabu list, thus reducing real-time responsiveness.

Ant Colony Optimization, inspired by ant behavior in nature, constructs solutions by
probabilistically following pheromone trails [71], [72]. Its iterative improvement
process effectively tackles complicated optimization problems but typically demands
extensive computation, making it less viable for immediate decision-making in dynamic
environments.

Particle Swarm Optimization simulates collective behavior to search the solution
space [73], [74], [75]. It balances global and local exploration effectively but generally
requires multiple iterations for convergence. Consequently, its applicability to

instantaneous real-time scheduling adjustments is limited.

In summary, while metaheuristics offer robust methods for addressing complex scheduling

problems, their reliance on iterative refinements and substantial computational resources

makes them predominantly suitable for offline or periodic optimization tasks. In contrast,
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simpler heuristic dispatching rules provide faster yet potentially suboptimal solutions,
underscoring the value of more adaptive approaches, such as reinforcement learning, for

dynamic scheduling scenarios.

2.5. Modern Al-Driven Scheduling Solutions

2.5.1. Summary of RL-based Scheduling Literature

RL significantly differs from classical optimization methods as it does not rely on predefined
mathematical models or explicit solutions. Instead, RL learns through a trial-and-error
process within an environment, incrementally improving policies by maximizing
accumulated rewards from actions. With the development of machine learning methods,
especially the occurrence of deep learning methods, RL has been successfully applied to
complex decision-making problems, such as the game of GO [76] and robot control [77].
Considering the dynamic scheduling problem as a decision-making environment for RL, the
RL agent can be trained to select the optimal policy through a large amount of simulation,

especially for uncertain values such as processing time and unpredictable events.
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2.5.1.1. Introduction to Reinforcement Learning

] Environment <+

Tty St+1| St a;

— Agent

Figure 2.4. The diagram of reinforcement learning

RL is one of the three basic machine learning paradigms, alongside supervised learning and
unsupervised learning. Unlike the supervised learning method, it does not need pairs of input
and output data or the optimal solutions to correct the learning algorithms. By focusing on
finding the balance of exploitation (policy under the learned knowledge) and exploration
(using untried policy), RL selected the actions to achieve the maximum accumulated rewards.
The environment setting of the RL is stated as the Markov Decision Process (MDP). An
MDP is formally defined by a tuple (S,A4,P,R,y), where S is the state space, A the action
space, P(s’|s,a) the transition probability, R(s,a,s") the reward function, and y € [0,1]
the discount factor that weighs future rewards. In scheduling contexts, these components are
instantiated as follows: the state s, typically encodes real-time shop floor information (e.g.,
machine status, job queues, due dates); the action a; corresponds to a dispatching decision
(e.g., assigning a job-operation to a machine); and the reward 7, is often designed as a
negative of a scheduling objective (e.g., —tardiness or —makespan increment) to encourage
minimization. As shown in Figure 2.4, the agent gets the states s; from the environment
and selects the actions a; based on the exploitation and exploration procedure. The
environment transitions to the next state s;,; under the action. A reward r; is fed back

into the agent. The agent’s goal is to learn a policy m(a|s), which is a mapping from states

30



Chapter 2-Literature Review

to actions. This policy m maximizes the expected return G, = Y5V *Trik41, Which
represents the discounted sum of future rewards. This is typically achieved by estimating
value functions: the state-value function V™(s) predicts the expected return from state
s under policy m , while the action-value function Q™(s, a) evaluates taking action a in

state s and then following m .

The agent learns and optimizes the policy based on the experience set (S;, a;, 7¢, S¢r1)-
Under the trial-and-error process, the agent learns to select the appropriate action a* that
will maximize the cumulative rewards under state s*. Since the true transition dynamics
P(s' | s,a) are generally unknown in real-world scheduling, most applications adopt
model-free RL methods, which learn directly from interaction data without requiring a

system model.

2.5.1.2. Value-based Reinforcement Learning Algorithms
(1) Q-learning

Q-learning is a model-free reinforcement learning algorithm that learns the optimal action
to take in each state. It does not require a model of the environment. The “Q” refers to the
expected accumulated return by applying certain actions under a certain state. In the Q-
learning algorithm, the Q-value matrix Q(s,a) is the crucial component that will be
updated during the training. Q-learning is utilized to interact with the factory with stochastic

state transitions for the derivation of optimal policies as

Q'(SeA) = Q(St,Ad) + a[Res +Y Max Q(Serr, Aesa) = Q(Se, A, 2.1)

where y is adiscount factor for future rewards; a is the learning rate. @ (-) 1is a state-action
value function, which is sequentially updated during the training period; A, denotes a
chosen action from the action space at time t; R;,; isareward for the state transition from

S, to S;.1. A scheduling experience of the Al scheduler is denoted by (S;, A¢, Res1, St41)s
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and all the experiences are stored for training purposes.

In the pattern-driven dynamic approach, Wei et al. [78] defined the state space uniformly.
The number of the state is determined by the complexity of the problem. The uniformly
divided state space and candidate dispatching rules create the Q-value matrix with limited
state-action pairs. In the dynamic job shop scheduling problem, while the jobs come
randomly, M. Aydin and E. Oztemel [79] applied Q-learning to select the most appropriate
rules at a different decision point. Based on the range of the objective value mean slack time,
the choice of the different rules returns different rewards. In a real-time dynamic flow shop
scheduling problem, Wang et al. [80] proposed an RL approach based on the Q-learning
method to support the decision-making process at every time step. The Q-value is an
innovation in the RL learning methods, which quantifies the good and bad of the experience.
However, for the large-scale problem, the Q-value matrix is not feasible. Moreover, the state
space in real-time scheduling is fundamentally continuous, encompassing dynamic variables
such as time, workload, and resource availability. Consequently, discrete tabular approaches
like the Q-value matrix cannot adequately model the problem and are computationally

impractical.

(2) Deep Q-network

To address more complex decision-making tasks, Deep Q-Networks (DQN) leverage deep
neural networks to approximate the action-value (Q) function over continuous or high-
dimensional state spaces [81]. Unlike tabular Q-learning, which stores a separate value for
every state—action pair, this method uses a function approximator to generalize across states,
enabling it to handle large or continuous state spaces. By storing past experiences in a replay
buffer and sampling them randomly during training, experience replay further stabilizes
learning and reduces temporal correlations. Together, these mechanisms enable DQN to
scale effectively to complex scheduling environments and adapt robustly across diverse and

dynamic conditions. Hu et al. [82] employed the DQN, which is a successful Deep
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Reinforcement Learning (DRL) method, to solve the dynamic scheduling problem of FMSs
involving shared resources, route flexibility, and stochastic arrivals of raw products. In a
real-time and concurrent optimization of scheduling and reconfiguration for dynamic flow
shop problems, Yang et al. [83] applied double-layer DQN with a “softmax” policy. The
double-layer DQN contains two layers, the online layer and the offline layer, of critic
functions. This structure separates the training process and exploitation of the policy; hence,
it increases the efficiency of the algorithm. The “softmax” policy, rather than random
selection in the exploration process, chooses the candidate based on the probability values,

which can accelerate convergence while maintaining exploration.

Overall, value-based DRL methods like DQN are well-suited to scheduling tasks. They
generalize across high-dimensional, stochastic environments without requiring full state

enumeration, enabling real-time and adaptive decision-making.

2.5.1.3. Actor-Critic Network

In value-based methods, the Q-value pair Q(s,a) estimates the expected return obtained
by executing action a in state s and subsequently following a given policy. For small-
scale problems with discrete and finite state—action spaces, these Q-values can be
represented exactly using a tabular format and stored directly in memory. However, value-
based methods like Double DQN (DDQN) are inherently limited to discrete action spaces,
as they rely on explicit maximization over Q(s,a) for all actions a. This makes them
unsuitable for scheduling problems that require fine-grained or continuous control decisions,
even if the state representation is handled via deep networks. To overcome this, policy
gradient methods directly optimize the policy parameters 8 by ascending the gradient of
expected return, enabling stochastic or continuous actions. Actor-critic algorithms combine
the strengths of both approaches: an actor (policy network) selects actions, while a critic
(value network) evaluates them by estimating V(s) or Q(s,a) . The critic’s low-variance

feedback stabilizes policy updates, making actor-critic methods particularly effective for
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high-dimensional scheduling tasks.

In the real-time flow shop scheduling with dynamic job arrivals, Yang et al. [84] compared
the DQN, double-layer DQN, and the actor-critic algorithm Advantage Actor-Critic (A2C).
A2C achieved shorter CPU times while maintaining performance comparable to that of
value-based reinforcement learning algorithms. In the multi-agent manufacturing system for
dynamic job shop scheduling, Zhang et al. [85] compared the performance of dispatching
rules, Genetic Programming-based (GP-based) algorithms, DQN-based algorithms, and PPO
algorithms. The proposed actor-critic-based PPO algorithm makes the Al scheduler obtain
better scheduling results. Lin and Chen [86] adopted an actor-critic framework for the RL
agent used in the two-stage flow shop problem. The RL agent is based on the PPO algorithm,
where the actor is responsible for interacting with the environment to collect samples, and
the critic is responsible for judging the action of the actor. Liu et al. [87] designed the
Asynchronous Advantage Actor-Critic (A3C) algorithm agent according to the LeNet-5
network structure. To reduce the difficulty of training, the actor-network and critic-network

are generally adopted to share part of the network structure and parameters.

2.5.1.4. Graph Convolutional Network

In dynamic scheduling problems, the scheduling process can be represented using graph
structures such as disjunctive graphs. Hence, the graph convolutional network combined
with the RL method can be applied to these scheduling problems. Jing et al. [88] developed
an RL method to solve the decentralized flexible job shop problem. The problem is described
by a probabilistic directed acyclic graph (DAG). In this formulation, nodes represent jobs or
operations, and edges encode probabilistic precedence dependencies. Graph Convolutional
Networks (GCNs) are then used to aggregate and transform node features by leveraging the
DAG’s topology, thereby capturing structural dependencies and contextual relationships

among jobs.
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2.5.2. Multi-Agent Methods and Decentralized Scheduling Systems

(1) Motivation for Decentralization

Large-scale or geographically distributed factories often require decentralized scheduling
due to prohibitive communication latency between sites, limited bandwidth for centralized
data aggregation, computational intractability of global optimization, and the need for local
decision-making under partial observability. Centralized approaches may become
bottlenecks due to communication delays or data overload. Multi-Agent Reinforcement
Learning (MARL) addresses this by deploying multiple agents that operate based on local
observations and execute decentralized policies, enabling scalable coordination without
reliance on global information. This architecture enhances responsiveness to dynamic events,
improves scalability across heterogeneous production units, and increases resilience to

localized disruptions such as machine failures or stochastic job arrivals.

(2) Conflict Resolution and Coordination

Effective decentralized scheduling requires agents to resolve resource conflicts and
coordinate decisions despite operating under partial observability, formally modeled as a
decentralized partially observable Markov decision process (Dec-POMDP). To improve
joint performance, agents may exchange limited local information, experiences, or learned
intentions; however, such communication must be designed carefully to avoid excessive
overhead and to mitigate the non-stationarity induced by concurrently learning peers. While
global reward signals are sometimes shared across agents to promote cooperation, this
approach alone often fails to resolve the credit assignment problem, for example,
determining which agent’s actions contributed to success or failure. Consequently, more
sophisticated mechanisms, such as counterfactual baselines, difference rewards, or learned

reward decomposition, are typically required to meaningfully align individual policies with
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system-level objectives without undermining local autonomy.

In dynamic scheduling problems with multiple stages, such as flexible job shops or flexible
flow shops, the manufacturing process involves a sequence of operations for each job, where
each operation can be processed on one of several eligible machines. This structure naturally
leads to a decomposition of the scheduling decision into two interrelated subproblems:
machine assignment (routing), which determines which machine processes each operation,
and local sequencing, which orders the operations assigned to each machine’s queue. Multi-
agent systems significantly reduce scheduling complexity and computational requirements.
Liu et al. [89] proposed a modified version of the Deep Deterministic Policy Gradient
(DDPQG) algorithm that enables simultaneous training across multiple dynamic job shop
scheduling tasks. In their approach, agents share common actor and critic networks, with
experiences collected in parallel from distributed environment instances. This design
introduces a training scheme that resembles asynchronous methods. It differs from standard
DDPG, which relies on synchronized, off-policy updates from a centralized replay buffer.
Additionally, Liu et al. [28] divided the scheduling problem into a routing agent for assigning
jobs to machines and a sequencing agent for job ordering, employing asynchronous

transition techniques and parameter sharing to simplify the multi-agent training.

Furthermore, Aissani et al. [25] introduced a multi-agent adaptive scheduling model tailored
for multi-site operations, featuring observer, stock, and resource agents that dynamically
collaborate to determine optimal pricing and resource allocation using the State—Action—
Reward—State—Action (SARSA) reinforcement learning algorithm. Similarly, Qu et al. [41]
utilized distributed RL in large-scale manufacturing networks, allowing agents to
independently select dispatching rules based on local information while sharing learned
parameters to enhance global performance. Zhou et al. [90] demonstrated that multi-agent
RL enhances scheduling efficiency through agents' mutual interactions and cooperative

learning within smart factories.
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2.5.3. Case Studies: RL in Industry 4.0 Applications

In Industry 4.0, especially in dynamic manufacturing contexts such as semiconductor
production, pharmaceutical manufacturing, and smart factories. For instance, Waschneck et
al. [91] deployed cooperative deep Q-learning agents in a semiconductor fab to dynamically
select dispatching rules based on real-time conditions like machine status and job urgency.
This led to a dramatic reduction in late deliveries (e.g., delayed lots dropping from 17% to
1.3%) and a 50% decrease in cycle time spread. Similarly, in the pharmaceutical sector,
Said et al. [36] applied an online Q-learning algorithm to manage dynamic disruptions in
flexible job-shop environments, including machine breakdowns and urgent job arrivals. The
proposed method achieved a 33% average reduction in makespan over a baseline schedule
across various problem instances, highlighting its potential to improve operational efficiency

in real-time scheduling contexts.

Crucial prerequisites for effectively implementing RL systems include access to real-time
data and robust computational infrastructures. Real-time data streams are vital because they
enable RL algorithms to continuously learn from and adapt to the most current operational
conditions. This capability is particularly important in dynamic environments where rapid
adjustments are necessary to maintain efficiency and productivity, such as in manufacturing
or autonomous driving. Meanwhile, advanced computational resources facilitate complex
simulations and extensive training phases, which are indispensable for developing accurate
and reliable RL models. High-performance computing allows for the processing of large
datasets and the execution of computationally intensive tasks, such as deep neural network
training, ensuring that the RL models can generalize well from the training data to unseen

situations, thereby enhancing their reliability and applicability in real-world scenarios.

Nevertheless, significant challenges persist. The interpretability of RL decision-making
remains limited because learned policies, especially those based on deep neural networks,

typically operate as black-box functions that map observations to actions without providing
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explicit rationale or intermediate reasoning. This lack of transparency complicates efforts to

understand, validate, or justify individual scheduling decisions, particularly in safety-critical

or highly regulated manufacturing environments.

2.6. Multi-Objective Optimization Problem in Manufacturing

2.6.1. Definition

Multi-objective optimization involves optimizing two or more objectives simultaneously,

and their corresponding set of constraints, aiming to find balanced solutions. Unlike single-

objective optimization, which targets a single criterion, multi-objective problems consider

multiple practical factors, especially relevant in manufacturing processes. As such, the

mathematical representation of multi-objective optimization problems (MOOP) is shown in

Equations (2.2) to (2.5) [92].

minf, (x;);n = 1,2,3,...,N

Subject to:
9;(x) =0;j=1.23,..,p,
hi(x)=0;j=p+1,..],
xMP <y < xMO% 0 =1,2,3, .., 1,
where:

fn(x;): Objective function n of decision variable x;
g;(x;): Inequality constraint j as a function of decision variable x;
h;(x;): Equality constraint j as a function of decision variable x;

x;: Decision variable

min

X

: Minimum value of decision variable x;

max

X

: Maximum value of decision variable Xx;

N: Total number of objective functions

(2.2)

(2.3)

(2.4)

(2.5)
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J: Total number of inequality and equality constraints

I: Total number of decision variables

The feasible solution space vector C is defined that fulfill all the constraints stated in the

optimization problem:

x; ERigj(x;) =20;j=123,..,p (2.6)

xl-min <x; <x"%i=123,..,1

Pareto optimality is central to multi-objective optimization, defining solutions where no
objective can be improved without worsening another. Mathematically, for a given set of
feasible solutions X; € C, the objective vector F(X;) = {fi(X1), ..., fy(X1)} is Pareto

optimal if there is no vector X, € C such that:

frn(Xy) < f,,(Xy) forall n=1,23,..,N

*  There exists at least one n € {1,2,3,..., N} with f,(X;) < f,(X3)

The Pareto front represents the set of these optimal solutions. As mentioned above, X;
dominates X,. Normally, at least one objective is lower in this solution, while others are not
higher than another solution in the manufacturing scheduling problem. Figure 2.5 illustrates
these concepts of MOOP with two minimization conflicting objective functions, where all
the points between (f;(%), f1(%)) and (f2(%), fi(X)) define the Pareto front. These points

are called non-dominated points.

In manufacturing contexts, multiple competing factors typically must be considered,
including production cost, makespan, flow time, quality, and energy efficiency. In multi-

objective optimization problems, objectives may align or complement each other.
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Figure 2.5. The diagram of a multi-objective optimization problem with two minimization

conflicting objective functions (reproduced from [92]).

For instance, shorter makespan often requires running machines at higher speeds or
employing more equipment simultaneously [93], [94]. Another example is the trade-off

between total production cost and delivery reliability [95], [96].
2.6.2. Common Objectives in Manufacturing

Manufacturing environments often involve multiple interrelated objectives. The following

notations present the common optimality criteria by [56].

C; Completion time

L;/L a4 Lateness/maximum lateness
T;/Tax Tardiness/maximum tardiness
U; Unit penalty

Cinax Makespan

2. C; Total completion time
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Y. E; Total earliness

Y. T; Total tardiness

Y. U; Number of late jobs

2. w;C; Total weighted completion time
Y. w; U; Weighted number of tardy jobs
Y. w; T; Total weighted tardiness

Y. w;(d; — C;) Total weighted earliness

Makespan is the most used completion-time-based objective in both static and dynamic
scheduling problems, though its definition can vary. In static scheduling, the maximum
completion time of all jobs serves as a performance indicator, illustrating the manufacturing

process’s goal of finishing all orders as quickly as possible.

Flow time is the time a job spends within the system. Lead time, which is more commonly
used in supply chain problems, is defined as the interval between the initiation and
completion of a production process and often includes transportation and delivery times.
Because the working times of different jobs vary, average flow time is widely used as an
objective function in dynamic scheduling problems, e.g., in references [97], [98], [99], [100],

[101], [102], [103], and [104].

Due date-related objectives have practical significance because missing a due date incurs
penalty costs in real production settings. Tardiness T;, earliness E; , and lateness L; are
three basic forms of due date—related objectives, but many variations appear in the literature.
Thiirer et al. [52] and Sels et al. [97] applied the basic form of tardiness; Ebrahimi et al. [105]
used a weighted sum of tardiness; Shnits [101], as well as Baykasoglu and Karaslan [98]
used the average form of tardiness; Wang et al. [106] and Choi et al. [107] considered
maximum lateness as an objective that must be minimized; Additionally, Rafiee et al. [108],
Chongwatpol and Sharda [94], Georgiadis and Michaloudis [109], and Rossi et al. [96]

optimized the number of tardy jobs; Weng and Fujimura [110] employed just-in-time (JIT)
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as their objective, and Sels et al. [97] used the proportion of tardy jobs as another objective

function in the scheduling system.

Machine-related objectives are often introduced when dynamic scheduling aspects come into
play. Machine status is crucial in some research, as machine breakdowns must be prevented.
For example, Sheikhalishahi et al. [111] incorporated machine availability as one objective
in an open shop scheduling problem that includes preventive maintenance. Machine-related
objectives can also be used to evaluate system efficiency instead of focusing solely on job-
related metrics. Pradhan et al. [ 112] used throughput and work-in-progress (WIP) to measure
performance in a scheduling system with production failures. Chongwatpol and Sharda [94]
and Wong et al. [113] used utilization to represent machine usage. Georgiadis and

Michaloudis [109] adopted average WIP to indicate the long-term performance of the system.

Economic objectives are the most used performance indicators in the reviewed literature,
reflecting the pursuit of economic benefits. Net profit and cost are two basic types of
economic objectives. Both capture the system’s overall performance in comparison to
objectives such as makespan, flow time, or tardiness. Although cost and profit are often used
as simplified indicators of a manufacturing system’s economic performance, real-world
applications typically involve a variety of cost components. These may include setup cost,
production cost, transportation cost, storage cost, and reconfiguration cost, especially in
cellular manufacturing. Additionally, due date—related costs such as lateness, earliness, and
tardiness, as well as maintenance and repair costs, must also be considered. Applying
economic objectives requires detailed information on the costs associated with different
processes. However, in real markets, material prices are not static, and product prices may

fluctuate as well.
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2.6.3. Reinforcement Learning in Multi-Objective Manufacturing

Scheduling Problems

Recent work by Li et al. [114] demonstrates how reinforcement learning can address multi-
objective scheduling in resource-constrained environments. In their study of flexible job
shops with limited AGVs, the authors formulate a hybrid deep Q-network that jointly
minimizes makespan, total tardiness, and workload imbalance while maximizing
transportation efficiency. Their reward function explicitly balances these competing
objectives through weighted aggregation, and their action space is designed to coordinate
machine assignment and material handling decisions in real time. This integrated approach
underscores a key principle in RL-based manufacturing scheduling: effective policies must
account for multiple performance criteria and physical system couplings, rather than
optimizing a single metric in isolation. Similarly, Zhou et al. [115] applied a weighted sum
approach in a job shop scheduling scenario, targeting reduced makespan, lowered production
costs, and improved machine utilization. Although effective, these weighted-sum methods

simplify multi-objective scenarios into single-objective frameworks.

Luo et al. [116] present a multi-objective deep reinforcement learning approach for dynamic
flexible job shop scheduling, modeling the problem as an MDP with a composite reward
function that jointly minimizes makespan, tardiness, and workload imbalance. By
embedding these objectives directly into the reward design, their deep Q-network learns

dispatching policies that balance competing performance criteria in real time.

In real-world manufacturing environments, objectives often shift dynamically, such as
prioritizing energy efficiency during peak electricity hours. Traditional multi-objective
metaheuristics, which typically rely on static or predetermined objective weights, struggle
with such flexibility. In contrast, reinforcement learning methods can dynamically
incorporate priority shifts through adaptive weighting schemes or scalarization techniques.

Furthermore, Pareto-based reinforcement learning methods, such as Pareto Q-learning,
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enable the capturing of multiple trade-offs without collapsing them into a single metric.
However, effectively translating Pareto optimization into scalable and interpretable RL
reward structures remains an open challenge, representing a critical frontier for developing
more adaptive, transparent, and decision-supportive multi-objective scheduling systems in

real-world manufacturing.

2.7. Explainable Reinforcement Learning and the Role of SHAP

in Scheduling

As RL systems are increasingly applied to complex operational domains such as
manufacturing, logistics, and energy management, the need for interpretable policies has
become paramount. This has led to the emergence of Explainable Reinforcement Learning,
which seeks to render agent decisions transparent to human stakeholders without
compromising performance [117]. Among post-hoc explanation techniques, SHAP (SHapley
Additive exPlanations) has gained widespread adoption due to its theoretical grounding in

cooperative game theory and model-agnostic nature [118].

SHAP assigns each input feature an importance value for a given prediction by computing
Shapley values, defined as the average marginal contribution of a feature across all possible

subsets of other features:
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where F is the full set of input features, S is any subset excluding feature i ,
and f(S) denotes the model output when only features in S are active (others replaced by
reference values). This formulation satisfies key axiomatic properties, including local
accuracy, consistency, and missingness, making it theoretically appealing for attribution

tasks.

44



Chapter 2-Literature Review

In practice, SHAP has been successfully deployed in high-stakes domains: identifying
clinical biomarkers in medical diagnosis [119], justifying credit approvals in finance [120],
and generating saliency maps in computer vision [121]. However, a well-documented
limitation of the standard SHAP implementation is its reliance on the feature independence
assumption, which underpins the use of marginal expectations when estimating Shapley
values [118]. This assumption is routinely violated in scheduling contexts, where state
variables such as job slack, due date, remaining processing time, and queue length are
inherently interdependent due to temporal, logical, or physical constraints. Despite this,
empirical studies have shown that SHAP often produces stable relative rankings of feature
importance when dependencies are consistent with the data distribution encountered during
training and evaluation [122]. Consequently, many applied explainable reinforcement
learning works treat SHAP not as a tool for computing exact Shapley values, but as a
pragmatic diagnostic instrument for identifying dominant decision drivers and validating

behavioral plausibility.

For instance, Julian and Kochenderfer [123] use SHAP to verify that a PPO-based
autonomous driving policy bases throttle decisions on physically meaningful features like
headway distance, rather than spurious correlations, thereby confirming behavioral
plausibility in longitudinal control. Alzantot et al. [124] apply SHAP post-hoc to a DDPG
agent for vehicle speed control, focusing on the relative ranking of traffic-related inputs (e.g.,
relative velocity) to identify dominant decision factors under stochastic conditions. Van Wyk
et al. [125] employ SHAP in aerospace RL to audit guidance policies, using feature
attributions as a diagnostic check to ensure the agent relies on legitimate flight state variables
(e.g., Mach number, altitude) during high-speed maneuvers. Similarly, Miller et al. [126]
leverage SHAP in building energy control to interpret an RL policy for mixed-mode
ventilation in tropical climates. By identifying dominant environmental drivers such as
outdoor enthalpy and indoor CO: levels, they translate complex action choices into human-

understandable operational rules, effectively bridging machine decisions and domain
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expertise.

To mitigate the independence violation more rigorously, methodological extensions such as
conditional SHAP [122] and causal SHAP [127], [128] have been proposed. These
approaches replace marginal with conditional expectations or incorporate causal structural
models to define valid feature interventions. However, they require explicit modeling of
feature relationships through generative models, copulas, or domain-specified graphs, which
is often infeasible in high-dimensional RL state spaces with dozens of correlated variables

[117].

Given these considerations, the use of SHAP in dynamic flexible job shop scheduling can
be applied as a justifiable pragmatic choice, provided its limitations are acknowledged, and
interpretations focus on comparative trends rather than absolute attribution magnitudes.
While direct industrial deployments of SHAP in semiconductor manufacturing or predictive
maintenance remain undocumented in the public literature, the demonstrated utility of this
approach in other safety-critical domains (e.g., autonomous control and building energy
management) provides a methodological precedent for its adoption in complex scheduling
environments. Therefore, SHAP is leveraged to generate interpretable, feature-level
narratives that can support human operators in understanding and trusting RL-driven

scheduling decisions, even when the underlying attributions are approximate.

2.8. Challenges and Evolutionary Perspectives

2.8.1. Bridging Theory and Practice

The adoption of dynamic job shop scheduling (DJS) methodologies, particularly RL-based
solutions, confronts substantial practical barriers. Among these barriers, data availability
remains critical. Real-world manufacturing environments frequently lack comprehensive,

real-time data streams, constraining the effective training and operation of RL algorithms
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[129]. Moreover, model fidelity presents an additional challenge, as theoretical models may
fail to capture critical shop-floor dynamics. This discrepancy between modeled and real
conditions can significantly undermine performance when deployed [130]. Legacy systems
often lack compatibility with modern Al-driven solutions, requiring significant
infrastructural adjustments and additional resources, thereby posing substantial

implementation barriers [131].

Validation in actual industrial environments is a crucial step towards bridging theoretical
advancements with practical applications. Employing digital twins, which are virtual
replicas of real-world manufacturing systems, allows for robust, risk-free exploration of
reinforcement learning scheduling algorithms under realistic operating conditions,
significantly enhancing the efficiency of transitioning from simulation to shop-floor
implementation [132]. Additionally, pilot projects conducted in controlled settings within
the factory offer practical insights and facilitate iterative adjustments, ensuring algorithm

performance closely aligns with operational demands before broader adoption.

2.8.2. The Future of Scheduling in Smart Factories

Emerging technologies such as federated learning and edge computing represent
transformative directions in smart manufacturing scheduling. Federated learning allows
multiple geographically dispersed factories to collaboratively train sophisticated scheduling
models without sharing sensitive raw data. This approach can also extend to individual
machines located at the network edge, for example, decentralized devices that generate and
process data locally rather than relying on a central cloud system. This decentralized
approach not only enhances privacy and data security but also enables faster, more robust
learning across diverse manufacturing environments, potentially revolutionizing inter-

factory coordination and efficiency [133].

The growing interest in human-Al collaboration highlights another critical evolutionary
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trend in smart factory scheduling. Explainable RL and user-in-the-loop systems are
becoming increasingly vital for fostering trust and facilitating acceptance among human
operators. Transparent and interpretable decision-making frameworks enable operators to
understand and, if necessary, override or adjust Al-generated schedules. This collaborative
interaction ensures that operational expertise complements algorithmic -efficiency,

promoting smoother adoption and more reliable shop-floor operations [134].

Looking ahead, the ultimate vision for scheduling in smart factories involves the
development of extensive decentralized frameworks that continually learn from high-
volume sensor data streams in near-real time. Such frameworks would dynamically adjust
scheduling strategies in response to subtle shifts or major disruptions, aiming to enhance
productivity, flexibility, and resilience. This high-level roadmap points toward an integrated,
intelligent future where scheduling transcends static optimization to become an inherently

dynamic and adaptive facet of manufacturing excellence [135].

2.8.3. Critical Reflections and Research Gaps

Despite extensive research efforts in scheduling—including conventional heuristics,
metaheuristics, and artificial intelligence-driven techniques—key limitations remain
inadequately addressed within current literature. Firstly, existing studies frequently prioritize
the introduction of novel algorithms or frameworks, often overlooking practical constraints
such as limited sensor data availability, real-time decision latency requirements, and
integration challenges with legacy ERP systems. Traditional heuristics, such as FIFO, SPT,
and EDD, demonstrate computational efficiency; however, these approaches typically
struggle to capture complex interactions within highly dynamic environments due to
incomplete state representations and the absence of real-time feedback, leading to
suboptimal decisions when disruptions occur. Conversely, advanced RL methods, although
promising for adaptive scheduling, can produce policies whose decision logic is opaque to

human operators. This shortcoming restricts practical acceptance, as practitioners and shop-

48



Chapter 2-Literature Review

floor managers may hesitate to rely on or adjust policies lacking a transparent rationale.

Secondly, despite the increased application of multi-objective optimization approaches, such
as simultaneously minimizing makespan and costs or energy consumption, many existing
studies overly simplify complex decision scenarios through aggregated weighted-sum
objectives. This approach frequently neglects intricate trade-offs inherent in actual
manufacturing contexts, including balancing efficiency, reliability of delivery dates, and
resource consumption. Although more nuanced Pareto-based optimization methods are
gradually emerging, additional exploration is necessary to demonstrate their practical
effectiveness, particularly within decentralized or distributed scheduling frameworks where

global coordination presents significant complexities.

Thirdly, there remains a scarcity of comprehensive comparative analyses that explicitly
evaluate new scheduling methods across critical dimensions such as scalability, robustness
to disruptions, and computational or implementation cost. While metaheuristic and RL
methodologies commonly outperform basic dispatching rules under benchmark scenarios,
systematic evaluations concerning constraints—such as scalability, computational demands,
and resilience against machine failures—are notably lacking. Additionally, few studies
rigorously assess the transferability of these methods from controlled simulation
environments to actual production scenarios, leading to persistent gaps concerning data
availability, model accuracy, and compatibility with existing ERP/MRP systems. These gaps

significantly affect real-world applicability and feasibility.

Considering these critical assessments, two primary research gaps require further
investigation. The first involves developing more interpretable RL-based scheduling
solutions capable of delivering transparent and justifiable decisions in dynamic production
environments. The opaque nature of current "black-box" RL algorithms impedes widespread
industrial adoption, as stakeholders require understandable and transparent systems for

effective risk management and regulatory compliance.
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The second identified gap pertains to empirical exploration into effectively managing
multiple and dynamically evolving objectives, including costs, adherence to due dates, and
product quality, especially within real-time, decentralized, or multi-agent scheduling
contexts. Facilitating robust and efficient coordination among multiple agents, each
optimizing distinct local objectives, remains challenging. Synchronizing and effectively
communicating Pareto-optimal solutions across various work centers continues to represent

an unresolved issue in the literature.

Collectively, these identified limitations highlight the necessity of adopting a holistic
research approach, emphasizing not only algorithmic advancements but also addressing
interpretability, scalability, and the alignment with realistic manufacturing constraints.
Explicit acknowledgment of these gaps, particularly those related to transparency, multi-
agent coordination, and empirical validation in real-world conditions, will enable researchers

to better illustrate the originality and practical relevance of proposed scheduling frameworks.

2.9. The Contribution of this Thesis

This thesis contributes a series of original advancements in dynamic scheduling for modern
manufacturing environments, directly addressing critical gaps in existing approaches to the
DFJSP under Industry 4.0 conditions. As identified in the literature review, current methods
suffer from three key limitations: (1) reliance on centralized or rigid architectures that hinder
scalability; (2) dependence on discrete dispatching rules that lack adaptability under
disruption; and (3) treatment of scheduling as a single-objective problem, ignoring real-
world trade-offs such as tardiness versus setup cost. To address these gaps, this research
proposes a distributed, event-driven reinforcement learning framework that evolves across
three stages of increasing complexity and realism—each validated through rigorous

simulation with quantifiable improvements over strong baselines.

First, to overcome the scalability and responsiveness bottlenecks of global optimization and
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heuristic coordination, a decentralized DDQN architecture is introduced, where each work
center schedules autonomously using only local observations. This design eliminates
communication overhead while enabling real-time reaction to stochastic job arrivals and
machine unavailability. In benchmark tests (Cases 1A—-1C), the DDQN agent consistently
achieves the lowest average tardiness and highest win rate among all rule-based and

learning-based comparators, establishing a robust foundation for distributed intelligence.

Second, discrete rule selection is a known limitation in both classical and early reinforcement
learning—based schedulers, as it restricts adaptability in dynamic environments. To overcome
this inflexibility, this thesis introduces a continuous prioritization mechanism using PPO.
Two variants are evaluated: PPO with weighted features (PPO-WF) and PPO with raw state
inputs (PPO-RS). As shown in Section 5.5 (Table 5.2 and Figure 5.4), PPO-WF achieves a
win rate of 40.0%, significantly outperforming PPO-RS (30.0%), the best traditional
heuristic SPT (27.0%), and other rules like EDD (2.0%) and LOR (1.0%). Moreover, PPO-
WF attains the lowest average tardiness of 653.65, compared to 671.65 (PPO-RS) and 672.51
(SPT), while exhibiting a lower standard deviation, confirming its superior robustness under
operational uncertainty. This represents a conceptual and practical advance: by moving from
rule switching to continuous, feature-weighted decision-making, the scheduler gains both

performance and interpretability.

Third, real production systems require balancing competing goals, such as minimizing job
tardiness and reducing sequence-dependent setup times. To reflect this multi-objective
nature, this work extends the DFJSP into a dual-objective formulation. A novel integration
of UVFA with DDQN enables a single agent to generalize across arbitrary preference
weights without retraining. Critically, a baseline-referenced reward design is introduced to
stabilize learning by measuring improvement relative to rule-based policies. As quantified
in Table 6.4, the modified reward scheme (tardiness-only variant) yields dramatically

improved Pareto approximation quality, achieving GD = 22.42, IGD = 5.30, and Spread =
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0.727—substantially better than origin-reward baselines (e.g., IGD reduced from 161.28 to
5.30). This demonstrates that the agent not only learns high-quality trade-off policies but
does so with enhanced convergence and coverage, enabling near-Pareto solutions across

dynamic business priorities.

Across all three stages, transparency is ensured through SHAP-based interpretability
analysis, which identifies the most influential scheduling features (e.g., job slack, queue
length, machine status) driving agent decisions. This bridges the “black-box” gap and

supports practitioner trust—essential for industrial adoption.

In summary, this thesis advances dynamic scheduling for smart manufacturing through three
interlinked innovations: a decentralized reinforcement learning architecture that ensures
robustness under uncertainty, a continuous prioritization mechanism that overcomes the
rigidity of rule-based dispatching, and a multi-objective formulation that enables adaptive
trade-offs between competing production goals. By integrating scalability, interpretability,
and generalization into a unified framework, this work provides a foundation for intelligent,

responsive, and deployable scheduling systems in real-world industrial environments.
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Chapter 3. Formulation of the Dynamic Scheduling

Problem

This chapter presents a formal formulation of the Dynamic Flexible Job Shop Scheduling
Problem (DFJSP) under three progressively complex scenarios that reflect core challenges
in modern, responsive manufacturing systems. These scenarios are designed to capture
increasing levels of operational uncertainty: (1) stochastic job arrivals in a decentralized
production environment, representing demand-side volatility; (2) unreliable machine
resources subject to random breakdowns, modeling supply-side disruptions; and (3) multi-
objective trade-offs between tardiness and sequence-dependent setup times, reflecting real-

world conflicts between service-level performance and operational efficiency.

The baseline scenario (Section 3.1) assumes jobs arrive dynamically according to a Poisson
process, each requiring a sequence of operations that can be processed on any eligible
machine within predefined work centers. Processing times are stochastic but known in
distribution, and scheduling decisions are made locally at each work center upon job arrival
or machine idle events. The objective is to minimize total weighted tardiness, with decisions

governed by a decentralized policy framework.

Section 3.2 extends this setting by incorporating machine unreliability: machines are subject
to random failures modeled via exponential time-to-failure distributions, characterized by
mean time between failures (MTBF), and require random-duration repairs when broken
down. This introduces disruption states that interrupt processing and trigger rescheduling,

thereby testing the robustness of decision policies under resource disruptions.

Finally, Section 3.3 formulates a multi-objective DFJSP in which each scheduling decision
affects both job tardiness and sequence-dependent setup times incurred when switching

between job families on a machine. Rather than optimizing a single scalarized objective, the
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problem explicitly requires balancing these competing goals, laying the foundation for

preference-conditioned reinforcement learning in later chapters.

For each scenario, the problem is rigorously defined in terms of state representation, action
space, reward structure, and system constraints. This formalization provides the necessary
grounding for the design and evaluation of reinforcement learning—based scheduling agents

in Chapters 4 through 6.

The remainder of this chapter is organized as follows: Section 3.1 presents the baseline
dynamic scheduling problem with stochastic arrivals; Section 3.2 introduces machine
breakdowns and models their impact on system dynamics; and Section 3.3 extends the

formulation to a dual-objective setting involving tardiness and setup costs.

3.1. Problem 1: Baseline Model with Random Job Arrivals

3.1.1. Core Flexible Job Shop Scheduling Model

In modern manufacturing systems, the DFJSP presents significant optimization challenges
due to the inherent uncertainty in job arrivals and machine availability. Unlike static
scheduling formulations, the DFJSP requires decisions to be made sequentially in response
to dynamic events, such as machine status changes and newly released jobs. The objective
is to minimize mean tardiness while ensuring efficient utilization of resources across
distributed work centers. To model this sequential decision process, the problem is
formulated as a Markov Decision Process (MDP), which provides a principled framework
for representing state transitions, actions, and performance feedback. Within this framework,
a reinforcement learning agent selects scheduling actions based on the current system state,
guided by a defined action space and reward signal. The mathematical formulation of the

DFJSP and its underlying modeling assumptions are presented in the following subsections.
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Named Entities

Ji

Ta

The i -thjob instance released into the system ( =
1,...,N ), ordered by release time 1;

The «a -th job type (category), defined by structural properties
such as number of operations, routing, and processing time
characteristics ( a =1, ...,4)

The j -th operation of job instance J; ( j =1, ..., g )

The /-th work center in the system. (I = 1,2, ..., L)

The k-th machine of the /-th work center. (k = 1,2, ..., m;)

¢ Noted: Each job instance J; belongs to exactly one job type: Ji~7q(;)

Indices
i=1,..,N Index of job instance J;
a=1,..,4A Index of job type ta
a(i) €{1,...,A} Job type index assigned to instance J;
j=1..,n, Index of operation O; ; within job J;
l=1,..,L Index of work center W,
k=1,.. m Index of machine M, within work center W,
Parameters
A Number of job types ( T4, ..., T4 )
N Total number of job instances (/4, ..., /y) released during the
simulation horizon
L Number of the work centers (W, ..., W)
m Number of parallel machines in work center W,
ng Number of operations required by any job of type 7,
We j Required work center for operation j of type- a jobs
(i.e., 0y of J; ~ T, must be processed in Wwa,,- )
Pé;c Processing time of operation j of a type- a job on
' machine M, (Only defined when [=w,; ; otherwise,
undefined or infeasible)
Ay Arrival rate (exponential distribution parameter) for jobs of
type Tq
T; Release time of job instance J;
d Due date of job instance J;
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Decision Variables

Lk = 1, if operation O, ; is assigned to machine M;
X;; €{0,1} _ :
=0, otherwise
Slk > The starting time of operation 0;; on the machine M,
L] —
C;;=0 The completion time of the operation O ;
i,j p p i,j
;=0

The completion time of job J;; C; = max(; ;
J

A Flexible Job-Shop Scheduling Problem (FJSSP) is a hybrid of JSP and Parallel Machine

Problem and is strongly NP-hard due to [122]:

(1) Sequence decisions of operations to a subset of the work center and

(2) Assignment decisions on operations on each machine in each work center.

An A X L Flexible Job Shop can be formulated as L independent work centers
W = {Wl' WZ""’WL}' (3.1)
In each work center, there are m,; identical parallel machines

(3.2)
My ={M;, M5, ..M} 1=12,..,L).

The number of machines in each work center is predefined, while each work center can have
a different number of identical parallel machines. There are A job types, denoted by
T4, Ty, -, T4. Each type of job t,, is characterized by a fixed sequence of n, operations,

denoted Ogy 1, 0g 2, ) Ogn,» Where O ; represents the j-th operation of any job belonging

to type T, . Specifically, the processing time of operation j of a type- ¢ job on
machine M is denoted by PY*  which is only defined for machines in the required work

a,j °

center Wwa,- .
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Table 3.1 is an example of the 3 X 3 Flexible Job Shop Manufacturing system, where the
number presents the processing times Poi:? and the symbol ‘-’ indicates that the operation

cannot be processed on the corresponding machine. To complete a job of 7., all operations

Og,; must be completed on machines with machining capabilities.

In the static FJSSP, all scheduling information is known beforehand. In the dynamic FISSP,
job details such as release times are revealed during execution. The initial settings, including
job types, operation sequences, and work center configurations, are fixed in advance. This

research addresses real-time adaptability to dynamic job releases.

Table 3.1. Instance of a 3 X 3 flexible job shop manufacturing system. Each row
corresponds to an operation of a job type (Tq, Tz, T3). The numeric entries denote the
processing time of the operation on the respective machine; a dash ‘-’ indicates that the

operation cannot be processed on the corresponding machine.

Job Operations W, W, W,
types My, M, M;, M;, M;, M3,
T, 011 - - 3 2 - -
0, 1 4 . i i i
0.5 - ] ] ] 2 4
T, 031 1 3 - - - -
0,2 - i 3 2 . .
0,5 - . . : 5 4
T3 031 - - 2 3 - -
05, - i . . 6 7
035 4 5 . . . .

Ji is the i-th job released to the system, whose job type is T4(;y. 7; i the release time of the
job J;. Although the real manufacturing process is more complicated, some assumptions
must be made to simplify the simulated environment. These assumptions are shown as

follows:
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System setup:

Initial Conditions: All machines M, are available at the beginning (time zero).

Installation and Transportation: The installation and transportation times are negligible.

Machine Characteristics:

Availability and Disruption: Each machine is continuously available for production, and
machine disruptions are ignored.

Exclusive Processing: Each machine processes only one operation at a time, and
operations cannot be interrupted once started. i -1 X ll]k =1.

Identical parallel machines: Machines have the same speed for the same job types.

Job and Operation Specification:

Operation Precedence: Each operation O;; has at least one capable machine and must
follow a set order of precedence, e.g., 0;; must be processed before O; ,.

Job Independence and Processing Time: Each job J; is independent and has a fixed

. . l'k
processing time P

#(i),j- 1he processing times Péf may differ on parallel machines

within the same work center [ for the same job type 7.

3.1.2. Dynamic Event Modeling: Stochastic Job Arrivals

Job Release Policies:

Dynamic Job Information: Information about each job J; becomes available only at its
release time 7;. The release of different job types 7, is independent.

Sequential Job Release: No jobs are released at the beginning, and no batching is
allowed, meaning only one job of each type can be released at any time.

Randomized Time Intervals for Job Releases: The time intervals between the release

times of consecutive jobs of the same job type follow the same time-distributed patterns,
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incorporating a random function that leads to variable and unpredictable time intervals.

Job Arrival Process: Jobs are dynamically released according to a Poisson process with
arrival rate A,. This means the inter-arrival times (T') between consecutive job releases are

exponentially distributed:
P(T<t)=1-ett>0. (3.3)

The probability of job J;» released at time t is described by Equation (3.3). The time
interval between two released jobs of the same job type follows the exponential distribution,
while the mean intervals of different job types are the same, which is 1/A,. This release

pattern simulates the random characteristic of the dynamic scheduling problem.

3.1.3. Total Work Content Method for Due Date Generation

In dynamic flexible job shop scheduling, generating realistic due dates for dynamically
arriving jobs is critical for accurately simulating manufacturing environments and ensuring
the practical relevance of scheduling strategies. The Total Work Content (TWC) method
provides a systematic approach for establishing these due dates [103], [136], [137]. Under
this method, the due date d; for each dynamically released job J; is calculated using its
release date r; and cumulative processing times of all operations associated with the job,
adjusted by a scaling factor k € [1.0,2.0] c R. This interval reflects common practice in
scheduling research, where k = 1.0 yields tight due dates (minimal slack) and larger values
introduce more buffer time to accommodate shop-floor uncertainty. Mathematically, the due

date calculation is expressed as:
ni
di =T +kz Pi,jl (34)
j=t

where 1; represents the release time of job J;, n; is the number of operations for job J;,

and P;; is the processing time for the j operation of job J;. The scaling factor k adjusts
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the due date to reflect various urgency levels and manufacturing contexts.

This method mirrors real-world due date settings by accounting for the inherent processing
time required for completing each job. It reflects realistic manufacturing environments
where due dates are typically set based on estimated total work content to ensure feasibility
and customer satisfaction. Moreover, it captures operational uncertainties and provides
flexibility through the adjustment of the scaling factor k. By selecting an appropriate factor,
schedulers can simulate different production scenarios, such as tighter deadlines during peak
demand periods or more relaxed due dates in standard operations. Consequently, the TWC
method not only simplifies the due date assignment process in simulations but also enhances

the relevance and accuracy of dynamic scheduling models.
3.1.4. Objectives and Constraints

For the DFJSP, time intervals between the release times of consecutive jobs of the same job
type follow the same time-distributed pattern. Each job is composed of a sequence of

precedence-constrained operations. The mathematical model of the DFJSP follows the MILP
process [138]. The release time 7; of job J; of job type t,, and the processing time Paif

are all integer values. The objective is to obtain a schedule with the lowest mean tardiness

time of all jobs.

Objective:
N (3.5)
S 1 _(C;—d; C; > d;
min Tyeqn = NZ T; ,where T; = {0 ¢, < d,
1=
Subject to:
rn=>0;vi=12..,N (3.6)
1< <1y (37)
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Pyt >0 Vi=12,..,N,j =12, 00,1 = Weqp k = 1,2, ...,m (3-8)
St 21,V =12, N, L= wyy k=12, .., m (3.9)
Sll"]k + Pal_,'g)‘] < Sil,j'ﬁl; Vi=1,2, ---;N;j =12, ---'na(i)—lrl = Wa(i),j» (310)
' = Wat(i),j+11k = 1,2, ...,ml,k, = 1,2, ., my,
Forall (i,j) # (i',j") with X} = X3 =1,
(3.11)

either C;; < Sil;f;., or Cprjr < Spf
Objective Equation (3.5) minimizes the mean tardiness across all released job instances,
where tardiness is defined as the positive difference between a job’s completion time C; and
its due date d; . Constraint (3.6) ensures that all jobs are released at non-negative times,
reflecting that the system starts empty at time zero. Constraint (3.7) enforces that job indices
are ordered chronologically by release time ( 1y < 1, < -+ < 1y ), which provides a well-
defined sequence for dynamic decision-making. Constraint (3.8) specifies that the
processing time of operation j of job J; on machine M is determined solely by the job’s
type Tq(i) » and is strictly positive when the machine belongs to the required work center.
The Constraint (3.9) guarantees that no operation of a job can start before the job’s release
time 1; . Constraint (3.10) enforces the technological precedence among operations: each
operation must be completed before its successor can begin, regardless of the work centers
involved. Constraint (3.11) ensures machine capacity is respected—no machine processes
more than one operation at any time—by requiring non-overlapping schedules for all
operations assigned to the same machine. Finally, in the dynamic scheduling environment,
decisions concerning operations that have already started are irreversible. At any

rescheduling epoch t , only unscheduled or pending operations may be assigned;
consequently, the start time of any such operation must satisfy Sl-l"]'-c >t . This condition

preserves the integrity of past decisions while enabling adaptive planning for future work.
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3.1.5. Sub-Scenarios

To better reflect increasing levels of complexity and industrial relevance within Problem 1,
three sub scenarios are introduced: Sub-scenario 1A, Sub-scenario 1B, and Sub-scenario
1C. These sub scenarios are designed to represent progressively more challenging conditions
in dynamic flexible job shop scheduling, focusing on four key factors that significantly affect
scheduling performance under uncertainty: processing time variability, routing flexibility,
work center load imbalance, and machine heterogeneity. The choice of these factors is
grounded in established literature identifying them as major sources of difficulty in real time
scheduling decisions. Sub-scenario 1A provides a baseline with minimal uncertainty and
structural simplicity, Sub-scenario 1B introduces moderate levels of stochasticity and
resource diversity, and Sub-scenario 1C models a high complexity environment with
pronounced variability and flexibility. The complete formal definition of each sub scenario,
including the specific parameter values governing processing times, machine eligibility,

work center configurations, and speed profiles, is provided later in this section.

Sub-Scenario 1A: Lawrence Benchmark Instances

This sub-scenario adapts the classical Lawrence benchmark instances [139], initially
designed for static deterministic job shop scheduling, to align with dynamic flexible job shop
scheduling requirements—a domain currently lacking standardized benchmark instances.
The example of the DFJSP instances derived from the Lawrence instance 1a01 is shown in

Table 3.2.
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Table 3.2. Examples of DFJSP instances.

Job Original Processing  Modified Work Center Sequence Parallel Machines per  Job Arrival

ID Times (unit times) ‘Work Center (WC) Type Distribution

1 [21, 53,95, 55, 34] WC1-WC0—»WC4—-WC3—->WC2 WC0:2, WC1:3, Type A Poisson (A=0.5
WC2:2, WC3:3, WC4:4 jobs/hour)

2 [21, 52, 16, 26, 71] WC0—-WC3—->WC4—->WC2—-WCl1 WC0:2, WC1:3, Type B Periodic
WC2:2, WC3:3, WC4:4 (interval=2 hours)

3 [39, 98,42, 31, 12] WC3—-WC4—-WC1->WC2—-WCO0 WC0:2, WC1:3, Type C Exponential
WC2:2, WC3:3, WC4:4 (B=1.2 jobs/hour)

4 [77, 55,79, 66,77] WC1-WC0—-WC4—->WC2—-WC3 WC0:2, WC1:3, Type D Uniform (min=1,
WC2:2, WC3:3, WC4:4 max=4 hours)

5 [83, 34, 64, 19, 37] WC0—-WC3—->WC2—->WC1->WC4 WC0:2, WC1:3, Type E Normal (pu=3
WC2:2, WC3:3, WC4:4 hours, 6=0.5)

6 [54, 43,79, 92, 62] WC1-WC2—»WC4—-WC0—-WC3 WC0:2, WC1:3, Type F Periodic
WC2:2, WC3:3, WC4:4 (interval=4 hours)

7 [69, 77, 87, 87, 93] WC3-WC4—-WC1->WC2—-WCO0 WC0:2, WC1:3, Type G Poisson (A=0.3
WC2:2, WC3:3, WC4:4 jobs/hour)

8 [38, 60, 41, 24, 83] WC2—-WC0—-WC1->WC3—->WC4 WC0:2, WC1:3, Type H Periodic
WC2:2, WC3:3, WC4:4 (interval=3 hours)

9 [17, 49,25, 44, 98] WC3—-WC1->WC4—-WC0—-WC2 WC0:2, WC1:3, Type I Uniform (min=2,
WC2:2, WC3:3, WC4:4 max=5 hours)

10 [77,79, 43,75, 96] WC4—-WC3—->WC2—-WC1->WCO0 WC0:2, WC1:3, Type J Exponential
WC2:2, WC3:3, WC4:4 (B=1.5 jobs/hour)

Key Adaptations:

To simulate realistic production environments and accommodate dynamic decision-making

within reinforcement learning frameworks, several key adaptations have been introduced to

the baseline scheduling model. These adaptations are necessary to bridge the gap between

simplified benchmark settings and more complex, real-world shop floor configurations.

Specifically, they enhance model flexibility, improve resource representation, and facilitate

decentralized decision-making. The main modifications are described as follows.

1) Work Center Abstraction with Parallel Machines:

Original single machines (0—4) are grouped into work centers (WC0-WC4). Each WC
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contains parallel machines (e.g., WCI1 has 3 machines) to enable flexible resource

allocation.

2) Dynamic Job Type-Specific Arrivals:

* Jobs are categorized into 10 distinct types (Type A—J), each assigned a stochastic arrival
process (e.g., Poisson, periodic, uniform) to simulate real-world demand variability.

* Arrival parameters are calibrated to ensure the total job count matches the original

instance (10 jobs) over a 100-job simulation horizon.

3) Online Scheduling Requirements:
* Jobs dynamically enter the system based on their type-specific distributions, requiring

algorithms to handle incomplete information

These modifications retain the original instances’ processing times and precedence logic
while introducing dynamism (time-varying job arrivals) and flexibility (parallel machine
assignment). The adapted benchmarks enable direct comparisons between static and
dynamic scheduling policies under controlled parametric variations, bridging a critical gap

in the literature.

Sub-Scenario 1B: Stochastic Full-Path Job Generation

Building on the dynamic framework of Sub-Scenario 1A, this sub-scenario generalizes the
Lawrence benchmark structure by introducing stochastic job types, randomized processing
times, and variable machine configurations, creating a more flexible and generally applicable
testbed. Unlike the fixed job types and deterministic sequences in the classical Lawrence
instances (e.g., as illustrated in Table 3.2), each simulation run in this sub-scenario generates
a new, unique problem instance. This ensures that learned policies are not overfitted to

specific job structures or processing time patterns.
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To clarify the relationship with Table 3.2:

In Sub-Scenario 1B, Table 3.2 would not be fixed. Instead, it is regenerated for every

simulation run;

e The number of rows (i.e., job types) varies stochastically—e.g., between 5 and

20—so Table 3.2 may have 5, 12, or 18 job-type blocks across different runs.

e The numeric entries (processing times) are sampled independently from a uniform
distribution over [1,99] for each eligible machine-operation pair, replacing the

deterministic values shown in the static example.

e The machine configuration (number of machines per work center) may also vary,

altering the number of columns in the table.

Key Enhancements for Generalization

To ensure that the proposed scheduling framework can generalize across diverse production
scenarios, several key enhancements have been introduced to the simulation environment.
These enhancements increase the variability and representativeness of the training data,
allowing reinforcement learning agents to learn robust policies that can adapt to different job
types, machine configurations, and operational uncertainties. The following modifications

are implemented to support broader applicability and generalization capability.

1) Randomized Job Types:

*  The number of job types A is generated stochastically (e.g., A~Uniform{5,6, ...,20}),
sampled from a discrete uniform distribution.

* Each job type 7, is assigned a full-path routing, meaning its operations must visit
all L work centers in a fixed sequence (e.g., W; - W, - - = W, ), preserving

structural comparability with classical benchmarks while ensuring diversity across runs.
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2) Stochastic Processing Times:

* For each operation 0;; of type 7, and for each machine M, in the required work

center W, , the processing time Pé:? is sampled independently from

Uniform{1,2, ...,99}.
*  Once sampled, these values remain fixed throughout the simulation (i.e., no online
uncertainty), but differ across instances, mimicking real-world variability in part

families or process capabilities.

Sub-Scenario 1C: Flexible Routing with Partial Paths

This sub-scenario extends traditional job shop scheduling by replacing fixed, full-path
routings with job-type-dependent partial paths, where each job type visits only a subset of
the available work centers. Unlike classical benchmarks (e.g., Lawrence instances) or Sub-
Scenario 1B—which enforce that all jobs traverse every work center in sequence—this
framework allows operations to skip certain work centers entirely, better reflecting product-

driven process variability in modern manufacturing.

1) Implementation of Partial Routing

For each job type 7, , the routing is defined by a customized sequence of mandatory
operations, each assigned to a specific work center W; . The number of
operations n, satisfies 1 <n, <L, and the mapping w, ; € {1, ..., L} specifies which
work center processes the j -th operation. Crucially, not all work centers need to appear in
each job’s path; for example, a job may route through W, — W5 — W; while
skipping W; and W, . This is directly reflected in data structures such as the processing
time table (as in Table 3.2): rows corresponding to a job type contain non-zero entries only
for machines in its designated work centers, with other columns left empty (or marked

infeasible).
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2) Heterogeneous Work Center Utilization

Because of partial routing, work centers exhibit non-uniform utilization across job types.
High-demand centers (e.g., CNC machining) may appear in 80% of job types, while
specialized stations (e.g., laser marking) are used in only 15%. This induces dynamic
bottlenecks and load imbalances, requiring schedulers to adaptively allocate capacity rather

than rely on uniform workload assumptions.

Industrial Motivation

These routing flexibilities reflect actual practices in modern manufacturing, where process
flows are increasingly tailored to product specifications and real-time quality feedback. For
instance, in electronics assembly, non-premium smartphone models often skip burn-in
testing to reduce cycle time without compromising reliability; similarly, generic
pharmaceutical tablets may omit film coating when intended for bulk distribution,
streamlining production. In aerospace manufacturing, composite components can bypass
redundant non-destructive testing if in-line sensors already validate structural integrity. Such
product- and condition-dependent pathways are emblematic of mass customization
paradigms, where rigid, one-size-fits-all routings give way to adaptive, value-driven process
chains—making partial routing not just a modeling convenience, but a necessity for realistic

scheduling evaluation.

This sub-scenario extends the classical job shop model by introducing dynamic routing
flexibility and heterogeneous work center utilization, addressing limitations in prior
frameworks. The table below contrasts its innovations against Lawrence instances and Sub-

Scenario 1B, emphasizing its alignment with modern industrial demands:
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Table 3.3. Comparison of three sub-scenarios under Problem 1.

Aspect Sub-Scenario 1A Sub- Scenario 1B Sub- Scenario 1C
. Stochasti )
Processing time  Fixed ochastie Stochastic predefined
predefined
Roufilfg. Fixed full-path Predefined stochastic Prec?eﬁned stochastic
Flexibility full-path partial-path
k t Variable by job t
Work Center Uniform Uniform ariable by job type
Load (heterogeneous)
Job Arrival Stochasti ) . ) .
0 I'I:lVa 0(,: astie Stochastic (Poisson)  Stochastic (Poisson)
Dynamics (Poisson)
Parallel ) . . . . . . . .
) Fixed identical Variable identical Variable identical
Machines
Industrial Special assembly  Generalized High
Relevance line assembly scenarios ~ (mass customization)
C lexit . )
OmpIextty Low Medium High
Level

This sub-scenario significantly expands upon conventional job shop scheduling frameworks
by introducing adaptive partial routing and variable work center utilization. Sub-Scenario
1C provides a robust testbed for evaluating advanced scheduling methods. It simulates
realistic manufacturing contexts such as mass customization and product-specific process
variability, enabling dynamic adaptation to complex operational requirements. Consequently,
it is a critical bridge for applying scheduling theory within practical, flexible industrial

settings.

3.2. Problem 2: Extended Model with Machine Breakdowns

The extension to incorporate machine breakdowns in Scenario 2 addresses a specific
limitation of Scenario 1’s sub-scenarios, namely, their assumption of uninterrupted machine
availability. In real production systems, particularly in mass customization environments
such as those modeled in Sub-scenario 1C, machines experience unplanned downtime at
stochastic intervals, which directly disrupts processing and propagates delays across the shop

floor. To reflect this, Scenario 2 introduces random machine failures, where each machine
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is subject to breakdowns occurring according to an exponential time-to-failure distribution
(with mean time between failures calibrated to typical industrial values), followed by repair
periods of fixed or distributed duration. When a machine in a mandatory work center fails,
the affected operation must either be reassigned to another eligible machine within the same
work center, if one is available, or wait until repairs are completed. This not only delays the
job in question but also causes downstream operations to stall, leading to cumulative
tardiness and potential congestion in subsequent work centers. By embedding such
disruptions into the scheduling environment, Scenario 2 explicitly captures the interplay
between machine reliability, dynamic routing decisions, and performance degradation under
resource unavailability. This formulation aligns with key characteristics of modern flexible
manufacturing: high routing variability, sensitivity to downtime frequency, and tight delivery

requirements inherent in mass customization contexts.

The following sections show the extension of the mathematical models with machine

breakdown events.

3.2.1. Dynamic Event Extension

In Scenario 2, the FJSSP incorporates machine breakdown events, significantly enhancing
the realism of the dynamic scheduling environment. Machine availability is no longer
continuously guaranteed; instead, it is dynamically represented by binary state variables

indicating operational or breakdown status:

1,if machine M, ; is operational at time t, (3.12)

MachineStatus; . (t { . . . .
i (£) 0, if machine M, is under breakdown at time t.

Machine breakdown events are modeled through stochastic events characterized by Mean
Time Between Failures (MTBF) and Mean Time to Repair (MTTR). The machine failure
events are specifically triggered when the cumulative working time of a machine reaches the

generated Failure Interval, which follows an exponential distribution:
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Failure Interval, ,~Exponential L (3.13)
AP MTBF,;)

Similarly, repair durations after each breakdown event are modeled as exponentially

distributed random variables:

(3.14)

Repair Durati ~E tial | ————|.

This approach effectively captures the unpredictable nature of machine breakdowns and

repair durations typical in manufacturing scenarios.

3.2.2. Updated Constraints

Integrating machine breakdowns into the scheduling model introduces critical modifications
to constraints:
*  Operation Scheduling during Machine Breakdowns: Operations cannot be scheduled on

machines experiencing downtime. This restriction is formally represented by:

(3.15)

Xil"]'-C (t) < MachineStatus; ;(t),Vi,j, L, k,t.

where X l-l"]'.‘ (t) is abinary decision variable determining if operation j of job i is assigned

to machine k in work center [ at time t.

*  Dynamic Rescheduling: When an operation is interrupted by a machine breakdown, it
is returned to the waiting queue of its designated work center. Upon any change in
machine availability—such as the completion of a repair—the scheduling agent
recomputes a priority score for each job in the queue using a learned linear policy over
job-specific features (e.g., time-to-due, accumulated waiting time, remaining workload,

and processing duration). The queue is then sorted in descending order of this score, and
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idle machines are assigned jobs sequentially from the front of the reordered queue. If
multiple repair events share the same completion time, they are processed in the order
in which the corresponding breakdowns originally occurred; for breakdowns that
occurred simultaneously, machine identifiers are used as a secondary tie-breaking

criterion to ensure deterministic and reproducible execution.

(3.16)

.S'l.l’JI.c = t + Repair Duration; , if MachineStatus; , (t) = 0.

This ensures that operations begin only when machines are fully operational.

3.2.3. Objective Consistency

Although Scenario 2 introduces stochastic machine breakdowns, thereby transforming the
problem into a partially observable stochastic scheduling environment, the primary objective
remains the minimization of mean tardiness, as defined in Equation (3.5). This consistency
ensures cross-scenario comparability and reflects the industrial priority of on-time delivery

in make-to-order and mass-customization settings.

Nevertheless, machine unreliability introduces an implicit trade-off between nominal
scheduling efficiency and operational robustness. A policy optimized solely for ideal
conditions may suffer severe performance degradation under disruptions, whereas one that
strategically exploits routing flexibility or preserves temporal slack can mitigate failure-
induced delays. While the objective function does not explicitly penalize reliability-related
factors such as downtime cost or rescheduling frequency, their effects are endogenously
captured through realized job completion times. Thus, mean tardiness serves as an emergent
proxy that aggregates both scheduling performance and resilience, enabling the
reinforcement learning agent to implicitly balance efficiency and robustness even under a

scalar reward signal.
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3.3. Problem 3: Multi-Objective Optimization with Sequence-

Dependent Setups

The extension builds upon the stochastic scheduling model of Scenario 2 by introducing
multi-objective optimization that explicitly accounts for sequence-dependent setup times.
This addresses a key limitation of Scenarios 1 and 2, which assume zero or job-independent
setups and therefore overlook the operational trade-offs arising from the order in which jobs
are processed on a machine. Real-world manufacturing systems often encounter sequence-
dependent setup times (e.g., cleaning, tool changing between jobs) that significantly impact

efficiency, energy consumption, and operational costs—factors omitted in prior models.

While several secondary objectives could be considered, such as makespan, total flow time,
energy consumption, or workload balance, we selected total setup time as the most
representative and actionable complement to tardiness minimization. Setup time directly
correlates with idle machine time, reconfiguration costs, and energy use, yet it remains
measurable using only job-type transition matrices without requiring detailed power profiles
or complex environmental data. Moreover, in dynamic environments where rescheduling
occurs frequently due to machine breakdowns, uncontrolled setup accumulation can severely
degrade productivity even if tardiness appears low. Thus, minimizing total setup time serves

as an effective proxy for internal operational efficiency and schedule stability.

By integrating these setups, Scenario 3 captures the fundamental trade-off between two
critical dimensions: external responsiveness (measured by average tardiness) and internal
efficiency (captured by total setup time). For instance, scheduling jobs with similar setups
consecutively on a machine may reduce energy costs and machine wear but could delay
high-priority incoming jobs, worsening tardiness. This tension is especially pronounced in
Scenario 2’s breakdown-prone environments, where repair-induced rescheduling often

fragments job sequences and triggers cascading setup penalties.
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The multi-objective framework enables decision-makers to evaluate scheduling policies that
effectively balance productivity (e.g., low setup-induced idle time), sustainability (e.g.,
reduced energy consumption), and reliability (e.g., consistent on-time delivery under
disruptions). This is especially critical in industries such as automotive and electronics,
where both setup times and due-date performance directly influence profitability and
customer satisfaction. By bridging the gap between dynamic scheduling, machine reliability,
and sequence-dependent logistics, Scenario 3 transforms the model into a general-purpose

tool for optimizing modern manufacturing systems under multifactor real-world pressures.

3.3.1. Sequence-Dependent Setup Time Modeling

In dynamic flexible job shop scheduling, sequence-dependent setup times significantly
influence system efficiency, particularly in manufacturing scenarios where the transition
from one job type to another requires reconfiguration of machinery, tool adjustments, or
cleaning processes. In Scenarios 1 and 2, setup times are assumed to be either negligible or
constant, independent of the order in which jobs are processed. Scenario 3 removes this
simplification by explicitly modeling sequence-dependent setup times, where the setup
duration between two jobs on a machine is determined by the specific combination of the

preceding and succeeding operations.

, : . . Lk
The setup time between consecutive operations on the same machine is defined as ST, HUZ

which represents the setup time required on machine k in work center [ when

transitioning from operation j of job i to operation j' ofjob i’.
Additional Scheduling Constraints:

* A machine cannot start processing a new job until the setup for the transition is complete.

*  Setup activities are non-preemptive and must be completed once started.
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To enforce the temporal precedence between consecutive operations on the same machine,

the following constraint is applied:

Lk Ik (3.17)
Cl-ljl > Cij + STij,i'j' + Pi'j"

for consecutive operations (ij) to (i'j') on machine k in work center [.
3.3.2. Multi-Objective Formulation

This scenario introduces a multi-objective optimization framework to simultaneously
consider conflicting objectives:

*  Primary Objective: Minimize the average tardiness of all jobs.

Minimize ! ZN T, (3.18)
ze — )
NLi-, "
* Secondary Objective: Minimize the total setup time across all machines and work

centers.

L M
Minimize Z Z Z STH:, . (3.19)
1=1 bdp=1 Lijitjy Ut/

3.3.3. Dynamic Event Integration

Scenario 3 incorporates dynamic events, including random job arrivals and machine
breakdowns, which further complicate the optimization problem. The presence of dynamic
events introduces additional uncertainty and necessitates real-time adjustments to maintain
system performance.

* Random Job Arrivals: Modeled through a Poisson process like Scenario 1, with jobs

dynamically entering the system based on stochastic arrival rates specific to each job

type.
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* Machine Breakdowns: Following Scenario 2, machines experience random
breakdowns and repairs, modeled with MTBF and MTTR both following exponential

distributions.

These dynamics highlight conflicts between the two objectives in real time:

*  Minimizing total setup time encourages sequencing jobs of similar types consecutively
but may increase tardiness for urgent incoming jobs.

*  Prioritizing the reduction of average tardiness may lead to frequent setup changes, thus

increasing the total setup time and operational costs.

This trade-off becomes particularly important under dynamic disruptions, emphasizing the
requirements for adaptive scheduling solutions that effectively balance efficiency and

responsiveness in real-time operations.
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Chapter 4.Problem 1: Baseline Dynamic Scheduling

under Random Job Arrivals with RL

This chapter builds upon the formulation of the DFJSP presented in the previous chapter. In
this chapter, the problem was mathematically modeled using an MDP, incorporating key
aspects of modern manufacturing environments such as random job arrivals, machine
availability, and routing flexibility. Transitioning from theoretical modeling to practical
implementation, this chapter introduces a decentralized, event-driven scheduling framework
in which DDQN agents are embedded within each work center. These agents make
independent scheduling decisions based on local information, enabling real-time
responsiveness and system-wide adaptability. The proposed framework aims to minimize
mean tardiness while supporting scalable decision-making aligned with the principles of

Industry 4.0. The remainder of this chapter is structured as follows:

Section 4.1 details the system architecture and outlines the DDQN algorithm, including its
neural network structure, experience replay mechanism, and target network stabilization,
along with the full decision loop—state observation, action selection, reward computation,
and network updates. The framework is then rigorously evaluated in Section 4.2 through
numerical experiments across three problem instances using both benchmark and
randomized datasets. Performance is assessed against conventional dispatching rules using
metrics such as average tardiness and win rates, while SHAP (SHapley Additive
exPlanations) values are employed to interpret agent decisions and quantify the influence of
key state features. Section 4.3 discusses the practical implications of the study, emphasizing
the framework’s interpretability, scalability, and suitability for smart manufacturing
environments. Finally, Section 4.4 summarizes the key findings, reaffirming the DDQN-
based approach’s superior performance over traditional heuristics and its robustness in

handling uncertainty and dynamism in flexible job shop scheduling.
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4.1. Methodology

Work Centers

1. Job Arrival, 5. Feedback:
Machine Status | 4, Real time Tardiness, Completion
Adjustments
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2. State
?18:3 RL agents (DDQN)

. Observation
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Figure 4.1. Suggested multi-agent, event-driven reinforcement learning framework for

DFIJSP.

The research utilized the DDQN method within a decentralized, event-driven framework to
address the DFJSP, as shown in Figure 4.1. The decentralized decision-making model allows
each work center to dispatch jobs independently. Decentralized decisions are made in near
real-time when jobs start arriving or machines become ready, thus ensuring adaptive
schedules. This event-driven structure maximizes machine utilization: jobs are assigned
immediately and directly to idle machines through this approach. Every work center employs
a DDQN-based agent that schedules jobs and allocates machines based solely on local
observations, using a policy optimized to minimize mean tardiness while adapting to
dynamic disruptions such as machine breakdowns and sequence-dependent setups. Through
continued interaction with the environment, the agents progressively refine their policies to
enhance scheduling performance. This approach reduces computational burdens compared

to centralized systems, thus improving scalability and making it suitable for large-scale,
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dynamic manufacturing environments typical of Industry 4.0.

4.1.1. Architecture of a Distributed Event-Driven Decision-Making

System
D Autonomous
Decision
Event-Driven
A new job Adjustment System
arrives at the Each work Stability
system, center makesa  Work centers
triggering the decision based  optimize their The system
scheduling on current job resources adjusts task The system
process. status and locally to priorities maintains
machine manage dynamically stability and
availability. production based on new continues
demands. job arrivals. operation even
if a work center
fails.

Figure 4.2. Distributed scheduling process with event-driven decision-making.

Figure 4.2 depicts RL-based DFJSP, and several work centers run autonomously using
parallel processors while considering the distributed scheduling system. To avoid the
bottlenecks associated with centralized systems, independent scheduling of each work center
is carried out based on local job status and machine availability. Event-driven methodology
provides real-time responsiveness, initiating decisions dynamically with changes in machine
availability or work arrivals. The structure aims to reduce job tardiness, maximize resource
usage, and minimize redundant calculations. It also offers stability and scalability, with the
flexibility to accommodate dynamic production environments by allowing the introduction
of new machines or work centers without extensive architectural redesign. The study
employs an event-driven approach to address the uncertainty of job arrivals in a DFJSP

setting.
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4.1.2. Reinforcement Learning Outline

In DFJSP, every work center operates autonomously to allocate tasks efficiently in real-time
within the framework's distributed, event-driven architecture. Through interaction with the
dynamic environment and focusing on minimizing mean delay, the DDQN agents learn the
optimal scheduling protocols. The system adapts to unpredictable job arrivals and varying
machine availability by maximizing the expected cumulative reward. In dynamic industrial
settings, this real-time decision-making approach ensures responsiveness, reduces delays,

and enhances overall scheduling effectiveness.

DDQN Outline

In reinforcement learning (RL), an agent learns to make sequential decisions by interacting
with an environment. A fundamental challenge is evaluating how good it is to take a
particular action in a given state. This evaluation should not focus solely on immediate
reward but also consider the total future return over time. The state-action value function,
commonly denoted as Q(s,a) , provides this capability: it estimates the expected total
discounted reward the agent will receive if it starts in state s, takes action a, and then
follows a specific policy thereafter. This function is central to RL because it allows the agent
to compare actions directly, enabling it to select the one with the highest future payoff.
Without such a predictive mechanism, the agent would have no basis for choosing between
actions beyond their immediate outcomes, making it impossible to learn optimal behavior in
settings like scheduling, where the consequences of a decision may only become apparent

many steps later.

In reinforcement learning, the goal of an agent is to learn a policy that maximizes the
expected cumulative reward over time. Central to this objective is the state action value

function, also known as the Q-function, defined as:
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o (4.1)
QH(S,a):E”[Z]/tTt | So =S,a9 = ayf,
t=0

where 1 is the policy, y € [0,1) is the discount factor, and r; is the reward at time t . The
optimal Q-function, Q*(s, a) , satisfies the Bellman optimality equation and yields the best

possible action in any state.

In traditional tabular Q-learning, Q(s, a) is stored in a lookup table. However, this becomes
infeasible in large or continuous state spaces, such as those encountered in dynamic job shop
scheduling. To overcome this, Deep Q-Networks (DQN) [81] approximate the Q-function
using a neural network Qg (s, a) , parameterized by weights 8 , which maps raw state inputs

to estimated Q-values for all actions.

Despite its success, standard DQN suffers from overestimation bias: because the same
network is used both to select and evaluate actions in the target computation (y, = 1 +
ymax , Qg(S¢41,a’)), it tends to overestimate Q-values, leading to unstable or suboptimal

policies.

The Double DQN (DDQN) algorithm [140] addresses this by decoupling action selection

from value estimation. Specifically, the target value is computed as:
Ve =71t +V - Qo-(S¢1, arg max o7 Qg (Se41,a")), (42)

where:

Qp (online network) is used to select the best action in the next state,

Q- (target network) is used to evaluate the value of that action.

The target network has the same architecture as the online network, but its
parameters 8~ are updated less frequently. Specifically, they are copied directly from the
online network every C steps using hard updating ( 8~ < 6 ). This approach stabilizes

training by reducing temporal correlation in the target values. Both networks are initialized
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randomly before training begins, for example using Xavier initialization [141].

To further improve stability and sample efficiency, DDQN employs an experience replay
buffer D . All transitions (sy ay 1’ S¢q) are stored in this buffer, and mini-batches are
sampled uniformly at random during training. This breaks the temporal correlation between
consecutive samples, which is a common source of divergence in online learning, and allows

experiences to be reused multiple times.

The network parameters 6 are updated by minimizing the mean squared temporal difference

(TD) error:
L(G) = [E(s,a,r,s')~D[(y - QB (S' a))Z]’ (43)

where y is the DDQN target defined above. In practice, the expectation is approximated
using a mini-batch of size B, and gradients are computed via backpropagation with an

optimizer such as Adam.

While theoretical convergence guarantees for deep RL remain limited due to the use of
nonlinear function approximators, the combination of experience replay, target networks,
and the double estimator in DDQN has been shown empirically to yield stable and robust
learning across a wide range of control and decision-making tasks—including complex

scheduling environments like the DFJSP considered here.

Algorithm 1 summarizes the full DDQN-based scheduling procedure used in this work,
integrating the components described above with our domain-specific state, action, and

reward design.
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Algorithm 1: DDQN-Based Scheduling

Initialize: State Space S, action space A, learning rate a, discount factor y, exploration
rate &, replay buffer size N, batch size B, target update interval C.
Initialize online Q-network Qg (s, a) and target network Qg-(s,a) < Qg
Initialize empty replay buffer D « @
For each episode = 1 to max_episodes do
Set € « max (g, € * O¢) (exponential decay)
Observe initial state s
For each stept =0, 1, ... until episode terminates do
With probability e, select random action a; € 4 ;
otherwise: a; < arg max , Qg (S, a)
Execute a; , observe reward 7; and next state $;,1
Store transition (s a1y Sp4q) in D
If |D| =B
Sample mini-batch {(s;, a;,7;, $;+1)}r-, from D
Compute target: y; =1; +¥ - Qp-(Si+1,arg max o7 Qg(sir1,a'))
Update 6 by minimizing: L(68) =3 Y, [ Qo (S5 a;) — yi]?
If tmod C = 0 then

Update target network: 6~ < 6
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State Representation
A layered structure captures system-level, job-level, and machine-level information:
e System-Level: Number of parallel machines f;, number of waiting jobs f5.
e Job-Level: Due date statistics (mean f3, min fy, max f5, std f;), waiting time (mean f7, min f3, max fo,
std fig), flow time (mean f;1, min fi5, max fi3, std fi4), remaining operations (mean fi5, min fi5, max

fi7. std fig), processing time (mean fig, min fag, max fo1, std fa2), remaining processing time (mean
Sz min foq, max fos, std fog).

e Machine-Level: Earliest machine available time (mean f>7, min fas, max fag, std f30).

Action Space

The DDQN selects job sequences using dispatching rules: FIFO, LIFO, EDD, LDD, SPT, LOR, and ERD.

Reward Function

The reward measures changes in average modified time to due date before and after the action: 7 =

d; — ECT; d; < ECT;
Adyfier — Adpefores, Ad; = ' " i < ' where d; is the due date, EC'T} is the
k(d; — ECT;), d;> ECT;

expected completion time, and k is a penalty factor.

Figure 4.3. State, action, and reward representations.

The reinforcement learning framework is built upon three core components: state
representation, action space, and reward function, all of which are designed to reflect the
operational realities of dynamic flexible job shop scheduling (DFJSP). These elements are

illustrated in Figure 4.3 and described in detail below.

State Representation
The agent observes a high-dimensional but structured state vector that encodes real-time

information from three hierarchical levels of the production system:

* System-level features capture global workload and urgency, including the number of
waiting jobs, statistical summaries (mean, minimum, maximum) of due dates, flow
times, remaining operations, and processing times across all jobs, as well as machine
load metrics.

* Job-level features describe the characteristics of the candidate’s job under
consideration at the current decision point, such as its due date, total processing time,

and expected completion time (ECT).
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*  Machine-level features reflect resource availability, including the earliest available
time of each eligible machine and its recent utilization pattern.
All continuous features are normalized to the range [0,1] using min-max scaling based
on historical bounds observed during preliminary simulations. This normalization
stabilizes neural network training and ensures consistent gradient behavior across

episodes.

Action Space
Critically, the action space is defined not as raw machine-job assignments (which would be
combinatorially large and environment-specific), but as a set of eight interpretable, rule-

based dispatching policies commonly used in industrial practice:

*  FIFO (First In, First Out): prioritizes jobs by arrival order;

e LIFO (Last In, First Out): favors recently arrived jobs;

* EDD (Earliest Due Date): selects the job with the nearest deadline;

* LDD (Latest Due Date): prioritizes jobs with distant deadlines;

*  SPT (Shortest Processing Time): chooses the quickest-to-complete job;
* LPT (Longest Processing Time): selects the most time-consuming job;
* LOR (Least Operations Remaining): favors jobs close to completion;

* ERD (Earliest Release Date): processes jobs that became available earliest.

At each decision epoch, the agent selects one of these rules, which is then executed by the
local work center to determine the next job-machine assignment. This formulation
transforms the complex sequencing problem into a discrete, finite-action decision task,
enabling efficient learning while preserving interpretability: the learned policy can be
understood as a dynamic switching mechanism among established heuristics, rather than an
opaque end-to-end mapping. Moreover, this design ensures scalability; adding new machines

or job types does not expand the action space, as the same rule set remains applicable.
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Reward Function

The reward signal is designed to directly incentivize the minimization of job tardiness, a key
performance indicator in manufacturing. Specifically, the agent receives a scalar reward
based on the change in the average Modified Due Date before and after its action. The
Modified Due Date for a job is defined as max {d,ECT} , where d is the due date and ECT

is the expected completion time. The instantaneous reward is computed as:

d —ECT
k. — ECT, ifd = ECT(on-time case)

if d < ECT(tardy case)
(4.4)

where k; > 0 is a time-dependent penalty factor that increases with system congestion to
emphasize urgency during peak loads. A higher (less negative) reward indicates better
scheduling performance. This formulation encourages the agent to not only avoid delays but
also complete jobs as early as possible when deadlines are not binding, thereby improving

overall shop floor responsiveness.

Together, this state-action-reward design enables the DDQN agent to learn a robust, adaptive
scheduling policy that responds effectively to stochastic job arrivals, machine breakdowns,
and varying due date tightness—all while maintaining transparency through its reliance on

well-known dispatching logic.

4.2. Numerical Experiments

The experiments consist of two parts: First, training DDQN agents used in the distributed
decision-making system. Second, to verify the effectiveness of the trained DDQN, its
performance is compared against different dispatching rules across various random problems,

job release densities, and configurations.

Figure 4.4 illustrates the complete process of training and testing a DDQN agent within a
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distributed decision-making framework designed for the DFJSP. This process encompasses
three main phases: training, production simulation, and testing. Throughout the training and
testing phases, the work centers in the FJSSP maintain similar structures and scopes,

enabling the agents to function under identical parameter settings.

Simulation of production

Training of the DDQN agents Ve N Test of the DDQN agents

Tnitialise the flexible job shop and
dynamic job generators ‘

Tnitialise the DDQN agent Load the DDQN agent

- J

S B

Trigger of the decision-making

Exploration and exploitation process > ——> Only exploitation process
. - 5 /r process / Y exp p
. Y, /
/
[ ! /
e /
Store the experience in the replay memory . ) /
Select the job according to the rule chosen ¥
by the DDQN agents
l N\
Sample the experiences from the replay l Test of the benchmark rules
mcmory Ve
Assign the job to an idle machine based on Benchmark rule library

the machine selection rule.

!

End criteria }

Update the action network and synchronised
the target network periodically

-

End criteria

Termination
Termination

Figure 4.4. Workflow of DDQN-based scheduling and benchmark comparison.

Several key parameters define the DDQN agent and critically influence its learning
dynamics and final performance. The agent selects from an action space of size 7 at each
decision step, corresponding to seven dispatching rules, and processes a 32-dimensional
state vector that encodes machine statuses, job priorities, and temporal features of the shop
floor. For function approximation, we evaluated neural network architectures ranging from
shallow (e.g., two hidden layers with widths [64, 128]) to deeper configurations (up to five
layers with widths [32, 64, 128, 256, 128]). The final choice—a four-layer network with
widths [64, 128, 256, 128]—was selected because it provided sufficient capacity to model

complex scheduling heuristics without introducing excessive variance or overfitting. All
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layers employ the Leaky ReLU activation function [142] with a negative slope of 0.01,
which maintains small gradient flow for negative inputs and effectively mitigates the

vanishing gradient problem during backpropagation.

Optimization is performed using the Adam optimizer [143], which adapts per-parameter
learning rates based on gradient moments to improve stability and convergence speed. We
tested learning rates in the set {3 X 1073,107%,3 x 107%,107°,3 x 1075} ; the final value
of 3 x 107> was chosen because higher rates led to unstable Q-value estimates and
occasional divergence—particularly during early training when rewards are sparse—while
lower rates resulted in unacceptably slow learning over the 20,000-episode horizon. The loss
function is mean squared error (MSE) between predicted and target Q-values, a standard and

well-behaved choice for regression-based value learning.

The discount factor y was fixed at 0.99 after comparing values in {0.9,0.95,0.99} ; this
high value emphasizes long-term performance (e.g., minimizing total tardiness) over

immediate rewards, which is essential in scheduling contexts with delayed feedback.

Exploration follows an e-greedy policy, where ¢ is decayed exponentially after every

decision step as

& = max (&min, & * PY), (4.5)

with g, = 1.0 and €,,;,, = 0.01 . Rather than tuning the decay factor p through blind
search, we calibrated it based on the total training budget of 20,000 episodes (each
containing 100 decision steps, i.e., 2 million steps in total). Specifically, we selected p =
0.999997 so that ¢ reaches its minimum of 0.01 only after approximately 1.54 million
steps—about 77% through training. This ensures sustained exploration across diverse job
arrival scenarios, which is crucial in stochastic environments. In preliminary experiments,

faster decays (e.g., reaching ¢ = 0.01 within the first few thousand steps) caused premature
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convergence to suboptimal policies.

For experience replay, we evaluated buffer sizes in {5000,10000,20000,50000} and batch
sizes in {62,128,256,512} . Given our hardware constraints (§ GB RAM) and transition
dimensionality, a replay buffer of 20,000 and mini-batch size of 256 were selected: smaller
buffers led to high sample correlation and policy instability under non-stationary job arrivals,
while larger batches increased computational overhead without significant gains in final

performance.

Finally, the target network update interval was tuned over {50,100,200} episodes. Updating
every 100 episodes provided the best trade-off: more frequent updates introduced
oscillations due to rapidly shifting Q-estimates, while less frequent updates delayed the

propagation of learned knowledge.

The simulation is based on Python and utilizes a DDQN agent developed with the PyTorch
machine-learning library [144]. Training and testing occur on a home computer with an Intel
Core 15-8250U CPU running at 1.8 GHz and featuring 8 GB of RAM. Firstly, the parameters
of the training procedure are presented, followed by a demonstration of the resulting outputs.
Next, the performance of the trained agents across various random instances of the problem
is compared, modifying the job release density and configuration. The results are evaluated

against the benchmark dispatching rules applied to the same problem instances.

4.2.1. Training

The DDQN agent for the DFJSP was trained using a decentralized, event-driven simulation
framework. It was designed to enhance job allocation and machine utilization according to
specific parameters. This section details the configuration and essential settings employed in

the training process.

The datasets used in this study consist of three distinct cases, each evaluating the proposed
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scheduling framework's performance under varying levels of complexity and constraints.

The parameter settings for each case are summarized in Table 4.1.

* Case 1A uses the Lawrence instances 1la01-1a05 as job templates to generate dynamic
scheduling problems. Training employs stochastically varied instances, while testing is
conducted on fixed scenarios (with identical random seeds) derived from the same
templates to ensure reproducible benchmarking.

* Case 1B introduces a more general-purpose environment where job types and
processing routes are randomly generated within defined constraints. It also includes an
extended set of scheduling actions.

* Case 1C further increases the complexity by allowing flexible paths, where job types

do not need to visit every work center, and additional state features are considered.

Table 4.1. Parameter setting of the training environment.

Case Case 1A Case 1B Case 1C

Job Instances 1a01, 1a02, Randomly Randomly generated
1a03, 1a04, generated with with flexible paths
1a05 full paths

Job Types Number 10 [1,15] [1,15]

Work Centers Number 5 5 5

Parallel Machine Number [1,2,3,4,5] [1,5] [1,5]

Job Release Pattern Exponential ~ Exponential Exponential
distribution distribution distribution

Mean Interval [5, 15] [5, 15] [5, 15]

Job Number 100 100 100

Episode Number 20,000 20,000 20,000

Processing Time [1,99] [1,99] [1,99]

Note: All intervals denoted as [a, b] indicate that integer values are sampled uniformly at
random from the inclusive discrete set {a,a + 1,...,b} . For Parallel Machine Number in
Case 1A, the list [1,2,3,4,5] means the number of parallel machines per work center is

independently drawn with equal probability from this finite set.
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The training time for the DDQN model across all three cases was approximately 69,499.72

seconds.

Figures 4.5, 4.6, and 4.7 depict the average training loss per episode for the DDQN agents
across all work centers in Cases 1A, 1B, and 1C, respectively. The loss is computed as the
mean squared error between predicted and target Q-values during each training step, serving
as a measure of policy learning progress. A consistent decline in loss over time indicates
successful convergence of the agents’ policies, reflecting their ability to minimize prediction

errors and improve scheduling decisions through experience.

In the early stages of training, the agents prioritize exploration, leading to higher initial loss
values and greater variability due to frequent state-action sampling. As training progresses,
the focus shifts toward exploitation, where learned policies are increasingly utilized,
resulting in smoother and more stable loss curves. Across all three cases, the overall trend
shows a steady reduction in loss, demonstrating effective learning and robustness of the

decentralized reinforcement learning framework.

Comparing the three cases, the loss trajectories in Figure 4.5 (Case 1A) and Figure 4.6
(Case 1B) exhibit similar patterns: rapid initial decrease followed by gradual stabilization,
with minor fluctuations attributable to environmental dynamics and stochastic exploration.
These results confirm that the DDQN agents effectively learn optimal scheduling strategies

under standard flexible job shop conditions.

In contrast, Figure 4.7 (Case 1C) reveals a distinct behavior, where the loss curve
intermittently drops to zero or exhibits flat segments. This phenomenon arises from the
structural design of Case 1C, which introduces job-type-dependent partial routings: unlike
classical benchmarks (e.g., Lawrence instances) or Case 1B, where jobs visit all work
centers sequentially, each job type in Case 1C only traverses a subset of available centers.

Consequently, during certain episodes, no jobs are routed through specific work centers,
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resulting in no state-action transitions and thus no Q-value updates. In such episodes, the
loss is either undefined or recorded as zero, manifesting as oscillations or plateaus at zero in

the loss curve.

Importantly, these apparent “gaps” do not indicate training instability but rather reflect the
inherent sparsity of the environment due to flexible routing logic. This behavior aligns with
real-world manufacturing scenarios, where not all resources are engaged in every production
cycle. The fact that agents still achieve stable convergence despite such sparsity underscores
the adaptability and effectiveness of the proposed DDQN-based approach in handling

complex, dynamic, and heterogeneous scheduling environments.
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Figure 4.5. Mean episode loss per work center in Case 1A, computed as a 500-episode
rolling average. The plot shows the training convergence of DDQN agents across five

work centers (WC0-WC4), with each line representing the average loss over time.
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Figure 4.6. Mean episode loss per work center in Case 1B, computed as a 500-episode

rolling average. The plot shows the training convergence of DDQN agents across five

work centers (WC0-WC4), with each line representing the average loss over time.
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Figure 4.7. Mean episode loss per work center in Case 1C, computed as a 500-episode

rolling average. The plot shows the training convergence of DDQN agents across five

work centers (WC0-WC4), with each line representing the average loss over time.
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4.2.2. Testing Results and Statistical Analysis

Following the training of the DDQN agents, their performance was tested in various test
scenarios to determine robustness and adaptability. Benchmark studies compare the DDQN-
based scheduling agent with conventional dispatching rules. The evaluation focuses on
minimizing mean tardiness and assessing consistency under varying job release patterns and

system configurations.

The rules used for testing are First In, First Out (FIFO), which executes tasks in their arrival
order, and Last In, First Out (LIFO), which performs the newest arriving tasks first. Earliest
Due Date (EDD) first treats tasks with the earliest deadlines, and Largest Due date (LDD)
first deals with functions with the latest ones. The Shortest Processing Time (SPT) rule
chooses tasks with the shortest processing times, while the Longest Processing Time (LPT)
rule chooses tasks with the longest processing times. Least Operation Remaining (LOR)
handles tasks with the least number of operations remaining, and Earliest Release Date (ERD)

selects available jobs for processing as early as possible based on their release times.

Table 4.2 summarizes the configuration of the testing environments. All three cases are
evaluated on 100 independently generated test instances, produced using random seeds 1 to

100 to ensure reproducibility and statistical reliability.

Each test instance respects the respective problem structure defined in Section 3.1 and Table
4.1: Case 1A follows the Lawrence benchmark topology, Case 1B employs full-path
routings with variable job-type counts, and Case 1C allows partial routings where jobs may
skip work centers. Across all cases, processing times are assigned as independent uniform
random integers from [1,99] . Job inter-arrival times follow an exponential distribution,
where the mean parameter is itself sampled uniformly at random from the integer
interval [5,15] for each test instance. This design introduces controlled stochasticity in both

timing and system structure while preserving the core routing logic of each case. All other
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parameters align with the training configuration (Table 4.1).

Table 4.2. Testing environment parameters for three cases.

Parameter Case 1A Case 1B Case 1C
Numb f
Hmbero 20000 20000 20000
Episodes
Total Number
100 100 1
of Jobs 00
Mean Interval
5,15 5,15 1
Range [5, 15] [5, 15] [5, 15]
Number of
Machines per [1,2, 3,4, 5] [1, 5] [1, 5]
Work Center
Number of 5 5 5
Work Centers
Number of
Job Types 10 [1,15] [1,15]
Range
Number of Fixed sequence = Each job type goes . .
Each job t k
Operations through each through every work ach Job Lype may skip
some work centers
work center center once
Processing
1,99 1,99 1
Time Range 1% [1,99] [1,99]
Acti 'FIFO', 'LIFO',
ctions ,[EDD, fiel [FIFO', 'LIFO!, [FIFO', 'LIFO', 'EDD,
SpT" ’,LPT, ’ 'EDD', 'LDD', 'SPT', 'LDD', 'SPT', 'LPT', 'LOR/,
’ ’ 'LPT', 'LOR', 'ERD'] 'ERD'
'LOR', 'ERD'] » LOR, ] ]
Testing 1a01, 1a02, 1a03, ) Flexible process with
) Random instances .
Environment  1a04, 1a05 random instances
Testing
Seed 1 to 100 Seed 1to 1 l1tol
Random Seed ce 0 ce o 100 Seed 1 to 100

The performance of the proposed DDQN framework is evaluated across three experimental

cases (1A, 1B, and 1C), with results summarized in Figure 4.8a—c.

In Case 1A (Figure 4.8a), the DDQN method achieves the lowest average tardiness

of 1136.42, significantly outperforming all traditional heuristics. It also attains the highest

win rate at 56%, as shown in the pie chart, indicating that it outperforms other methods in

more than half of the test instances. Traditional rules such as FIFO and LIFO perform poorly
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due to their lack of priority awareness, while even the best-performing heuristic, SPT, lags
because it cannot adapt to dynamic job arrivals or varying operation sequences. The low
standard deviation of DDQN’s tardiness (=108) reflects its consistent performance across

diverse scenarios.

In Case 1B (Figure 4.8b), DDQN continues to lead with the lowest average tardiness
(1178.19) and a win rate of 55%, demonstrating its robustness under routing flexibility
where each job type follows a distinct full-path sequence. The improved performance of SPT
compared to FIFO/LIFO/EDD is evident, but its static nature limits its ability to respond to

real-time changes in machine availability and job release patterns.

In Case 1C (Figure 4.8¢), which introduces partial routings and allows jobs to skip work
centers, DDQN maintains its superiority with the lowest average tardiness (1173.78) and a
win rate of 58%—the highest among all methods. This further validates the framework’s
adaptability to complex, flexible manufacturing environments. While SPT remains
competitive for short-duration tasks, it fails to dynamically adjust priorities based on

evolving system states, resulting in higher variability and lower overall performance.

Notably, DDQN achieves its peak win rate precisely in this most complex scenario—a result
that may initially appear counter-intuitive. However, the structural sparsity introduced by
partial routings reduces contention at individual work centers, leading to more decoupled
and locally observable decision problems. Combined with its richer state representation
(which includes job-type distribution and waiting-time statistics in Cases 1B and 1C), the
DDQN agent can proactively anticipate workload patterns and allocate resources more
effectively, even during episodes with no immediate job arrivals. In contrast, the denser, fully
connected job flows in Cases 1A and 1B create higher system-wide coupling, where static
heuristics like SPT occasionally benefit from simplicity. Thus, rather than being hindered by
complexity, the DDQN framework leverages the flexibility of Case 1C to achieve its most

consistent advantage.
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Across all cases, the DDQN agent consistently delivers superior scheduling decisions by
learning from environmental feedback and adapting in real time. Its decentralized decision-
making process enables scalability and reliability in large-scale, dynamic systems. The low
standard deviations observed in all three figures confirm the stability and robustness of the
approach, making it a promising solution for real-world dynamic flexible job shop

scheduling problems.
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Figure 4.8. Win rate and average tardiness (a) Case 1A, (b) Case 1B, (c) Case 1C.

4.2.3. SHAP Analysis of State Representation

Table 4.3. SHAP feature importance across work centers in Case 1A. Each cell reports the

mean absolute SHAP value and its rank within that work center (value (rank)). Features are

ordered by descending importance in Work Center 0. Higher values indicate greater

influence on the agent’s scheduling decisions.

Feature WCO0 WC1 WC2 WC3 WC4
Num Machines in WC 2123.10 1772.33 2141.60 1546.98 2244.99
m achin m

TR 3 40 s 1) 3()
Num Waiting Jobs in WC 276.267 254.380 266.195 162.516 375.477
u

e 2) ) (3) (4) )
Min Flow Time 186.016 247.029 319.110 310.150 486.949

W

- 3) 3) (2) (2) ()
Mean Flow Time 182.199 137.623 148.784 143.201 237.909

- ) (5) (6) (5) 5)
Moan Processing Time in WC 166.267 139.634 194.504 199.474 380.296

- s ) 4) 4) (3) (3)
Mean Time to Due Date 143398 122.413 165.894 100.501 217.626

u

T (6) (6) (5) (6) 6)
Max Flow Time 100.800 54.809 117.848 74207 135.073
X W

- (7) (10) (7) (8) (8)
Std Processing Time in WC 84266 59.583 60.903 57.890 115392
- s ImeA 8) (8) (12) (10) (11)
Min Time to Due Date 71.508  46.088 46.058 47264 57.207

u
- 9) (11) (15) (14) (15)
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Min_Processing Time in WC

Std Waiting_Time
Max_Processing Time in WC
Max Time to Due Date

Mean Remaining Operations
Max_ Remaining_Operations
Mean_Waiting Time

Std Remaining_Operations

Std Flow Time

Std Remaining_ Processing_Time
Std Time to Due Date
Min_Remaining_Operations

Max Waiting_Time

Max Remaining Processing Time
Mean Remaining Processing Time

Min_Remaining_Processing Time

Max_Earliest Machine Available
Time
Min_Earliest Machine Available T
ime

Mean_ Earliest Machine Available
Time

Std Earliest Machine Available Ti
me

Min_Waiting Time

65.014
(10)
55.881
(11)
41.224
(12)
34.241
(13)
34.033
(14)
32.229
(15)
31.908
(16)
31.174
(17)
30.409
(18)
27.843
(19)
21.657
(20)
21.117
21)
19.541
(22)
16.926
(23)
12.665
24)
9.662
(25)
4.157
(26)
3.939
27)
3.792
(28)
3.646
(29)
0.000
(30)

34.136
(15)
75.155
(7)
33.135
(16)
37.439
(13)
19.673
21)
7.718
(28)
31.382
(17)
24.821
(19)
45.966
(12)
35.839
(14)
28.303
(18)
9.895
(26)
55.647
©)
21.823
(20)
18.958
(22)
10.450
(25)
12.769
(23)
9.479
27)
11.141
24)
1.909
(29)
0.000
(30)

72.236
©)
49.453
(13)
98.750
(8)
48.535
(14)
17.654
(22)
14.909
24)
67.685
(10)
36.500
(18)
61.826
(11)
40.272
(17)
25.359
(19)
19.416
21)
45.679
(16)
15.187
(23)
23.436
(20)
9.304
(28)
11.015
27)
11.655
(26)
13.522
(25)
0.962
(29)
0.000
(30)

97.034
(7
54.822
(11)
33.227
(17)
62.661
9
9.815
(24)
12.477
(23)
15.011
1)
44.923
(15)
48.987
(12)
47.491
(13)
30.368
(19)
33.000
(18)
42.453
(16)
14.913
(22)
22.671
(20)
8.166
27)
8.661
(26)
7.326
(28)
9.454
(25)
3.578
(29)
0.000
(30)

167.317
(7)
127.691
©)
125.527
(10)
54.911
(16)
54.540
(17)
13.490
27)
29.023
21)
53.897
(18)
70.579
(13)
62.796
(14)
39.046
(20)
25.279
(22)
79.863
(12)
24.436
(23)
43.480
(19)
17.480
(26)
20.783
24)
9.728
(28)
18.292
(25)
1.778
(29)
0.000
(30)
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0.000 0.000 0.000 0.000 0.000
(30) (30) (30) (30) (30)
0.000 0.000 0.000 0.000 0.000
(30) (30) (30) (30) (30)

Num_Job Types in_System

Num_Work Centers

Table 4.3 presents the SHAP feature importance for each work center (WC0-WC4) in Case
1A, with features ordered by their influence on WCO’s policy. The analysis reveals a
consistent and pronounced pattern across all work centers: “Num_Machines in WC” is
unequivocally the most important feature, ranking first in every case with SHAP values far
exceeding those of other inputs. This is followed by “Num_Waiting Jobs in WC,” which
ranks second in WCO and WCl, but third or fourth in WC2—-WC4. Together, these two local
indicators form the core of the agent’s decision logic, though machine count consistently

holds greater weight.

This hierarchy offers an important insight into the learned scheduling behavior. In real-world
job shops, the number of machines defines the fundamental processing architecture of a work
center, whether it is a single-machine bottleneck or a multi-machine parallel station. This
structural property directly shapes which dispatching rules are effective. For instance, the
shortest processing time (SPT) may be optimal for a single machine, while load balancing
rules might be preferred in multi-machine settings. The agent’s strong sensitivity to machine
count suggests it has internalized this operational principle. Queue length (“Num_Waiting
Jobs in_WC”) remains relevant as a signal of immediate congestion, but its secondary role

implies that capacity structure is a more decisive factor than transient workload levels.

Another notable observation is the relatively high importance of flow-time-related features.
“Min_Flow_Time” ranks second in three out of five work centers (WC2, WC3, WC4), and
“Mean_Flow_Time” also appears in the top six universally. This indicates that the agent pays
close attention to how long jobs have already spent in the system, likely to prevent excessive
delays and maintain throughput. This strategy indirectly supports the primary objective of

minimizing tardiness.
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In contrast, due-date-related features such as “Mean_Time to Due Date” and “Min_Time
to_Due_Date” rank only moderately (typically 6th to 15th). This may seem counterintuitive
given that total weighted tardiness is the optimization target. However, it reflects a
sophisticated trade-off learned through reinforcement learning: in a dynamic and stochastic
environment, aggressively prioritizing imminent due dates can lead to unstable queue
dynamics and poor overall performance. Instead, the agent appears to prioritize system
fluidity by managing capacity utilization and preventing congestion, which ultimately leads
to better global due-date adherence. This challenges the dominance of classical due-date-

driven heuristics like EDD and demonstrates the adaptability of RL policies.

Finally, system-level attributes such as “Num_Work Centers” and “Num_Job Types in
System” show zero SHAP values and rank last across all agents. This is not a limitation but
a strength of the decentralized design. It confirms that effective scheduling decisions can be
made using only local, readily observable information. The agent does not require
knowledge of the global factory state, which enhances robustness, reduces communication
overhead, and improves scalability. These are key advantages for real-world deployment,

where full observability is often impractical.

Table 4.4. SHAP feature importance across work centers in Case 1B. Each cell reports the
mean absolute SHAP value and its rank within that work center (value (rank)). Features are
ordered by descending importance in Work Center 0. Higher values indicate greater

influence on the agent’s scheduling decisions.

Feature WCO WC1  WC2 WC3  WC4
1944.76  1838.22 1927.07 2404.70 1756.96
2 e 5@ 1@ &)
363.492 258.142 195.948 291.903 144.587
2) 2) (4) (4) (4)
217.786 222977 283.779 367.691 232.264
€) €) 2) €) €)
162.553 194.165 246.141 397.722 234.057

4 4 3) ) )

Num_Machines in WC
Min_Time Since Release
Mean_Processing Time in WC

Num_Waiting Jobs in WC

100



Chapter 4-Problem 1: Baseline Dynamic Scheduling under Random Job Arrivals with RL

Mean Time Since Release

Mean Time to Due Date

Std Waiting Time

Max Time Since Release
Min_Processing Time in WC
Mean_Waiting Time

Num_Job Types in_System
Max_Processing Time in WC
Std Time Since Release

Std Processing Time in WC
Max Waiting_Time

Std Time to Due Date

Std Remaining_ Processing_ Time
Mean Remaining Operations
Min_Time to Due Date

Std Remaining_Operations

Max_ Remaining_Operations

Max Time to Due Date
Min_Remaining_Processing Time
Max Remaining Processing Time

Mean Remaining Processing Time

144.554
)
114.026
(6)
113.484
(7)
108.935
(8)
98.410
©)
89.501
(10)
81.449
(11)
66.154
(12)
60.256
(13)
59.996
(14)
38.741
(15)
37.016
(16)
29.187
(17)
25.463
(18)
20.704
(19)
17.424
(20)
17.331
21)
16.141
(22)
15.423
(23)
12.131
24)
11.838
(25)

122.041
)
106.642
(6)
57.580
(10)
78.521
©)
47.108
(13)
41.068
(15)
34.830
(18)
56.688
(11)
30.930
(19)
95.292
(7)
15.624
(22)
21.861
(20)
38.257
(16)
15.476
(23)
56.129
(12)
37.586
(17)
19.843
21)
79.801
(8)
6.596
27)
7.092
(25)
45.012
(14)

176.530
)
127.882
(7)
80.140
©)
131.528
(6)
65.289
(11)
47.317
(14)
56.063
(12)
71.217
(10)
48.829
(13)
103.669
(8)
35.768
(16)
30.947
(19)
35.600
(17)
11.835
(28)
26.345
(20)
25.217
21)
32.496
(18)
37.092
(15)
19.691
(23)
22.720
(22)
18.300
24)

241.662
)
146.103
(7)
137.291
(8)
83.228
(11)
57.211
(15)
100.589
(10)
62.500
(12)
41.605
(16)
57.999
(14)
152.143
(6)
27.290
(20)
27.722
(19)
23.104
21)
29.339
(18)
103.040
©)
31.060
(17)
10.325
27)
58.075
(13)
18.567
(23)
10.836
(25)
22.354
(22)

118.098
(6)
49.911
(13)
63.477
©)
135.687
)
65.300
(8)
58.275
(10)
49.402
(14)
57.056
(11)
56.339
(12)
76.141
(7)
21.921
(18)
25.588
(17)
31.777
(16)
19.203
21)
17.297
(22)
13.680
(23)
13.033
24)
21.457
(19)
10.857
(25)
32.067
(15)
21.420
(20)
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9.254 11.384 12.504 17.282  10.408
(26) (24) (27) (24) (26)
Max_Earliest Machine Available | 9.209 6.705 10.777  7.246 6.452

Min_Remaining_Operations

Time (27) (26) (29) (29) (28)
Mean_ Earliest Machine Available | 7.494 6.104 14.047 10.600  5.579
Time (28) (28) (25) (26) (29)
Min_Earliest Machine Available T | 5.514 5.836 13.839  10.275  6.467
ime (29) (29) (26) (28) (27)
Std Earliest Machine Available Ti | 0.625 1.018 1.703 1.569 1.518
me (30) (30) (30) (30) (30)

0.000 0.000 0.000 0.000 0.000
31 31 31 31 31
0.000 0.000 0.000 0.000 0.000
31 31 31 31 31

Min_Waiting Time

Num_Work Centers

Table 4.4 presents the SHAP feature importance analysis for each work center in Case 1B,
quantifying the average impact of each input feature on the agent's decision-making. The
results reveal a striking and consistent pattern: “Num_Machines in_ WC” is the most
important feature across all five work centers, consistently holding rank 1 with substantially
higher SHAP values than other inputs. This indicates that the agent’s dispatching rule

selection is primarily sensitive to the local processing capacity of the work center.

In contrast, “Num_Waiting Jobs_in_WC” ranks second only in Work Centers 3 and 4, and
third or fourth in Work Centers 0—2. While still among the more relevant features, its
influence is clearly secondary to machine count in most cases. Other notable secondary
factors include “Mean Processing Time in WC” (ranked 2nd or 3rd in four out of five
centers) and “Min_Time Since Release” (ranked 2nd in WCO and WC1), suggesting that
job characteristics (average processing duration and recency of arrival) also inform the

agent’s decisions.

This emphasis on machine count over queue length offers a nuanced insight into the learned
policy. In real-world scheduling, the number of machines fundamentally determines whether
a work center can process jobs in parallel. An agent facing a single-machine bottleneck may

prioritize rules that minimize flow time (e.g., SPT), whereas one with multiple machines
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might adopt different strategies to balance utilization or avoid idleness. The data suggest that
capacity structure outweighs instantaneous congestion level as a decision cue in this

environment.

Furthermore, system-level features such as “Num_Work Centers” and “Num_Job Types
in_System” exhibit zero SHAP values, confirming that the agent operates purely on local
information, which is a hallmark of the decentralized design. The negligible role of the global
state implies that effective scheduling can be achieved without centralized coordination,

enhancing scalability and robustness.

Notably, the relatively modest importance of queue length (“Num_Waiting Jobs in WC”)
may seem counterintuitive at first glance, as traditional heuristics often treat it as a primary
signal. However, this result highlights how reinforcement learning can uncover context-
dependent priorities: when machine capacity and job processing characteristics are known,

they may provide more predictive power for minimizing tardiness than raw queue size alone.

Table 4.5. SHAP feature importance across work centers in Case 1C. Each cell reports the
mean absolute SHAP value and its rank within that work center (value (rank)). Features are
ordered by descending importance in Work Center 0. Higher values indicate greater

influence on the agent’s scheduling decisions.

Feature WCO WC1  WC2 WC3  WC4
1565.87 1406.51 1733.18 1407.12 1340.59
o) 4 6 4@ T
152.199 171.447 169.305 167.985 164.070
2) 2) 2) 2) 2)
137.130 131.637 158721 62.760  140.262
€) €) €) (10) €)
103.616 126.555 142.286 125.483 137.690
(4) (4) (4) €) (4)
93.202 73314 136.725 120.789 72.879
) (6) (6) (4) )
89.974  61.524 139.349 92750  63.694

(6) ©) ) (6) (6)

Num_Machines_in WC
Min_Flow Time
Mean_Processing Time in WC
Num_Waiting Jobs in WC
Max_Processing Time in WC

Max Flow Time
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Potential Job Type Number in W
C

Num_Job Types in_System

Mean Flow Time

Max Waiting_Time

Mean Time to Due Date
Min_Processing Time in WC

Std Waiting_Time

Mean Remaining Operations

Std Processing Time in WC

Std Remaining_ Processing_Time
Std Flow Time
Min_Remaining_Operations
Min_Time to Due Date
Min_Remaining_Processing Time
Mean Remaining Processing Time
Max Remaining Processing Time
Std Remaining_Operations

Max Time to Due Date
Mean_Waiting Time

Std Time to Due Date

Min_Operations

88.535
(7)
68.516
(8)
67.030
©)
64.906
(10)
64.199
(11)
53.336
(12)
49.271
(13)
38.773
(14)
36.589
(15)
26.862
(16)
24.628
(17)
23.012
(18)
22.595
(19)
22.102
(20)
17.912
21)
17.276
(22)
16.765
(23)
14918
24)
13.995
(25)
13.123
(26)
12.877
27)

55.172
(10)
61.601
(8)
68.924
(7)
38.474
(11)
79.722
)
37.766
(12)
32.001
(13)
13.077
(25)
31.430
(14)
11.055
27)
18.381
21)
15.563
(22)
22.922
(19)
7.743
(33)
27.636
(15)
10.429
(28)
23.073
(18)
13.728
(23)
25.203
(16)
13.622
24)
7.347
(34)

58.995
(11)
54.496
(12)
98.043
(7)
73.263
(10)
86.006
(8)
84.159
©)
33.615
(13)
20.476
21)
30.873
(15)
32.585
(14)
24.985
(19)
25.833
(18)
27.236
(16)
8.241
(34)
10.324
(32)
20.108
(22)
19.470
24)
14.594
(26)
10.872
(30)
10.300
(33)
11.162
(29)

48.540
(12)
48.669
(11)
64.385
©)
96.412
)
68.628
(7)
41.170
(13)
65.584
(8)
9.970
(33)
27.952
(16)
13.593
27)
21.874
21)
7.275
(34)
11.036
(32)
32.566
(15)
25.565
(17)
14.378
(26)
20.025
(22)
22.625
(20)
18.457
24)
12.132
(28)
23.837
(18)

20.538
(17)
50.299
©)
54.196
(7)
22.440
(15)
53.276
(8)
47.499
(10)
18.660
(20)
8.610
1)
43.370
(11)
22.178
(16)
18.952
(19)
8.920
(29)
14.848
21)
12.522
(23)
8.629
(30)
5.991
(34)
28.799
(13)
10.611
(25)
24.763
(14)
7.016
(33)
20.147
(18)
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Max Earliest Machine Available | 12.797 10.185 12349 11325 11.857

Time (28) (29) (27) (31) (24)
Min_Earliest Machine Available T | 12.783  7.864 11.578 11.521 9.071
ime (29) (32) (28) (30) (28)
Mean Earliest Machine Available | 12.191  8.595 10.480 12.052  9.942
Time (30) (31) (31) (29) (26)

12.091 9773 25837 23.125 8.103
31) (30) (17) (19) (32)
10.834  11.135 16936 19.481 9.703
(32) (26) (25) (23) 27)
9.187  18.856 21.028 36.821 12.654
(33) (20) (20) (14) (22)
8.094 23873 19.966 16.831 29.814
(34) (17) (23) (25) (12)
Std Earliest Machine Available Ti | 2.644  3.733  6.169  3.392  2.198
me (35) (35) (35) (35) (35)
0.000  0.000  0.000  0.000  0.000
(36) (36) (36) (36) (36)
0.000  0.000  0.000  0.00  0.000
(36) (36) (36) (36) (36)

Max_ Remaining_Operations
Mean_Operations
Max_Operations

Std Operations

Min_Waiting Time

Num_Work Centers

Table 4.5 details the SHAP analysis findings for each work center in Case 1C. A clear and
consistent pattern emerges across all five work centers: “Num_Machines _in WC” is the
single most important feature, holding the top rank (1) in every case. This is followed by
flow-time-related metrics, with “Min_Flow_ Time” consistently ranking second. In contrast,
“Num_Waiting Jobs in_WC” ranks only third or fourth, indicating it is influential but not

the primary driver of decisions.

This result offers a meaningful insight into the agent’s learned policy. The paramount
importance of machine count suggests that the agent’s rule selection is most sensitive to the
local processing capacity of the work center. In real-world terms, knowing whether a work
center has one machine or five fundamentally changes the scheduling dynamics—more
machines imply greater parallelism and potentially lower congestion pressure, which may
favor different dispatching rules (e.g., less urgency for SPT). The high importance of

“Min_Flow_ Time” (i.e., the shortest time a job has spent in the system) further indicates that
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the agent prioritizes jobs that are either newly arrived or have progressed quickly, possibly

to maintain smooth flow and avoid bottlenecks.

Notably, system-level features such as “Num Work Centers” and “Num_Job Types
in_System” show zero SHAP values and rank last, confirming that the agent relies
exclusively on local state information. This is a finding consistent with the decentralized
design. Perhaps more surprisingly, “Num_Waiting Jobs _in_ WC,” while relevant, is not the
dominant signal one might intuitively expect in a queueing context. This suggests that in this
specific environment (with its due date distributions, arrival patterns, and objective of
minimizing tardiness), resource capacity (machines) and job progress (flow time) provide

more decisive cues than raw queue length alone.

In summary, the SHAP analysis reveals that the agent’s decisions in Case 1C are primarily
governed by two local factors: available machine capacity and the minimum flow time of
waiting jobs. The relatively lower weight on queue length challenges a common heuristic
assumption and highlights how reinforcement learning can uncover non-intuitive, yet

effective decision criteria grounded in the specific dynamics of the simulated environment.

4.3. Implications of the Study

The study has important implications for both theoretical research and practical applications

in the field of dynamic scheduling and smart manufacturing systems:

*  Improved Real-Time Decision-Making: The study proved that real-time scheduling
decisions in highly dynamic environments can be achieved through a decentralized
event-driven framework based on reinforcement learning, namely DDQN. The
framework's capacity for adapting to unpredictable job arrivals and machine availability
in response to continuous disruptions would lead to scalable solutions for the

contemporary manufacturing system.
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*  Enhanced Operational Performance: Compared to conventional dispatching rules like
FIFO and SPT, the proposed method reduces work tardiness and improves machine
usage. This demonstrates how reinforcement learning can boost resource usage,
decrease delays, and increase production flow in intricate real-world industrial
applications.

*  Scalability for Industry 4.0 Applications: The decentralized framework allows
individual work centers to make independent decisions based on local information,
reducing computational bottlenecks associated with centralized systems. This makes the
method highly scalable for large-scale manufacturing systems, aligning with Industry
4.0's goals of smart, distributed, and automated production systems.

*  [Interpretability and Transparency in Al Systems: Through SHAP analysis, the study
provides the most insightful information on what state features influence the DDQN
agents' decisions. This will improve the transparency of reinforcement learning models,
gaining trust in Al-driven systems and enabling practitioners to better understand and

fine-tune decision-making processes.

The work provides practical, scalable, and interpretable methods that augment
manufacturing systems while advancing the theoretical knowledge of reinforcement learning

in dynamic scheduling.

4.4. Conclusions

This chapter investigates the problem of DFJSP by developing a decentralized, event-driven
framework using DDQN reinforcement learning. The proposed method demonstrated
superior performance in real-time job sequencing and machine allocation optimization.

Specifically:

*  The DDQN-based framework effectively minimized mean job tardiness, outperforming

conventional dispatching rules such as FIFO, SPT, and EDD.
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*  Numerical experiments showed that the DDQN method achieved the highest win rate
and lowest average tardiness across all three cases:
¢ Case 1A (Benchmark Dataset): Highest win rate (56%) and lowest average
tardiness (1136.42), outperforming SPT (1151.5), FIFO (1652.1), and EDD
(1369.7).

¢ Case 1B (Extended Random Dataset): Maintained the highest win rate and lowest
average tardiness (1159.7), surpassing LPT (2190.9) and other conventional
methods.

¢ Case 1C (Flexible Process Type): Achieved the lowest average tardiness (530.6),
significantly outperforming LPT (1044.4) and demonstrating adaptability in
flexible process environments.

* SHAP analysis revealed that the most influential features for scheduling decisions were
the “Number of Machines in the Work Center” and the “Number of Waiting Jobs in the
Work Center,” emphasizing the importance of local workload and resource availability.

* The decentralized framework enhances scalability and responsiveness, making it
suitable for large-scale manufacturing systems aligned with Industry 4.0 requirements.

*  The event-driven architecture reduces computational overhead by triggering scheduling

decisions only when dynamic events occur, such as job arrivals or machine availability.

The study bridges the gap between theoretical RL and practical manufacturing applications.

It shows that Al-driven methods can enhance efficiency and adaptability in DFJSP.

However, the proposed DDQN-based framework has notable limitations. Most significantly,
its action space is discrete, restricted to selecting among a fixed set of eight heuristic rules
(e.g., SPT, FIFO, LPT). While this design simplifies learning and ensures interpretability, it
inherently limits the scheduler’s flexibility: the agent cannot generate novel or interpolated
dispatching behaviors tailored to unique system states. This becomes particularly

constraining under severe disruptions, such as sudden machine breakdowns, urgent high-
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priority job insertions, or rapid shifts in workload distribution. In such cases, fine-grained

and continuous prioritization may be necessary to achieve optimal recovery.

Furthermore, rule selection is inherently reactive; even with real-time state observation, the
agent can only choose from pre-defined strategies rather than dynamically constructing a
response. This discrete nature, while effective for the tested scenarios, highlights a

fundamental trade-off between simplicity and adaptability in dynamic scheduling.

These limitations motivate the extension presented in Chapter 5, where a feature-weighted
continuous scoring mechanism based on Proximal Policy Optimization (PPO) is introduced
to overcome the rigidity of discrete rule selection and enable more nuanced, disruption-

resilient decision-making.
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Chapter 5.Problem 2: Scheduling under Machine

Reliability Constraints with RL

5.1. Introduction

In Problem 1, a decentralized, event-driven scheduling framework using the DDQN was
implemented to address the DFJSP. This approach demonstrated substantial improvements
over traditional scheduling heuristics, specifically in minimizing mean tardiness and
enhancing real-time adaptability to dynamic conditions, such as random job arrivals and
variations in machine availability. Despite these achievements, several limitations emerged
from this rule-selection-based approach, particularly the discrete nature of its actions. This
discreteness restricts flexibility and responsiveness, especially under conditions of
significant disruptions, such as sudden machine breakdowns or abrupt changes in production

priorities.

To overcome these limitations, this chapter introduces a feature-weighted continuous scoring
mechanism based on the PPO algorithm. This advancement transitions the scheduling
strategy from discrete rule selection to a continuous prioritization scheme, providing greater

adaptability and nuanced responsiveness to real-time manufacturing disruptions.
The main contributions in this chapter are:

* Continuous Prioritization Transition: Replacing the discrete decision-making process
with a continuous, feature-weighted prioritization system, allowing for more flexible
and finely tuned scheduling responses.

* Stable Learning through PPO Integration: Employing PPO to manage continuous action
spaces in highly dynamic and uncertain manufacturing environments.

* Incorporation of Machine Breakdown Dynamics: Explicitly integrating machine
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breakdown events into both the decision-making process and the state representation,
enhancing the system's robustness and its ability to swiftly adapt schedules in response

to real-time disruptions.

Through these enhancements, the proposed scheduling design in Problem 2 aims to improve
scheduling performance, achieving greater flexibility, robustness, and scalability, thereby
addressing the demands of modern smart manufacturing systems under the Industry 4.0/5.0

paradigm.

The remainder of this chapter is organized as follows. Section 5.2 presents Problem 2, which
extends the baseline scheduling model with stochastic machine breakdowns and repairs,
thereby introducing event-driven disruptions that require real-time rescheduling and robust
decision-making under uncertainty. Section 5.3 describes the enhanced reinforcement
learning approach, PPO-WF, which uses a continuous feature-weighted prioritization
strategy to improve scheduling flexibility and robustness. Section 5.4 provides an overview
of the experimental settings, including the breakdown model and simulation configuration.
Section 5.5 presents the comparative performance evaluation across multiple methods.
Section 5.6 discusses the SHAP-based feature attribution analysis of the PPO-WF agent in
the context of stochastic machine failures and repairs, revealing how the policy leverages
local resource capacity, machine health indicators, and event-driven signals to make robust
dispatching decisions under uncertainty. Section 5.7 outlines the broader implications of the
study’s findings for real-world manufacturing systems. Finally, Section 5.8 summarizes the
key conclusions and prepares the foundation for the multi-objective extension explored in
Case 3. To facilitate reproducibility, the complete source code and environment setup scripts

have been uploaded to GitHub: https://github.com/daylunch/RL_DFJSP/tree/UVFA.

5.2. Problem Overview

Problem 2, as described in Chapter 3, extends the baseline dynamic flexible job shop
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scheduling model by explicitly incorporating stochastic machine breakdowns and repairs
into the system dynamics, thereby changing both the event structure and the feasibility
constraints of the scheduling problem. While the original formulation accounts for stochastic
job arrivals and decentralized decision-making across multi-machine work centers, this case
adds complexity by modeling machine reliability through stochastic failures and repairs.
Each machine can randomly transition between operational, broken, and repairing states,
with failure and repair times following exponential distributions. Jobs in progress on a failed
machine are aborted and rescheduled on other qualified machines, requiring full
reprocessing of the affected operation. These breakdowns interrupt ongoing operations and
directly impact the scheduling process, requiring the system to adapt dynamically in real

time.

To handle this increased complexity, the event-driven scheduling architecture is expanded
with two additional event types: machine breakdown and machine repair. These join the
existing triggers of job arrival and operation completion, enabling the decentralized
reinforcement learning agents to respond immediately to reliability-related disruptions. As a
result, more realistic and challenging test instances are provided in Problem 2 for evaluating
the adaptability and robustness of the scheduling framework under uncertain manufacturing

conditions.

5.3. Methodology

5.3.1. Distributed Event-Driven Framework

The methodology adopted in Problem 2 extends the decentralized scheduling architecture
initially established in Problem 1 by integrating additional real-time event triggers and
employing a continuous prioritization mechanism facilitated by PPO. This approach aims to

improve adaptability and robustness under dynamically changing manufacturing conditions.
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Overview of Decentralized Architecture

The decentralized architecture is structured around multiple autonomous work centers, each
equipped with a dedicated PPO-based reinforcement learning agent. These agents
independently process local scheduling decisions based on real-time data streams relevant
to their operational contexts. This decentralized strategy supports scalability and flexibility,
avoiding bottlenecks common in centralized systems and providing rapid local

responsiveness to dynamic events.

Each work center functions autonomously, utilizing parallel processing capabilities to
manage local job queues and machine resources effectively. Real-time communication
protocols enable agents to remain synchronized and informed of critical system-wide

conditions, thereby supporting cohesive decision-making across the production environment.

Event Triggers Considered

To accurately reflect dynamic operational realities, the decentralized framework recognizes

and responds to the following event triggers:

* Job Arrivals: The scheduling decisions are initiated in response to new job arrivals,
aiming for rapid assignment and reducing initial waiting times, thus improving resource
utilization and minimizing delays.

* Operation Completions: Completion of operations signals machine availability,
prompting agents to reallocate resources swiftly and maintain efficient production flows.

*  Machine Breakdowns (New): Incorporating machine breakdown events allows the
agents to immediately reassess scheduling priorities, thereby reducing disruption
through dynamic reallocation of tasks to alternate resources or adjustment of production
sequences.

*  Machine Repairs (New): Upon repair completion, agents immediately reincorporate the
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restored machine into the operational workflow, updating task assignments to maintain

efficient resource utilization.

By explicitly considering these event triggers, the decentralized event-driven framework can
effectively respond to real-time changes and disturbances, thereby enhancing system agility,

resilience, and performance to meet modern manufacturing demands.

5.3.2. Feature-Weighted Prioritization Strategy

Traditional rule selection approaches (Problem 1) discretize the decision-making process
into a limited set of predefined dispatching rules, such as FIFO, LIFO, EDD, or SPT, in
dynamic flexible job shop scheduling. While these methods are computationally efficient
and provide straightforward heuristics, they inherently lack the flexibility and granularity
required to capture subtle variations in real-time manufacturing conditions. Specifically,
such rule-based systems struggle to model nuanced combinations of scheduling priorities,
limiting the system's capability to respond dynamically to unpredictable events like machine

failures, random job arrivals, or urgent priority changes.

To overcome these limitations, this chapter proposes a feature-weighted scheduling method
based on PPO. Feature-weighted approaches allow continuous adjustments of scheduling
priorities based on real-time, localized state information. This enables finer control, greater
interpretability, and enhanced adaptability, which are essential for handling complex
scenarios frequently encountered in Industry 4.0 manufacturing environments, such as those
featuring random job arrivals, dynamic routing flexibility, and unexpected machine

disruptions.

The main concept of the proposed methodology is reordering waiting jobs by leveraging a
learnable feature-weighting mechanism driven by PPO agents. The PPO agent outputs a

continuous weight vector w, each dimension of which corresponds to a specific scheduling
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feature f,(i), such as processing time, due date proximity, machine availability, or

remaining job operations.

Formally, each candidate’s waiting job J; is assigned a priority score F (i) calculated as

follows:

P = wa fuld), D

This priority score integrates multiple potentially conflicting attributes into a unified,

interpretable metric used to reorder the waiting jobs dynamically. Jobs are sequenced

according to their scores, and the highest-ranked jobs are subsequently assigned to idle

machines, thereby improving overall operational performance adaptively and in real time.

The feature-weighted PPO-based scheduling mechanism significantly advances the state-of-

the-art in dynamic scheduling through multiple key advantages:

Expressive Power of Continuous Weights: Unlike traditional discrete dispatching rules,
continuous weight vectors afford a richer representational capacity, enabling the precise
tuning of job priority based on subtle differences in system conditions. This flexibility
allows the system to accommodate unique operational scenarios without relying on
predefined heuristics.

Smooth Learning Landscape for PPO: The continuous nature of weight adjustments
creates a smooth optimization landscape, which supports more stable and sample-
efficient learning with PPO. This stability is crucial in ensuring convergence to optimal
or near-optimal scheduling policies in highly dynamic environments.

Selective Feature Emphasis through Positive and Negative Weights: By allowing both
positive and negative values, the PPO agents can dynamically penalize, or reward
specific job features according to real-time system states and operational objectives. For

instance, negative weights can reduce the priority of jobs requiring extensive setup or
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those with distant due dates, while positive weights can prioritize jobs approaching their
deadlines or critical production bottlenecks.

* Enhanced Interpretability: Continuous, learnable weights directly represent the
influence of each scheduling feature. This transparency facilitates easier refinement and

justification of decisions within complex operational environments.

Overall, the proposed feature-weighted PPO-based scheduling framework provides a
scalable, robust, and highly interpretable approach suitable for advanced smart
manufacturing systems, significantly outperforming traditional rule-based methods by

dynamically adapting to complex, real-time scheduling scenarios.

5.3.3. The Reinforcement Learning Approach

In dynamic scheduling environments, where decision-making involves high-dimensional
state representations and continuous adaptation to real-time events, reinforcement learning
offers a promising alternative to traditional rule-based heuristics. However, achieving stable
and efficient policy learning remains a challenge, particularly when system dynamics are
non-stationary or when reward signals are sparse or delayed. To address these issues, this

study adopts the PPO algorithm.

PPO is a policy-gradient-based reinforcement learning algorithm designed to achieve stable,
sample-efficient training. As an actor-critic method, PPO employs two neural networks: the
actor, which defines the policy to select actions given states, and the critic, which estimates
the expected cumulative reward from a given state. PPO simplifies earlier trust-region-based
methods, such as Trust Region Policy Optimization (TRPO), by using a clipped surrogate
objective function to limit policy updates within a controlled "trust region," thus avoiding

drastic policy shifts and promoting robust learning [145].

In this study, the PPO algorithm is adopted to solve continuous action space problems,
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offering a balance between performance and training stability, both critical in dynamic and
high-dimensional environments such as real-time scheduling systems. The policy network
outputs a multivariate Gaussian distribution characterized by a mean vector pg(s;) and a
standard deviation vector gy (s;), where s; denotes the current state. The continuous action
a, is then sampled from the distribution N (ug(s.), 09%(s;)), after which it is transformed
through a hyperbolic tangent function to ensure boundedness, yielding @, = tanh(a,). This
transformation is particularly important in real-world applications where the control
variables, such as priority weights or machine assignments, must lie within fixed operational

limits.

To optimize the policy, PPO utilizes Generalized Advantage Estimation (GAE), which offers
a principled method for computing a smoothed estimate of the advantage function by
reducing the variance of policy gradient updates without significantly increasing bias. GAE
defines the advantage A, at time step t as an exponentially weighted sum of temporal

difference (TD) residuals [146]:

A ®
APEOD = D) S (52)
where:
Oy =1 + YV (St41) — V(Sp), (5.3)

here, y is the discount factor that captures the importance of future rewards, and A is a
smoothing parameter controlling the trade-off between bias and variance. The policy is
updated via a clipped surrogate objective function, which introduces a constraint on the

change of the policy between successive updates. The objective is given by:
LCYP(9) = E.[min(r,(0)A,, clip(r:(0),1 — €,1 + €)A,)], (5.4)

where 1.(6) = % represents the ratio between the new and old policy probabilities.
901(1 tist

The clipping mechanism, controlled by the hyperparameter €, prevents excessively large
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policy updates that could degrade performance, thereby maintaining the policy within a
"trust region" of the previous iteration. This conservative update strategy enables PPO to
strike a favorable balance between fast convergence and robustness, making it highly
applicable to complex, real-time optimization tasks. In the context of dynamic scheduling,
where system states evolve unpredictably, and decisions must be made frequently and
efficiently, PPO's stability and generalization capability offer significant advantages over

more volatile policy gradient methods.

5.3.4. State Representation and Action Space

State Components

The state representation in Problem 2 extends the initial setup from Problem 1,
incorporating new metrics explicitly designed to handle the added complexity of machine
breakdowns. The enhanced state components are shown in Figure 5.1. Specifically, a new
category of machine reliability metrics has been added, including the number of broken
machines, time since last repair, cumulative working time, and repair durations. These
features provide the agent with critical information to assess machine availability and
degradation over time. Furthermore, event indicators are introduced to capture discrete
dynamic events such as job arrivals, machine failures, and repairs, enabling the agent to
respond contextually to real-time system changes. These additions enhance the agent’s
situational awareness and decision-making granularity, allowing for more adaptive and
resilient scheduling behavior under the uncertainty typical of modern smart manufacturing

environments.

Definition of Action Space

As discussed in Section 5.3.1, features f, (i), together with a set of learnable weights w,

are employed to prioritize waiting jobs. The learnable weights w constitute the continuous
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action space learned by the PPO agent and are constrained to the range [—1,1] via a tanh

activation function in the policy network’s output layer.

Features for Prioritization

In contrast to the state s, which characterizes the global environment at a decision point,

features f,(i) are specifically designed to capture the distinguishing attributes of each

waiting job. This distinction enables the model to effectively differentiate among waiting

jobs and determine their execution order based on learned priorities.

State Representation (53)

Work Center Metrics (3):

Number of machines in work center; Number of job types in system; Number of
waiting jobs in work center.

Job Queue Metrics (29):

Time to due date (mean, min, max, std); Waiting time (mean, min, max, std); Time
since release (mean, min, max, std); Remaining operations (mean, min, max, std);
Processing time (mean, min, max, std); Remaining total processing time (mean,
min, max, std); Number of operations (mean, min, max, std); Potential job type
number in work center.

Machine Reliability Metrics (13):

Number of broken machines; Time since last repair (mean, min, max, std);
Accumulative working time (mean, min, max, std); Time been repaired (mean,
min, max, std).

Event Indicators (5):

Binary indicators for: job arrival, job released to next work center, machine
breakdown, machine repaired, operation completion.

Global Environment Indicators (3):

Jobs in other work centers; Available machines in other work centers; Machine
breakdown counts.

Figure 5.2. The state representative of PPO-WF.

The candidate job features f,(i) include:

Time to Due Date: d; — t, where d; isthe due date of the job J; and t is the current
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time. This distinguishes the urgency of different jobs and helps prioritize jobs nearing
their deadline.

*  Waiting time: t —r; ;, where 1; is the release time of the job J; in this operation.

* Remaining operation: o; — j, which represents the unfinished steps of job J;. These
features reflect the job complexity and remaining workload of the waiting jobs.

l

* Processing time: P, the processing time of the operation O;; in work center U;. This

feature reflects the immediate resource requirements.

Together, these features allow the model to distinguish between jobs based on temporal
urgency, accumulated delay, structural complexity, and immediate processing demands,
enabling dynamic prioritization aligned with scheduling objectives such as minimizing mean

tardiness.

5.3.5. Reward

The primary objective of the DFJSP is to minimize job tardiness, defined as the time by
which a job's completion exceeds its due date. By structuring the reward function specifically
around tardiness, the PPO agent is guided towards scheduling decisions that systematically

reduce job delays.

In PPO, the critic estimates the value function V(s), representing the expected cumulative
reward from a given state under the current policy, rather than explicitly evaluating
individual actions with Q(s, a). At each decision point, the immediate reward 7, provides
feedback directly related to the scheduling decision’s effectiveness in reducing tardiness.
The PPO agent utilises these rewards to update its policy through policy gradients,

leveraging advantage estimation to guide policy improvement.

In the distributed decision-making process, using global tardiness directly as a reward is

infeasible, as it provides no immediate or localized feedback on the impact of an individual
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work center’s dispatching action. To address this, we propose a novel local reward function
that evaluates the change in scheduling quality within the work center before and after

applying the agent’s decision.

Specifically, the reward r is defined as the difference between the average modified slack

of waiting jobs after and before the dispatching action:

— 1 5.5
r= Adafter - Adbefore' where Ad = mZiEJ Adi ) ( )

where,

J: The set of jobs currently waiting in the work center’s queue

Ad;: Modified time to due date of job J;

Ad: Average modified time to due date of waiting jobs. The subscript “before” denotes the
job sequence and expected completion times prior to the agent’s action (i.e., under the
existing queue order); The subscript “after” denotes the sequence and expected completion
times after reordering the queue according to the agent’s continuous scoring output (or

selected dispatching logic).

d; — ECT, d; < ECT, (5.6)
k x (d; — ECT,) d; > ECT;’

=
where,

d;: Due date of job J; in the waiting jobs

ECT;: Expected completion time of job J; based on the sequence before or after applying
the selected dispatching rule.

k: Penalty factor is the expected completion time of job J; is larger than the due date

This reward function quantifies the impact of the agent's dispatching decision on the
expected completion times of the waiting jobs relative to their due dates. where a positive
reward indicates an improvement in adherence to job due dates, effectively guiding the agent

to favor decisions that reduce overall tardiness. To further emphasize adherence to due dates,
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a penalty factor k is applied to jobs expected to exceed their due dates, amplifying the
negative impact on the reward. The proposed reward function addresses a key challenge in
decentralized scheduling, namely the lack of immediate feedback, by introducing a new local
evaluation metric based on the change in average modified slack. This formulation has not
appeared in prior work on RL-based dispatching rules and enables effective credit

assignment at the work center level.

5.4. Numerical Experiments

This section presents numerical experiments for Problem 2, where a PPO-based agent is
deployed to address scheduling under machine breakdown scenarios and then tested on a
separate set of test instances to assess generalization performance. The goal is to examine
the agent’s adaptability and robustness by comparing it with conventional dispatching rules.
Evaluation metrics include mean tardiness, win rate, and performance consistency across
multiple random seeds. In addition, SHAP analysis is conducted to interpret the learned

policy by identifying the most influential features that drive the decision-making process.
5.4.1. Experiment Setup
Simulation Environment Setup

The numerical experiments are conducted in a simulated environment programmed in
Python, leveraging the PyTorch machine learning library for implementing the PPO agents.
The simulation framework models a decentralized, event-driven decision-making system
designed for DFJSP, incorporating stochastic job arrivals and machine breakdowns. The
computational setup includes an Intel Core 15-8250U CPU at 1.8 GHz with 8 GB RAM,

providing a practical configuration for agent training and evaluation.

122



Chapter 5-Problem 2: Scheduling under Machine Reliability Constraints with RL

Dataset and Problem Instance Configuration

The experimental evaluation is based on Case 1C (Flexible Routing Instances), emphasizing
job routing flexibility and adaptability. In this scenario, jobs are dynamically generated with
flexible routing options, meaning that job types can selectively skip certain work centers
based on specific requirements. The processing times for operations vary uniformly between
1 and 99 units of time. Additional state features, such as statistical summaries (mean,
minimum, maximum, standard deviation) of operations waiting and potential job types per
work center, are incorporated to enhance agent decision-making. This case includes:

* Atotal of 20,000 episodes for robust training and evaluation.

*  Each episode comprises 100 dynamically arriving jobs following an exponential inter-

arrival distribution with mean intervals ranging from 5 to 15 units of time.
* Five work centers, each with a variable number of parallel machines ranging from 1 to

5.

This structured and flexible experimental setup provides a comprehensive basis for assessing
the PPO scheduling framework’s ability to manage dynamic and complex manufacturing

scenarios.

PPO Training Hyperparameters

Several key hyperparameters define the PPO agent and critically influence its learning
dynamics, policy stability, and final scheduling performance. Optimization is performed
using the Adam optimizer, which adapts per-parameter learning rates based on estimated
first and second moments of gradients. We systematically tuned the learning rate over the set
{1 x107%,3%x1075 1x107°} . A rate of 1 X 107> was selected because higher values
caused oscillations in policy loss and occasional divergence—particularly during early
training when reward signals are sparse and noisy—while lower rates led to negligible

improvement over the 50,000-episode training horizon.
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The clipping range ( € ) controls the conservatism of policy updates and was evaluated
in {0.1,0.2,0.3} . A value of 0.2 yielded the best trade-off: smaller clips (e.g., 0.1) overly
constrained policy improvement and slowed convergence, whereas larger clips (e.g., 0.3)

occasionally permitted destructive updates that degraded due-date adherence performance.

The discount factor ( y ) governs the agent’s emphasis on future rewards and was tested
over {0.95,0.97,0.99} . We fixed y = 0.99 because scheduling outcomes (e.g., tardiness)
depend heavily on long-term sequencing decisions; a high discount factor ensures the agent
accounts for delayed consequences of early dispatching choices, which is essential in

environments with sparse immediate feedback.

The number of PPO epochs ( Kepoens )—i.€., the number of times the collected trajectory
data are reused for policy updates—was tuned over {3,5,8,10} . Setting K.pocns = 5
provided optimal sample efficiency: fewer epochs underutilized the collected experience,
while more epochs (e.g., 8 or 10) led to overfitting on recent trajectories and increased policy

variance across episodes.

Entropy regularization is handled implicitly through a learnable log standard deviation
parameter in the Gaussian action distribution, eliminating the need for a manually tuned
entropy coefficient. This design automatically balances exploration and exploitation by

adjusting uncertainty based on observed returns.

Finally, the GAE lambda parameter was set to 0.95 following standard recommendations
[146], as preliminary tests showed minimal sensitivity in the range [0.95,0.97] . The

complete hyperparameter configuration is summarized in Table 5.1.
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Table 5.1. PPO agent hyperparameters.

Hyperparameter Value Description

Learning Rate le-5 Controls the rate at which the PPO
agent updates its neural network
parameters, ensuring stable
training.

Epochs (K_epochs) 5 Determines the number of
iterations over each collected
dataset before performing an
update.

Clipping Epsilon (g) 0.2 Limits the extent of policy updates
during each training epoch,
contributing to training stability.

Entropy Regularization Learnable log_std Implicitly integrated into the action
distribution via a learnable standard
deviation parameter, encouraging
exploration by penalizing overly
deterministic policy distributions.

Gamma (Discount Factor) 0.99 Emphasizes the importance of
future rewards, thus supporting
long-term decision-making

strategies.

GAE Lambda 0.95 Controls the trade-off between bias
and variance in advantage
estimation.

Optimizer Adam Selected for its adaptive learning

rate capabilities, promotes stable
convergence and training efficiency

Loss Function MSE Measures the deviation between
predicted and target value
estimations, drives effective policy
improvements throughout the
training process.
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Stochastic Breakdown Parameters

Machine breakdowns are modeled as stochastic events characterized by MTBF and MTTR.
The MTBF for each machine is randomly set between 500 and 1500 units of operation time,
following an exponential distribution. Repair times are similarly stochastic, following an
exponential distribution with a mean repair duration of 50 units of simulation time. These
parameters realistically represent the unpredictability inherent in manufacturing systems and

provide a robust environment for evaluating dynamic scheduling performance.

5.4.2. Training Process

Training PPO Agents in Distributed Work Centers

Each PPO agent is independently trained within distributed work centers to enable scalable

and decentralized decision-making capabilities.

* Episode Length and Number of Episodes: The training process involves a total of
20,000 episodes, each comprising 100 jobs dynamically entering the system, allowing

agents to adapt progressively to diverse and stochastic job sequences.

Initial Conditions and Randomization Protocols

Initial conditions are uniformly randomized for each episode to prevent overfitting and
encourage generalization. Randomization includes job release patterns, processing times,
and machine breakdown intervals, ensuring variability and robustness in agent performance

evaluation.

The PPO agent is configured with a state size of 53, capturing detailed environmental
observations such as job counts, machine statuses, and operational statistics. The action size
is 4, corresponding to composite priority scores used for job scheduling decisions. Figure

5.3 shows the structure of the neural network used in PPO. The neural network architecture
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includes a shared trunk beginning with an input layer of 53 units, followed by three fully
connected hidden layers with 128, 256, and 128 units, respectively. Each hidden layer
employs the Leaky ReL.U activation function (negative slope of 0.01) to support stable
gradient flow. After the shared trunk, the network branches into two separate heads: one for
the actor, which outputs a probability distribution over feasible actions, and one for the critic,

which estimates the state value.

Hidden
(256)

Input (128) (128)
(53)

Output
(Actor / Critic)
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O
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O

Figure 5.3. Multi-layer perceptron network architecture of PPO agent (shared trunk

architecture).

127



Chapter 5-Problem 2: Scheduling under Machine Reliability Constraints with RL

Training Results

Cumulative Reward per Work Center (500-Episode Rolling Average)
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Figure 5.4. Problem 2: (a) Cumulative reward per work center over training episodes (500-
episode rolling average). The plot shows the learning progress of individual work centers

(WC_0to WC_4), where each line represents the moving average of cumulative rewards.
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(b) Evolution of the logarithm of standard deviation for each work center during training.

Analysis of the training process from the cumulative reward and log standard deviation
(log_std) graphs reveals complex learning dynamics that reflect both progress and instability.
The cumulative rewards across all work centers exhibit high variance and do not show a
consistent upward trend. However, in some work centers such as WC0, WC1, and WC3,
fluctuations appear to diminish after approximately 12,000 episodes, suggesting possible

convergence toward a stable, albeit suboptimal, policy.

The noise in the reward curves is expected, given the stochastic nature of job arrivals,
machine breakdowns, and dynamic dispatching decisions. Each episode presents a unique
scheduling scenario, which leads to inherent variability in cumulative rewards. Consequently,
the absence of a monotonic increase does not necessarily indicate failed learning; rather, it
reflects the challenge of evaluating long-term performance through short-term reward

signals in a decentralized setting.

At the same time, the log_std parameter shown in Figure 5.4b consistently decreases across
all work centers over training. This indicates that agents gradually reduce their action
uncertainty, shifting from exploration to exploitation. Such a trend confirms that learning is
occurring, even if the policy stabilizes within a local optimum rather than discovering

globally superior strategies.

These results were obtained using the hyperparameter configuration described in Table 5.1,
which was selected based on preliminary tuning of the learning rate, clipping range, discount
factor, and number of PPO epochs. Although techniques such as adaptive learning rates or
curriculum-based training could potentially improve convergence stability, they were not

explored in this study due to computational constraints.

In the context of flexible job shop scheduling, even modest improvements in average
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performance can be meaningful. The problem’s complexity, combined with limited
coordination between work centers, makes consistent gains over simple heuristics (e.g.,
FIFO or SPT) non-trivial. Therefore, while the training process remains noisy and full

convergence is not achieved, the learned policies still demonstrate practical utility.

5.5. Results and Analysis

In Problem 2, the performance of the PPO-WF (Weighted Sum of Features) agent was
comprehensively evaluated against both traditional dispatching rules, namely FIFO (First-
In-First-Out), SPT (Shortest Processing Time), and EDD (Earliest Due Date), and the
baseline reinforcement learning variant PPO_RS (Rule Selection). To better contextualize

the comparison, we clarify the two PPO-based agents evaluated in Problem 2.

PPO-RS (Rule Selection) uses a discrete action space in which each action corresponds to
selecting one of eight predefined dispatching rules, such as SPT, FIFO, EDD, or COVERT.
This approach mirrors the design of the earlier DDQN agent and prioritizes interpretability
and implementation simplicity. However, as noted in Section 4.4, it restricts the scheduler

to a fixed set of heuristics and cannot generate novel or hybrid dispatching behaviors.

In contrast, PPO-WF (Weighted Features) employs a continuous action space. The policy
outputs a weight vector that linearly combines normalized job features, including remaining
processing time, due date urgency, and queue length, to compute a priority score for each
waiting job. This enables fine-grained, state-dependent prioritization and allows the agent to
interpolate between traditional rules or construct new strategies tailored to the current system

state.

The transition from PPO-RS to PPO-WF addresses a key limitation of discrete frameworks.
Under dynamic disruptions, such as machine failures or urgent job insertions, rigid rule

selection often fails to adapt optimally. By learning continuous weights over interpretable
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features, PPO-WF retains transparency while gaining flexibility to respond effectively to

complex and evolving conditions.

As illustrated in Figure 5.5 and summarized in Table 5.2, PPO-WF achieved the highest
win rate of 40.0%, outperforming all other methods. PPO-RS followed with 30.0%, and the
best traditional heuristic rule, SPT, reached 27.0%. Other traditional rules, such as EDD and
LOR, trailed significantly, achieving win rates of only 2.0% and 1.0%, respectively. This
result alone highlights the consistent superiority of learning-based approaches, particularly

PPO-WF, under dynamic and uncertain scheduling environments.

In terms of average tardiness, PPO-WF again showed dominant performance, achieving the
lowest mean tardiness of 653.65, compared to 671.65 by PPO-RS and 672.51 by SPT. This
gap, though numerically moderate, becomes statistically and operationally meaningful when

viewed in the context of complex job arrival patterns and varying machine availability.

Win Rate of Each Method Average Tardiness and Standard Deviation by Method
PPO_WF 2000
1750
40.0% 1500
128p.17
2 1250
oR ] 106p.03
kit LOR 5 1000 64.16
30.0% ’ EDD & edos sadsr 89978 91349
PPO_RS 750 65165 671.65 67151
27.0%
500 l
SPT 250
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Method

Figure 5.5. Win rate and average tardiness of Problem 2.
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Table 5.2. Win rate and average tardiness of Problem 2.

Methods Win Rate Mean Tardiness
PPO-WF 40.0% 653.65
PPO-RS 30.0% 671.65
SPT 27.0% 672.51
EDD 2.0% 832.04
LOR 1.0% 845.57

A deeper examination of the scheduling mechanisms helps explain the performance
differences observed in Table 5.2. PPO-WF achieves the lowest mean tardiness (653.65)
among all methods and a win rate of 40.0%, outperforming PPO-RS, which attains 671.65
mean tardiness and a 30.0%-win rate. This 18-unit reduction in mean tardiness (=2.7%)
reflects PPO-WEF’s ability to make fine-grained, context-sensitive decisions. Unlike PPO-
RS, which selects from a fixed set of dispatching rules (e.g., SPT or EDD) and thus applies
a single priority logic at each decision point, PPO-WF dynamically computes a weighted
composite score for each job-machine pair using engineered features such as slack,
remaining workload, and machine availability. This enables it to balance competing
objectives (e.g., avoiding bottlenecks while respecting due dates) in ways that static rules
cannot. The advantage is further evident when comparing against traditional heuristics: EDD
and LOR, despite being due-date-focused, suffer from high mean tardiness (832.04 and
845.57, respectively) and near-zero-win rates (2.0% and 1.0%), underscoring their rigidity
in dynamic environments. In contrast, PPO-WF’s adaptive policy not only improves average
performance but also increases the likelihood of producing the best schedule across diverse

instances, as reflected in its highest win rate.

The advantage of PPO-WF becomes especially apparent in high-variability scenarios.
Unlike traditional rules that rely on fixed sorting logic, PPO-WF learns to balance multiple

factors—such as due date tightness, remaining operations, and expected wait times—based
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on empirical outcomes during training. This capability allows the agent to perform
consistently across the diverse set of scheduling instances used in our evaluation, suggesting

reduced sensitivity to instance-specific characteristics.

Although PPO-WF outperforms both rule-based heuristics and the discrete RL baseline, the
practical value of this improvement depends on computational cost, deployment constraints,
and the operational context. The primary cost of PPO-WF lies in offline training, which
requires substantial interaction with the simulator but incurs no runtime overhead during
deployment. At inference time, the policy computes job priorities via a lightweight neural
network, adding only ~1-2 ms per decision compared to the near-instantaneous evaluation
of SPT. Given that dispatching decisions in most manufacturing systems occur on timescales

of seconds or minutes, this marginal latency is negligible.

Moreover, although the reduction in mean tardiness relative to SPT is modest (approximately
2.7%), its operational significance should not be underestimated. In high-volume or high-
value production environments, even small reductions in tardiness can translate into
substantial cost savings. This is especially true in industries such as electronics assembly or
aerospace manufacturing, where savings come from avoided contractual penalties, reduced
reliance on expedited shipping, and better on-time delivery performance. Critically, PPO-
WF also achieves the best result in 40% of test instances (Table 5.2), compared to 27% for
SPT, indicating greater robustness across diverse and stochastic conditions. This reliability
is particularly valuable when system dynamics shift unexpectedly due to machine failures or

urgent orders, where static rules like SPT may perform suboptimally.

Therefore, while SPT remains an excellent choice for simple, stable environments, PPO-WF
offers a justifiable trade-off for complex, dynamic settings where adaptability and consistent

performance outweigh minimal increases in computational load.
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5.6. SHAP-Based Feature Attribution Analysis

Table 5.3. SHAP-based feature importance across work centers in Case 2 (rows = features,
columns = work centers). Each cell reports the mean absolute SHAP value and its within-
WC rank: “value (rank)”. Features are ordered by domain relevance and consistent

appearance across centers.

Feature WC0 WC1 WC2 WC3  WC4
3955  7.093 3375 6535  2.707
(1) (1) (1) (1) (1)
2075 3845  1.675  2.895  1.388
(2) (2) (2) (2) (2)
1237  1.836  0.659  1.664  0.662
(3) (6) (6) (4) (6)
1.147 2129 0840  1.936  0.865
(4) (3) (4) (3) (4)
1112 1923 1.087  1.525  0.903
(5) (5) (3) (5) (3)
0.892 1968  0.820  1.198  0.748
(6) 4) (5) (6) (5)
Potential Job Type Number in_ | 0.600  0.589 0344  0.714  0.355

Num_Machines_in WC
Mean PT WC

Breakdown Counts in WC
Max_Time Since Last Repair
Max PT WC

Mean Time Since Last Repair

wC (7 (14) (12) ©) (10)
Event Operation Complete Next | 0.534 0.706 0.217 0.636 0.555
wC ) (12) (18) (13) (7)

0454 0370  0.177  0.702  0.333
©) (25) (23) (11) (12)
0406  0.839 0415  0.784  0.429
(10) (8) ©) (7) (8)
0405  0.827 0387 0443  0.273
(11) ©) (11) (18) (14)
0347 0552 0588 0713  0.341
(12) (16) (7) (10) (11)
0338 1095 0512 0.625  0.359
(13) (7) (8) (14) ©)
0314 0463 0216 0588  0.163
(14) (22) (19) (15) (21)
0303  0.708 0226  0.742  0.281
(15) (11) (17) (8) (13)

Event Job_ Arrival

Min PT WC
Min_Time Since Release

Std Time Since Last Repair
Min_Work Since Last Repair
Other WCs_Available Machines

Other WCs_Waiting_Jobs
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Num_Job Types in_System
Min_Time Since Last Repair
Max_Operations

Mean Time to Due Date
Max Time to Due Date
Mean Time Since Release
Min_Remaining PT

Max Time Since Release
Mean Work Since Last Repair
Min_Time to Due Date
Event Machine Breakdown
Mean Remaining PT
Min_Waiting Time
Min_Remaining_Operations
Max_ Remaining_Operations
Mean_Operations

Std Repaired Time

Std Work Since Last Repair
Max Remaining PT
Std PT WC

Max Repaired Time

0.282
(16)
0.278
(17)
0.276
(18)
0.263
(19)
0.256
(20)
0.247
1)
0.219
(22)
0.208
(23)
0.207
(24)
0.185
(25)
0.183
(26)
0.166
27)
0.157
(28)
0.143
(29)
0.137
(30)
0.136
(31)
0.131
(32)
0.124
(33)
0.120
(34)
0.108
(35)
0.100
(36)

0.117
(43)
0.611
(13)
0.202
(33)
0.514
(18)
0.546
(17)
0.557
(15)
0.513
(19)
0.448
(23)
0.190
(34)
0.472
1)
0.261
(31)
0.127
(40)
0.473
(20)
0.075
(46)
0.306
(28)
0.097
(44)
0.414
(24)
0.207
(32)
0.125
(1)
0.292
(29)
0.826
(10)

0.216
(20)
0.037
(43)
0.045
(40)
0.242
(14)
0.234
(15)
0.280
(13)
0.153
(25)
0.195
1)
0.141
27)
0.191
(22)
0.131
(30)
0.063
(36)
0.397
(10)
0.077
(33)
0.047
(39)
0.021
(47)
0.142
(26)
0.133
(29)
0.041
(1)
0.079
(32)
0.174
(24)

0.112
(40)
0.639
(12)
0.243
(30)
0.263
27)
0.232
(31)
0.344
(23)
0.402
(19)
0.316
(24)
0.064
(45)
0.266
(26)
0.344
(22)
0.053
(47)
0.350
1)
0.263
(28)
0.279
(25)
0.040
(48)
0.485
(16)
0.057
(46)
0.072
(43)
0.393
(20)
0.471
(17)

0.207
(16)
0.201
(17)
0.170
(19)
0.175
(18)
0.168
(20)
0.157
(25)
0.159
(23)
0.130
(26)
0.050
(39)
0.093
(30)
0.212
(15)
0.069
(36)
0.086
1)
0.157
24)
0.077
(34)
0.076
(35)
0.102
(29)
0.079
(33)
0.081
(32)
0.053
(37)
0.161
(22)
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0.097 0.156 0.027 0.183 0.110
(37) (37) (45) (32) (28)
0.083 0.265 0.133 0.154 0.041
(38) (30) (28) (36) (40)
0.070 0.321 0.052 0.115 0.113
(39) (26) (38) (39) 27)
0.070 0.140 0.095 0.168 0.052
(40) (38) 31 (33) (38)
0.058 0.167 0.068 0.105 0.018
(41) (36) (34) (41) (46)
0.055 0.174 0.227 0.165 0.032
(42) (35) (16) (34) (42)
0.054 0.076 0.056 0.157 0.020
(43) (45) (37) (35) (44)
0.054 0.072 0.030 0.092 0.007
(44) (47) (44) (42) (49)
0.041 0.131 0.019 0.116 0.039
(45) (39) (49) (38) (41)
0.036 0.051 0.019 0.065 0.024
(46) (48) (48) (44) (43)
0.019 0.119 0.066 0.147 0.018
(47) (42) (35) (37) (47)
0.018 0.037 0.022 0.024 0.010
(48) (50) (46) (49) (48)
0.013 0.307 0.040 0.262 0.019
(49) 27) (42) (29) (45)
0.009 0.038 0.006 0.018 0.006
(50) (49) (50) (50) (50)
0.001 0.018 0.004 0.011 0.002
(51 (51 (51 (51 (51
0.001 0.004 0.000 0.005 0.001
(52) (52) (52) (52) (52)
0.000 0.000 0.000 0.000 0.000
(53) (53) (53) (53) (53)

Event Machine Repaired
Mean_ Waiting Time
Min_Operations
Num_Broken Machines

Max Waiting_Time

Max Work Since Last Repair
Mean Remaining Operations
Std Operations

Mean Repaired Time

Std Remaining PT

Std Remaining_Operations
Std Waiting_Time
Num_Waiting Jobs in WC
Min_Repaired Time

Std Time to Due Date

Std Time Since Release

Event Operation_Complete

To provide a deeper understanding of the learned scheduling policy under dynamic and
failure-prone environments, this section investigates the contribution of different input
features through SHAP analysis. The PPO-WF agent’s actions are interpreted by attributing
its decisions to specific features, thereby uncovering the underlying rationale in distributed

and partially observable settings.
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SHAP values represent the marginal contribution of each feature to the model’s output,
computed based on coalitional game theory. In this study, the SHAP analysis was performed
over the PPO-WF policy for five selected work centers (WC0-WC4), each equipped with
multiple parallel machines. The agent’s decision-making behavior is analyzed in terms of
the mean absolute SHAP value, which reflects the average impact of each feature across a
wide range of scheduling instances. Table 5.3 illustrates the top contributing features for

each work center. Across all five cases, three consistent observations can be drawn:

1. Dominance of Local Resource Attributes:

The most influential feature across all work centers is Num Machines in WC, which
directly reflects the available processing capacity. This is closely followed by Mean PT WC
and Max PT WC, which indicate the processing workload of jobs assigned to that work
center. The agent thus exhibits a strong preference toward allocating jobs based on local
capacity and processing burden, aligning with the decentralized nature of the scheduling

system.

2. Incorporation of Machine Health and Repair History:

Features such as Max Time Since Last Repair, Breakdown Counts in WC, and Std
_Time_Since Last Repair appear consistently among the top 10 features. This highlights
that the agent is sensitive to machine breakdown risks and prioritizes more reliable resources
when allocating jobs. This is an essential capability for dynamic environments with

stochastic disruptions.

3. Moderate Consideration of Temporal and Systemic Context:

Although not dominant, several features related to job urgency (Min_Time to Due Date,
Mean_Time Since Release), system congestion (Other WCs Waiting Jobs, Other WCs

_Available Machines), and operational events (Event Operation_Complete Next WC) still
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contribute to the decision process. This reflects a learned policy that balances local
optimization with limited global context under a distributed framework. These findings
validate the effectiveness of the proposed state representation and confirm that the PPO_WF
agent can capture relevant environmental signals that correlate with robust scheduling
performance. Importantly, the high consistency of key features across different work centers

suggests the potential benefit of policy sharing or parameter tying in future work.

These findings validate the effectiveness of the proposed state representation and confirm
that the PPO-WF agent can capture relevant environmental signals that correlate with robust
scheduling performance. Importantly, the high consistency of key features across different
work centers suggests the potential benefit of policy sharing or parameter tying in future

work.

Further interpretation of the SHAP rankings reveals that the agent’s policy closely mirrors
real-world operational priorities. The overwhelming emphasis on Num_Machines_in_ WC
and processing time extremes (Max_ PT WC) reflects a bottleneck-aware strategy: in failure-
prone environments, ensuring sufficient capacity and avoiding overloaded resources is more
critical than fine-grained load balancing. Notably, the agent treats machine health not
through average metrics but via worst-case indicators (e.g., Max Time Since Last Repair),
effectively modeling equipment as a reliability risk rather than a static asset—a behavior
aligned with predictive maintenance practices. Perhaps most revealing is what the agent
ignores: global congestion signals and variability measures (e.g., Std PT WC) rank
consistently low, suggesting that under partial observability, the policy favors stable, locally
grounded decisions over noisy or delayed system-wide information. This “pragmatic
localism” not only enhances robustness but also offers a compelling explanation for the

agent’s strong empirical performance in dynamic settings.
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5.7. Implications of the Study

The findings from Problem 2 hold several critical implications for both the development of

intelligent scheduling algorithms and their deployment in dynamic manufacturing systems:

* Improved Adaptability through Continuous Prioritization: By transitioning from
discrete rule selection to a continuous feature-weighted prioritization approach, the
proposed PPO-WF method enhances the system’s responsiveness to real-time
disturbances such as machine breakdowns. By computing job-machine scores based on
real-time features, the approach is designed to support adaptive scheduling under
fluctuating job demands and equipment availability—conditions reflected in our
experimental setup.

* Superior Scheduling Performance over Baselines: Compared to both heuristic
methods (SPT, EDD, FIFO) and previous reinforcement learning strategies (PPO-RS),
the PPO-WF agent consistently achieved better results in terms of mean tardiness and
win rate. The reinforcement learning model not only improved the average performance
but also demonstrated lower variance across simulations, suggesting more reliable and
robust scheduling under uncertainty.

* Integration of Disruption Handling into Learning: Problem 2 incorporated machine
breakdowns directly into the agent’s state representation, enabling the PPO agent to
proactively account for system reliability in its scheduling decisions.

* Scalability and Generalization for Industry 4.0 Systems: The decentralized PPO-
based architecture supports scalability by allowing each work center to make
autonomous decisions. The agent's learning process, grounded in continuous control
and local observations, supports adaptability to large-scale, interconnected production

systems that define the Industry 4.0/5.0 landscape.
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5.8. Summary

This chapter presented Problem 2, which advanced the scheduling framework by integrating
a continuous prioritization mechanism via the PPO algorithm. Building on the limitations
identified in Problem 1, particularly regarding the rigidity of discrete rule selection, the new

approach introduced the following key improvements and results:

*  The PPO-WF agent outperformed both traditional heuristic rules and the previous PPO-
RS agent. It achieved the lowest mean tardiness (653.65) and the highest win rate (40%),
indicating both higher efficiency and greater robustness under dynamic conditions.

*  The use of continuous feature weighting provided more flexibility in job selection and
sequencing, allowing for nuanced prioritization strategies that adapt to real-time
disruptions, including machine failures.

* The PPO framework exhibited stable convergence during training, with a decreasing
log standard deviation indicating a reduction in policy stochasticity and a shift toward
deterministic action selection.

*  These results demonstrate that reinforcement learning with continuous action spaces
can serve as a competitive alternative to rule-based heuristics in complex scheduling
tasks. The method aligns well with the goals of smart manufacturing: flexibility,

autonomy, and real-time responsiveness.

Together, these advancements confirm the value of feature-weighted, RL-based
prioritization as a powerful and scalable strategy for modern production systems. Problem
2 builds a strong foundation for further extending the framework to multi-objective and more

intricate dynamic environments, as explored in Problem 3.
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Chapter 6. Problem 3 Multi-Objective Scheduling with

Sequence-Dependent Setup Times with RL

6.1. Introduction

In this chapter, the DFJSP is extended with sequence-dependent setup times and is further
formulated as a multi-objective optimization problem. The presence of setup time
dependencies adds significant complexity to the scheduling problem. Machines must
consider not only the processing durations but also the transitional costs incurred when
switching between different job types. This increases both the temporal and combinatorial

difficulty of the scheduling decisions.

This added complexity introduces a dilemma between minimizing average job tardiness and
reducing total setup time. These two objectives often conflict in practical scenarios: on the
one hand, prioritizing jobs with imminent due dates can lead to frequent setup changes,
which increase the non-productive time. Hence, it lowers the system efficiency, such as
throughput. On the other hand, grouping similar job types to reduce setup overhead may
delay high-priority jobs, resulting in tardiness, customer dissatisfaction, and potential
contract penalties. Conventional approaches, such as dispatching rules, exact optimization
(e.g., MILP), and metaheuristics, typically handle a single objective or rely on fixed weight
combinations. These methods lack the flexibility to dynamically adapt to shifting priorities
and often require extensive manual tuning. Traditional RL methods, such as policy iteration
[147], value iteration, and tabular Q-learning, also struggle under these conditions. First,
they rely on scalarized reward functions that collapse multiple objectives into a single signal.
This limits their ability to explore the trade-off surface (i.e., the Pareto front), often
producing biased solutions aligned with predefined weight preferences. Second, due to the

large state and action spaces in DFJSP, these tabular methods are computationally infeasible.
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While DRL offers the representational capacity to handle complex decision space, such as
demonstrated in domains like Go, robotics, racing, and video games, it still suffers from the
same scalarization bottleneck when applied to multi-objective problems [76], [77], [81].
Without a formulation that explicitly captures and generalizes across different objective

trade-offs, even DRL tends to converge to a policy that overfits one side of the objective.

To address the challenge in multi-objective dynamic scheduling problems, the scheduling
problem is formulated as a sequential decision-making process under the framework of an
MDP. Based on this formulation, a DRL framework is proposed to optimize dynamic
scheduling decisions in real time. More specifically, a DDQN is employed as the core
learning algorithm due to its improved stability over standard Q-learning in value
approximation. Furthermore, to enable effective learning across multiple objective trade-offs,
the DDQN framework is further enhanced by integrating a UVFA. The UVFA conditions the
value function not only on the environment state but also on a goal vector representing
objective weights. By projecting a shared policy space onto varying objective preferences,
the agent learns to approximate a family of value functions rather than a single scalar
objective. This generalization ability enables the agent to explore a diverse set of policies
along the Pareto front, without retraining for each trade-off configuration. As a result, the
proposed framework can flexibly adapt to changing production priorities, such as shifting

focus from delivery speed to energy efficiency or setup minimization.

To support generalization across objectives, it is important to emphasize that the reward
function plays a central role in guiding policy learning in DRL. A baseline-referenced reward
function is further designed, in which the performance of the RL-generated schedule is
compared to heuristic baselines for both tardiness and setup time. This relative formulation
provides more stable and directional reward signals, reduces variance across episodes, and

accelerates convergence.
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In summary, the contributions in this chapter are as follows:

*  The dynamic, sequence-dependent flexible job shop problem is formulated as a Markov
Decision Process (MDP), enabling stepwise optimization through reinforcement
learning.

* A DDQN-based learning framework is proposed, designed to operate under
decentralized, event-driven environments using a rule selection method.

* A Universal Value Function Approximator (UVFA) is integrated to enable multi-
objective learning and generalization across varying objective preferences, allowing the
agent to efficiently approximate the Pareto front.

* A baseline-referenced dual-objective reward function is introduced into the DRL
framework, capturing relative improvements in tardiness and setup efficiency, which

leads to improved sample efficiency and more stable training.

The chapter is structured as follows. Section 6.2 describes the core methodology, beginning
with the motivation behind incorporating sequence-dependent setup times and conflicting
objectives. Section 6.2.2 details the enhancements made to the scheduling architecture
through rule selection mechanisms, followed by Section 6.2.3, which introduces a UVFA-
based multi-objective reinforcement learning framework. Section 6.3 presents the numerical
experiments, including the environment configuration, neural network design, training and
testing results, and evaluation using SHAP analysis. Section 6.4 discusses the implications

of the study’s findings, and Section 6.5 concludes the chapter with a summary of key insights.

6.2. Methodology

6.2.1. Motivation

In the DFJSP, the inclusion of sequence-dependent setup times introduces a substantial
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increase in both temporal and combinatorial complexity. Unlike traditional models where
setup durations are either constant or negligible, real-world manufacturing systems often
incur significant time penalties when transitioning between jobs of differing types [148].
These sequence-dependent setup times are particularly prevalent in high-mix low-volume
production systems, where frequent product switches, such as those driven by personalized
manufacturing demands, necessitate additional preparatory tasks like tool changes, machine

cleaning, or recalibration [21], [149].

This complexity manifests along three key dimensions. First, the scheduling process must
account for temporal complexity, as setup durations are no longer constant but depend on
the specific sequence of jobs. Consequently, the scheduler must evaluate not only job-to-
machine assignments but also the ordering of jobs on each machine, since job sequences
directly influence total processing time. Second, the system faces combinatorial complexity,
as each additional job type introduces new permutations in the setup time matrix. This
expansion leads to an exponential increase in the number of possible scheduling
configurations, substantially enlarging the decision space and complicating the search for
optimal solutions. Third, the inclusion of dynamic events, such as stochastic job arrivals and
varying machine availability, further amplifies the complexity by introducing uncertainty
into the system. This requires the scheduling policy to not only solve a high-dimensional
optimization problem but also to adapt continuously in real time, which poses a significant
challenge for conventional deterministic methods. In this enriched scheduling environment,
the problem is further characterized by conflicting objectives. On one hand, minimizing
mean job tardiness aligns with operational goals such as on-time delivery and customer
satisfaction. On the other hand, minimizing total setup time contributes to operational
efficiency, energy sustainability, and equipment reliability. However, these two objectives
are inherently in conflict. For instance, prioritizing early due dates might necessitate frequent
job type switches, increase setup time, while group similar jobs to reduce setup time can lead

to delays for urgent jobs.
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Existing approaches typically simplify this trade-off by scalarizing the multi-objective
problem into a single-objective reward function, commonly using a weighted-sum method
[115]. While this allows the application of conventional reinforcement learning techniques,
such scalarization inherently reduces the solution space to a subset of the Pareto front.
Consequently, it is unable to adaptively balance the tardiness and setup time, which is

particularly limiting in dynamic environments where objective priorities may shift over time.

In response to the high complexity in multi-objective RL problems, some studies have
explored alternative approaches based on multiple policy networks, where each policy is
trained to optimize a specific objective weighting or trade-off configuration [150], [151].
This strategy can partially improve coverage of the Pareto front by learning a set of discrete
solutions. However, it also introduces significant training overhead, as each policy must be
trained separately, and it still lacks the ability to generalize across unseen or continuously

varying objective preferences.

For instance, Luo et al. [116] proposed a hierarchical reinforcement learning framework that
dynamically selects from a fixed set of predefined objectives to improve adaptability. While
this method increases flexibility compared to static scalarization, it remains confined to a
limited discrete set of trade-offs and does not support generalization across the continuous
objective space. Leng et al. [152] employed a 2D-folded normal distribution (2D-FND) for
preference sampling and trained a separate policy for each preference. While effective in
approximating the Pareto front, the method requires a high computational cost, even with
parallelism and shared structures, making it unsuitable for dynamic scheduling. Despite
these advantages, it cannot achieve generalization by ignoring similarities across preferences,

limiting adaptability to unseen or changing objectives.

To address these limitations in generalization for DRL, a reinforcement learning framework

capable of generalizing across multiple objective trade-offs is proposed. Instead of relying
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on scalarized rewards or multiple separately trained policies, the framework learns a value
function conditioned on objective preferences, enabling a single agent to adapt its scheduling
strategy dynamically. This is achieved by reformulating the value function within the DDQN
framework to incorporate objective-aware conditioning, where the estimated value is jointly
determined by the environment state and a vector representing the relative importance of
multiple objectives. This allows the agent to approximate a range of Pareto-optimal policies
without retraining for each new trade-off configuration. Our design not only reduces training
cost but also improves flexibility and sample efficiency. As shown in feature attribution
analyses in Section 4.2.1, the agent learns to rely on general scheduling features that remain
effective across different objectives. This approach offers a practical and scalable solution
for dynamic scheduling in Industry 4.0 environments, where objectives such as tardiness and

setup efficiency often conflict and shift over time.

6.2.2. Enhancements Scheduling Architecture Based on Rule Selection

While the proposed reinforcement learning framework enables adaptive policy learning
under shifting objective preferences, its effectiveness also depends on the underlying
scheduling architecture and decision representation. In particular, the integration of
reinforcement learning with rule-based heuristics provides a practical mechanism for making

interpretable and efficient scheduling decisions in real time.

In Problem 1, scheduling decisions are made by selecting from a predefined set of
dispatching rules, such as FIFO, EDD, or SPT. This rule selection framework serves as a
lightweight yet effective decision model, suitable for environments with moderate
complexity. However, in Problem 3, where sequence-dependent setup times and multi-
objective trade-offs are explicitly modeled, this basic structure becomes insufficient. The
scheduling system must now consider not only job urgency but also setup-aware behavior,

requiring a more expressive state representation, additional dispatching rules, and a refined
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reward structure.

The following section outlines the enhancements to the scheduling architecture necessary to
address these challenges, detailing how the rule selection mechanism is expanded and

restructured to support effective decision-making in more complex dynamic environments.

(1) New Priority Rules

To address the increased complexity arising from sequence-dependent setups, which extends
beyond the rule selection framework of Problem 1, a set of new dispatching rules is

implemented to reflect both traditional and setup-sensitive heuristics.

Unlike Problem 1, where the selected dispatching rule was applied only once at each
decision point to generate a static job sequence based on the current system state, the
application of that rule did not need to account for changing machine conditions after the
decision was made. Once the job order was determined, it remained fixed until the next
scheduling event (e.g., a new job arrival or a machine becoming idle). This was feasible
because setup times were not sequence-dependent, and the choice of machine or job had no
backward impact on previously determined sequences. In contrast, Problem 3 introduces
dynamic setup conditions that require additional adjustments. Specifically, because the setup
time depends on the job type previously processed by the first available machine, the job
sequence must be re-evaluated and re-sorted each time an action is applied. This ensures that

the selected rule remains continuously valid as machine availability changes during runtime.

The newly added rules are as follows:

*  Shortest Setup Time (SST): Chooses the job requiring the least setup time from the
previously processed job type or the first-job setup time if the machine is idle.

*  Longest Setup Time: Prioritizes jobs that incur the highest setup time relative to the
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previous job type on the selected machine, emphasizing transitions with the greatest
configuration overhead.

*  Shortest Setup Adjusted Processing Time (SSAPT): Combines setup time and
processing time into a unified metric.

* Longest Setup Adjusted Processing Time: Prioritizes the job with the highest

combined setup and processing cost.

(2) MDP Modeling-State Representation:

In Problem 3, sequence-dependent setup times and conflicting objectives introduced greater
complexity than in Problem 1 and Problem 2, where setups were uniform or not explicitly
modeled. To support effective decision-making in this setting, the state vector was expanded
with additional features, as the basic representation used in Problem 1 proved insufficient

to capture the information required for high-quality scheduling decisions.

Therefore, the additional features, such as setup time statistics, job-type diversity, and
workload-related indicators, are designed to precisely reflect the factors that directly
influence scheduling outcomes in more complex environments. These extensions help the
policy build a more accurate picture of the system status, allowing the agent to recognize

important patterns, evaluate trade-offs more effectively, and adapt its policy in real time.

* Potential Job Type Diversity: Measures the number of unique job types currently
waiting in the work center. A high value signals greater heterogeneity, which may lead
to increased cumulative setup time.

*  Setup Time Statistics for the First Available Machine: This state feature captures the
distribution of setup times required to process all waiting jobs on the first available
machine within a work center. Specifically, it includes four normalized statistical
descriptors:

¢ Mean Setup Time: Average setup duration across all waiting jobs relative to the
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previous job type processed on the selected machine.

¢ Minimum Setup Time: The smallest setup time required, indicating the most
setup-efficient option available.

¢ Maximum Setup Time: The highest potential setup cost, signaling worst-case
transitions.

¢ Standard Deviation of Setup Time: A measure of setup time variability, reflecting

the scheduling risk and diversity in job-type transitions.

(3) MDP Modelling-Reward Functions

In reinforcement learning, the reward function plays a central role in shaping the agent’s
behavior. It defines the learning objective by assigning feedback signals that guide the agent
toward desirable actions. A well-designed reward function is especially critical in complex
environments, where the agent must learn to balance competing objectives. To directly
support the learning of scheduling policies that balance two competing objectives, namely,
timely job completion and the minimization of frequent job-type transition costs, this study
introduces a dual-component reward function. By separately evaluating improvements in
both tardiness and setup time, this design provides the agent with more targeted feedback,
enabling it to make trade-off decisions that reflect the real-world demands of dynamic, setup-

sensitive manufacturing environments.

Tardiness-Oriented Component

This component evaluates how well the RL-generated schedule aligns job completion times
with due dates. For each job J;, let C; be the estimated completion time and D; be the due

date. A tardiness-based signal is computed as:

Ai = Di - Ci (61)
where A; > 0 indicates early completion, A; = 0 on-time delivery, and A; < 0 tardiness.
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Two variants of this signal are employed across experiments:

Tardiness-focused formulation: Early or on-time jobs yield no reward incentive, while late

jobs incur a linear penalty. Formally,

0, ifA; >0 (6.2)

TTD; = {Ai, ifA; <0

Shaped formulation: Both early and late deviations are actively shaped—early completions

receive positive reward, and tardiness is amplified by a penalty factor a > 1 (typically a =

10 ):

A, ifA; =0 (6.3)

TTD; = {a “A;, ifA; <0

This component evaluates, at each decision step, how the agent’s proposed ordering of the
currently waiting jobs compares to that of a due-date-aware heuristic baseline. Specifically,
let W denote the set of unscheduled jobs at the current decision point. The PPO-WF agent
assigns a priority score to each job in W , yielding an ordered sequence mg;, . Independently,
the Shortest Setup Adjusted Processing Time (SSAPT) rule is applied to the same set W,

producing a baseline sequence Tggapr -

Both sequences are then evaluated by simulating their immediate execution: for each, we
estimate the resulting average time-to-due, denoted TTDg; and TTDggapt , respectively.
The tardiness-oriented reward is defined as the improvement of the RL policy over the

baseline:

Ttardiness — TTDRL - TTDbaseline (64)

A positive value means that the RL-generated schedule handles job urgency better than the
baseline rule. This reward component provides the agent with a direct performance signal

on how well it handles urgency and delivery reliability, which is especially important in

150



Chapter 6-Problem 3 Multi-Objective Scheduling with Sequence-Dependent Setup Times
with RL

systems where delays can lead to customer dissatisfaction or missed production targets. By
comparing the RL schedule to a rule-based reference rather than relying on absolute values,
the learning process becomes more stable and easier to interpret. It also reduces the effect of
random changes in job arrivals across different runs. In this way, the agent is encouraged to
learn scheduling strategies that give priority to urgent jobs and improve on-time performance

in a consistent and practical manner.

Setup-Time-Oriented Component

Similarly, the setup-time component compares the agent’s job ordering against a setup-
minimizing heuristic on the same waiting set. At each decision step, the PPO-WF agent
generates a sequence 1y, over W , while the Shortest Setup Time (SST) rule produces a
baseline sequence mggr by selecting the job with the smallest setup cost from the last

processed job type (or initial setup if the machine is idle).

The total setup time required to execute all the jobs of each waiting sequence is simulated,

yielding SetupTimepg; and SetupTimeggr . The setup reward is then:

Tsetup = SetupTimegst — SetupTimegy, (6.5)

A positive value means the RL policy induces less setup overhead than SST for the same set

of candidate jobs.

Composite Reward Formulation

The overall reward signal R for the agent is a weighted linear combination of the two

components:

R = Wy " Ttardiness + W2 * Tsetup (6.6)

where w; and w, are dynamic weight parameters supplied as goal vectors within the
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UVFA framework. These weights define the desired trade-off at each training episode and

are sampled from a predefined range to support Pareto-efficient policy learning.

This stepwise, same-candidate-set comparison ensures a fair and stable learning signal.
Because both the RL policy and the baseline operate on identical waiting job sets under
identical system states, the reward reflects a direct, instance-specific performance difference

between the learned policy and established heuristics. This design:

* Reduces variance caused by stochastic job arrivals across episodes.
*  Provides immediate feedback after every action.
*  Encourages the agent to consistently match or exceed the performance of practical,

interpretable rules in real time.

6.2.3. UVFA-Based Multi-Objective Reinforcement Learning

Fixed-weight scalarization suffers from key limitations, particularly its inability to adapt to
varying objective preferences without retraining—as discussed in Sections 6.2.1 and 6.2.2.
To address this, this study introduces a UVFA to balance the conflicting objectives of mean

tardiness and total setup time in a dynamic flexible job shop environment.

(1) Multi-Objective MDP

Traditional reinforcement learning formulates the scheduling problem as an MDP defined

by the tuple (S,A4,P,R,y), where:

e S is the set of states,
e A is the set of actions,
* P(s'|s,a) is the transition probability,

* R(s,a) € R is ascalar reward,
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* y €[0,1) is the discount factor.

The agent learns a policy m: S — A that maximizes the expected return:

E [i Y*R(se at)]

(6.7)

However, in multi-objective scheduling problems, the agent must simultaneously consider
multiple conflicting objectives, such as minimizing tardiness, setup time, or energy usage.
This introduces a fundamental limitation: a single scalar reward function cannot fully capture

the trade-offs among multiple objectives.

To handle this, the MDP is extended into a goal- or weight-conditioned MDP, denoted as:

M, = (S, A P,Ry,w), (6.8)

where R(s,a) = [RW(s,a), ..., R®(s,a)| € R¥ is a vector of rewards for k objectives,

w € R¥ is a weight vector representing the agent’s preference or priority over the objectives.

The overall scalar reward at time step t is defined by the inner product:
Ry (sy, ar) = WIR(sy, a,) (6.9)
Accordingly, the objective-conditioned return becomes:

o (6.10)
Qw(sf Cl) = [E [Z )/tWTR(St, at)]
t=0

This formulation induces a family of MDPs, one for each possible weight vector w. Each

w leads to a different optimal policy my,, tailored to the specific trade-off among objectives.
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As discussed in Sections 6.1 and 6.2.1, directly solving this family of MDPs is infeasible in
practice due to the infinite possible combinations of w. Standard approaches often scalarize
the objective using fixed weights and train separate agents for different combinations, but

this is computationally expensive and lacks generalization to unseen preferences.

(2) Universal Value Function Approximators

To address the challenge, UVFA was proposed by Schaul et al. as a means of generalizing
value functions not only over states and actions but also over goals or weight vectors [153].
In the context of multi-objective reinforcement learning, UVFA aims to approximate the
entire family of value functions {Q;,(s,a)} induced by varying objective preferences w €

R¥, using a single parameterized function:

Q(s,a;w; 0) = Q;,(s,a) (6.11)

Here, the function is jointly conditioned on the environment state s, the action a, and the
weight vector w, with 8 representing the shared deep neural network parameters. This
formulation enables the agent to generalize across different objective priorities, offering
adaptability to dynamically changing preferences, data efficiency through shared learning

across objectives, and smooth interpolation between known trade-oft solutions.

Schaul et al. [153] explored several architectural designs to implement UVFA, each with

different ways of integrating the state and weight (or goal) information:

a) Concatenated Architecture
The most straightforward design simply concatenates the state vector s, action (if
needed), and weight vector w into a joint input, which is then passed through a multi-

layer perceptron (MLP):
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Q(s,a;w) = fy([s; w; al) (6.12)

Figure 6.1a shows the concatenated architecture of UVFA. This design assumes the
network can learn the interaction between s and w from raw concatenation and is easy

to implement with minimal structural assumptions.

b) Two-Stream Architecture

A more structured approach splits the input processing into two separate embedding

networks as shown in Figure 6.1b:

Q(s,a; w) = h(p(s, ), Pp(W)) (6.13)

where ¢(s,a) maps state-action pairs into a latent representation. (w) maps weight
vectors into a latent representation. These two embeddings are combined by a dot product

or other function h to produce the final Q-value.

Symmetric or Shared Embedding Architecture

In special settings (e.g., when goals and states are from the same domain), the two
streams ¢ and 1P can share parameters or even be identical, which enforces additional

symmetry and improves data efficiency. For instance,

p(s) =9(s),  Q(s,a;w) = p(s)Tp(w) (6.14)
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Figure 6.1. Architecture of UVFA. ((a) Concatenated. (b) Two-Stream. (¢) Symmetric or

Shared Embedding)

In this work, a two-stream UVFA architecture is adopted to approximate the objective-
conditioned action-value function Q(s, a; w). The model processes the environment state
and the objective weight vector w through two separate encoding streams and fuses them

via concatenation before generating the Q-value output for all candidate actions.

The UVFA network is defined as Equation (6.11), where s € R? represents the
environment state vector. w € R* represents the weight vector. a € A represents the
action corresponding to a dispatching rule. The input tensor [s,w] € R4*% is split
internally, ensuring modular encoding and enabling the agent to learn shared structure across

both environment dynamics and objective priorities.

(3) DDQN Training with UVFA

The training of the UVFA network in this study follows the DDQN framework. It is extended
to handle multi-objective returns via weight conditioning. The target value for Q-learning is

computed based on the same objective weight w used in the current input, ensuring
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consistency across training and evaluation.

Algorithm 3: UVFA-DDQN Training Process

1.

Initialize: state dim dg, weight dim d,,, action space A, learning rate «, discount
factor y, exploration rate &, replay buffer size N, batch size B, target update
interval Typqate, Objective weight distribution W

Initialize online Q-network Qg (s, a; w) and target network Qg-(s,a; W) < Qq
Initialize empty replay buffer D — @

For each episode = 1 to max_episodes

Sample initial state sg, sample weight vector w~W

For each step t =0,1,...until episode ends:

With probability &; select a random action a, € A; otherwise choose

a; = argmax Qg (s¢, a; W)
a

Execute a,, observe next state s,,; and reward factor r, € R¥
Compute scalar reward: r, = w'r,
Store transition (S, a¢, 1%, S¢+q; W) in buffer D
If |D| > B:
Sample mini-batch {(s;, a;,7;, S;11; W)}? from buffer D
Compute target:
yi="1+v - 0Q(Sitq1,arg n}f,lXQ (sit1, a5 wi;0);wi;;67)

Update 6 to minimize:

1 B
LO) =5 ). [0y ai wi6) = I’

i

If t mod Typgare = 0: updatet target network 6~ « 6
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Given a transition tuple (S, a,ry, s'), the training target for the DDQN with UVFA is:

y =ry+7-Q (s, argmax Q(s', a'; w; 6), w; 6-), (6.15)
a

where 1, = wTr(s,a) is the scalarized reward for the current step. 6 is the parameter of
W p p

the online Q-network. 6~ is the parameter of the target network, updated periodically from

6 to improve training stability.

The overall loss function is the mean squared error (MSE) between the predicted Q-value

and the target:

L(O) = ]E(s,a,rw,s')~D [(Q (s,a;w; 0) — y)Z]’ (6.16)

where D is the predefined replayed buffer

6.3. Numerical Experiment

Having established the methodology of the proposed UVFA-based multi-objective RL
framework in Section 6.2, including the agent architecture, objective conditioning, and
reward formulation, this section outlines the experimental design used to validate its
effectiveness. The dynamic scheduling scenarios are defined with sequence-dependent setup
times. This section specifies the simulation environment and describes how varying
objective preferences are incorporated through random weight sampling. This experimental
setup is designed to evaluate the adaptability, robustness, and Pareto efficiency of the learned

policy across different operational conditions.
6.3.1. Scenario Complexity Components

To evaluate the effectiveness and generalizability of the proposed DRL framework,
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experimental scenarios are designed that reflect real-world manufacturing complexity. These
scenarios incorporate dynamic job arrivals, stochastic machine breakdowns, and sequence-
dependent setup times. All scheduling scenarios adhere to the formal definitions established
in Chapter 3. Furthermore, a multi-objective learning setup is adopted to simulate

competing scheduling goals under realistic system dynamics.
(4) Dynamic Job Arrivals

Jobs enter the system dynamically according to a Poisson process, capturing the stochastic
nature of production orders. For each job type a € A, the inter-arrival time between two

consecutive jobs follows an exponential distribution with mean p,
P(T<t)=1-—e7t/H (6.17)

where T is the time between two releases of job type . The random job arrival mechanism
reflects the variability in customer demand and order frequency, as previously defined in

Equation (3.1). Each arriving job J; is associated with a predefined sequence of operations

{Oi, i};lif where n; is the number of operations for job J;.

(5) Machine Breakdowns

To simulate resource unreliability, each machine M;, in work center W, is subject to

stochastic failure and repair events. A machine enters a breakdown state when its cumulative

1

), where MTBF
MTBF

operating time exceeds a randomly sampled Failure Interval 7,~Exp (

is the mean time between failures. Upon failure, the machine becomes unavailable and enters

a repair phase lasting for a random duration 7,~Exp (M;TR), where MTTR denotes the

mean time to repair.

During breakdown periods, operations cannot be scheduled on the affected machine, and any
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ongoing operation is delayed until recovery. This disruption is explicitly modeled in the

extended constraints of Scenario 2 in Section 3.2.
(6) Sequence-Dependent Setup Times

In the third scenario, sequence-dependent setup times are introduced to reflect the
operational costs of transitioning between jobs of different types on the same machine. The
setup time required to switch from job J; oftype a tojob J; oftype a’ onmachine M,

is given by

(6.18)

Lk _ clk
Si,ir - Sa',al

where S é’;, denotes the setup time matrix, indexed by job types and machine identifiers.

Setup times are non-preemptive and must be completed before the next operation starts
processing. This factor is modeled as an additional scheduling constraint and objective

component in Scenario 3 in Section 3.3.
(7) Objective Weights

As shown in Section 6.2.2.3, to represent varying production priorities, each training episode

is conditioned on a randomly sampled weight vector w = [wy, w,] € RZ, for which
Wq + Wy, = 1, Wy, Wy € [0,1], (6.19)

where w; represents the relative importance assigned to tardiness minimization, and w,
represents the importance of minimizing setup times. The weight vectors are drawn
randomly for each episode to encourage generalization across different objective preferences

and enable UVFA.
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6.3.2. Environment Settings

To evaluate the performance of the proposed UVFA-based multi-objective reinforcement
learning framework, experiments are conducted in a simulated dynamic flexible job shop
environment with controlled parameters. The system simulates a multi-work-center
production line operating under high variability, including stochastic job arrivals, machine
breakdowns, and setup-dependent scheduling costs. This environment replicates the
complexity and uncertainty commonly encountered in real-world manufacturing systems.
All experiments are conducted using custom-built Python simulation code integrated with
PyTorch for DRL. The simulation platform allows precise control over event timing, agent
interactions, and reward structures. Training and testing were conducted on a Mac mini
equipped with an Apple M4 processor, 10-core CPU, and 10 GB of unified memory. This
configuration provides sufficient computational capability for training reinforcement
learning agents using PyTorch in a simulated scheduling environment. The environment

configuration is summarized in Table 6.1.

Table 6.1. Environment settings for UVFA-based scheduling experiments.

Parameter Value/Description

Number of maximum Work Centers L 5
Number of Parallel Machines per W, Uniformly sampled from [1,5]

Number of Job Types Uniformly sampled from [1,15]

Mean Interval of Job Releasement Uniformly sampled from [5,15]
Processing Time Range Uniformly sampled from [1,99]

Routing Type Scenario 1C

Sequence-Dependent Setup Time Uniformly sampled from [1,50]

MTBF Exponentially with a mean value of 1000
MTTR Exponentially, with a mean value of 50
Job Due Factor Uniformly sampled from [1,2] € R
Total Number of Jobs 100 jobs

Episode number 20000 episodes
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6.3.3. Deep Neural Network Settings
Table 6.2. Two-stream UVFA network architecture.
Component Configuration Details
Architecture Type Two-stream UVFA (state stream + weight stream)
Environment Stream FC(EnvState, 64) — LeakyReLU(0.01) — FC(64,
128) — LeakyReLU(0.01)
Weight Stream FC(WeightDim, 16) — LeakyReLU(0.01)

Fusion Mechanism Concatenation of env and weight embeddings
Post-Fusion Layers FC(128+16, 128) — LeakyReLU(0.01) — FC(128,
ActionSize)

Output Dimension Qo(s,a;w) for each discrete action (e.g.,
dispatching rule)

Activation Functions Leaky ReLU (negative slope = 0.01)

Optimizer Adam

Learning Rate 3x107°

Loss Function Mean Squared Error (MSE)

Target Network Update Every 100 episodes

Action Selection Strategy € -greedy, initial value is 1.0, decay rate is

0.999997, min value is 0.1

The neural network used in this study follows a two-stream architecture tailored for UVFA.
One stream processes environmental state feature (e.g., system status), while the other
handles the reward weight vector w = [w;,w,] € R?, allowing the agent to generalize
value estimation across multiple objective combinations. The architecture is summarized in
Table 6.2, where FC represents a fully connected layer, where every input neuron is

connected to the output neurons.

6.3.4. Training Results

The UVFA-based reinforcement learning agents were trained for 20,000 episodes across all
five work centers in the distributed scheduling framework. Figure 6.2 presents the
cumulative reward per episode for each work center (WC0-WC4), providing insights into

the learning progression and convergence behavior of the agents. All five subplots exhibit a
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common pattern: high variance and low cumulative rewards during the early training phase,
gradually transitioning into more stable and higher reward regions as training progresses.
This indicates that the agents initially perform random or suboptimal scheduling actions but

gradually improve their policy through interaction with the environment.

*  Work Center 0 (Figure 6.2a): The cumulative reward shows a sharp improvement
within the first 5,000 episodes, followed by a steady trend toward convergence. Spikes
of negative rewards occasionally occur, likely due to extreme scenarios involving high
setup penalties or severe job tardiness, but become increasingly rare in later stages.

*  Work Center 1 (Figure 6.2b): The cumulative reward figure exhibits a similar learning
pattern: high reward volatility during early episodes, followed by a steady increase in
performance. The curve becomes notably smoother after episode 10,000, suggesting
that a stable policy has been learned.

*  Work Center 2 (Figure 6.2¢): While the early learning curve is more volatile than WCO0
and WC1, it nonetheless shows consistent improvement over time. The learning
dynamics reflect an effective exploration-exploitation balance throughout the training
process.

*  Work Center 3 (Figure 6.2d): This agent demonstrates the fastest stabilization among
all five centers. The reward trend plateaus earlier, around episode 8,000, indicating that
WC3 may be facing comparatively less variability in job routing or setup conditions.

*  Work Center 4 (Figure 6.2¢): The training behavior closely follows that of WC2, with
sharp fluctuations early on but eventual convergence. The amplitude of negative spikes
is reduced over time, reinforcing the agent's capability to generalize across dynamic

objectives.
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Figure 6.2. Cumulative reward per episode for all five work centers.

Despite the inherent stochasticity in job arrivals, machine breakdowns, and sequence-
dependent setup times, all UVFA agents successfully learned scheduling policies that
consistently increase cumulative reward. The observed convergence trends demonstrate that
the two-stream network architecture, in conjunction with reward weight conditioning,

enables each agent to robustly adapt to its local work center's scheduling complexity.

6.3.5. Testing Results

This section presents the evaluation results of the trained UVFA-based scheduling agents
under dynamic and multi-objective conditions. A total of four distinct test sets were
constructed, each reflecting a different reward formulation strategy as described in Section
6.2.2.3. These test sets are designed to explore the impact of reward shaping and baseline
referencing on the quality and trade-off characteristics of the learned policies. The definition

of the four test sets is shown in Table 6.3.
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Table 6.3. The definition of four test sets based on two reward methods.
Set  Tardiness Calculation Method Reference Sequence for Reward
1D Difference
Set 1 factor = 10: time to due = 10 - Compared with the original waiting job
(ECT — d,;),if ECT < d; sequence
Set2 time to due = 0,if ECT > d; Compared with the original waiting job
sequence
Set3 factor = 10: time to due = 10 - Compared with the benchmark rule
(ECT — d,;),if ECT < d; (SSAPT for tardiness, SST for setup)
Set4 time to due = 0,if ECT > d; Compared with the benchmark rule

(SSAPT for tardiness, SST for setup)

In each test set, the performance of a fixed trained policy is assessed across 51 sampled
objective weight vectors w = [w;, w,], satisfying w; + w, = 1.The values of w,; range
from 0.00 to 1.00 in increments of 0.02. This allows for an approximation of the learned
policy’s response across the Pareto surface without retraining. The key variations among the
sets lie in the penalty structure applied to tardiness and the baseline used for calculating
relative improvements in reward signals. In all cases, setup time is considered during
evaluation, though its treatment in the reward function may vary based on the reference

comparison.

* Set 1 employs a shaped time-to-due reward (penalty factor = 10) and compares the
candidate schedule against the original job queue at the decision point. This represents
the standard reward configuration used throughout training.

*  Set 2 uses an unshaped (or tardiness-focused) time-to-due formulation that provides no
reward for early completion, only late jobs incur penalties, while still comparing against
the original job queue.

*  Set 3 retains the shaped time-to-due reward (factor = 10) but computes both the time-
to-due and setup-time differentials relative to fixed heuristic baselines: SSAPT for
tardiness and SST for setup. This baseline-referenced design constitutes the key

methodological innovation of this work.
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*  Set 4 combines the unshaped time-to-due logic of Set 2 with the benchmark-referenced
comparison framework of Set 3, serving as a hybrid test case to isolate the effect of

reward shaping under heuristic anchoring.

Pareto Front Comparison of Different Reward Schemes
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Figure 6.3. The comparison of two objectives, tardiness and setup time, under different

reward settings.

The performance of all four test sets is plotted in the tardiness—setup time objective space,
as shown in Figure 6.3. Each point represents the performance of a policy tested under a
specific weight vector. Benchmark dispatching rules (Shortest Setup Time and SSAPT) are

plotted as reference stars.

From the visual distribution:

* Set 1 demonstrates broad coverage across the trade-off space, forming a smooth

approximation of the Pareto front. It serves as a balanced benchmark using shaped time-
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to-due penalties and queue-based comparisons.

*  Set 2, which uses an unshaped (tardiness-focused) time-to-due formulation, achieves
strong tardiness reduction but incurs higher setup times. This occurs because the
absence of early-completion rewards weakens the tardiness signal, shifting the policy’s
emphasis toward minimizing transitions—a behavior amplified by the original queue
comparison.

* Set 3, employing both shaped time-to-due penalties and comparisons against
SSAPT/SST baselines, shows marked improvements over Set 1, particularly in regions
where heuristic policies dominate. This confirms that anchoring rewards to meaningful
heuristics enhances policy quality.

* Set 4 combines the unshaped time-to-due logic with baseline-referenced comparisons.
While it underperforms Set 3 in overall balance due to weaker tardiness shaping, it still
outperforms queue-based methods, demonstrating that heuristic anchoring can improve

scheduling even without explicit early-completion incentives.

These results highlight that both the structure of the reward function and the reference used
for computing performance improvements play a pivotal role in shaping learning outcomes.
While Figure 6.3 offers intuitive visual insights, it lacks a formal quantification of solution
quality and distribution. Therefore, in the next section, a more rigorous comparison of these
test sets is conducted using multi-objective performance metrics, including Generational

Distance (GD), Inverted Generational Distance (IGD), and Spread (A).

6.3.6. Multi-objective Metric Analysis

To complement the visual and qualitative assessments presented in Section 6.3.5, this section
provides a quantitative comparison of the four test sets using established multi-objective
performance indicators. Specifically, Generational Distance (GD), Inverted Generational

Distance (IGD), and Spread (A) are computed for each test set. These metrics provide
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insights into convergence accuracy, Pareto front coverage, and solution diversity.

Metric Overview

* Generational Distance (GD):
Measures the average distance from each point in the solution set to the nearest point
on the true Pareto front. Lower values indicate better convergence.

* Inverted Generational Distance (IGD):
Measures how well the true Pareto front is represented by the solution set. A lower IGD
reflects better coverage of the front.

* Spread (A):
Assesses the distribution of solutions along the Pareto front. Lower values indicate a

more uniform spread, which is critical for representing diverse trade-off solutions.

Table 6.4. The numerical results of four different test sets.

Set GD IGD Spread
Set 1: Original Reward (Factor 10) 547875 161.2822  0.7399
Set 2: Original Reward (Tardiness Only) 80.6408  58.4600 0.9658
Set 3: Modified Reward (Factor 10) 81.6450  24.6090 0.7738
Set 4: Modified Reward (Tardiness Only) 224185 5.2975 0.7268
Convergence (GD):

Set 4, which combines a tardiness-only reward (factor = o) with baseline-referenced
comparison, achieves the lowest GD. This suggests that computing performance
improvements relative to external baselines (SSAPT/SST), even in a scalarized reward
setting, can guide the agent toward high-quality convergence. In contrast, Set 3 is also
referenced to the same baseline but exhibits poor performance in GD, implying that the
shaped penalty (factor value set to 10) may introduce a conflict with the fixed reference,

thereby impairing learning stability. Set 2 (pure tardiness vs. original queue) and Set 1 (full
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reward vs. original queue) show similarly high GD, implying that reward comparison to the

current job sequence alone may be insufficient for robust convergence.

Coverage (IGD):

Again, Set 4 performs best, demonstrating superior coverage across the approximated Pareto
front. Set 3 also improves over the queue-based sets (Set 1 and Set 2), reinforcing the idea
that benchmark-referenced evaluation encourages the exploration of more globally effective
solutions. The worst coverage is observed in Set 1, suggesting that training reward aligned

solely to the local job queue leads to narrow policy development.

Diversity (Spread):

Set 4 achieves the most even distribution of solutions, benefiting from both a sharp reward
structure and meaningful reference anchors. Conversely, Set 2, while simple, yields the most
unbalanced spread, likely due to converging toward a small set of tardiness-minimizing
patterns without considering solution diversity. Set 1 and Set 3 occupy the midrange, but Set

3 again benefits slightly from referencing external baselines.

These updated results further underscore the importance of how reward is defined and what

it is compared against:

* Set 4 (Tardiness-Only + Benchmark-Referenced) delivers the strongest overall
performance across GD, IGD, and Spread. This validates the proposed methodological
innovation of computing reward differences relative to fixed heuristic policies (SSAPT
for tardiness, SST for setup). Even with a scalar reward structure, this approach leads to
robust convergence, high coverage, and well-distributed solutions.

* Set 3 (Full Reward + Benchmark-Referenced) shows strong coverage and diversity,

but its convergence is less stable, possibly due to complex interactions between the
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shaped penalty and fixed reference baseline.

* Set 1 (Full Reward + Original Queue) represents the standard training baseline and

performs weakest overall in both convergence and coverage, suggesting that purely

local comparisons hinder global policy improvement.

* Set 2 (Tardiness-Only + Original Queue) offers marginally better convergence than

Set 1, but suffers from poor diversity, likely due to oversimplification and lack of multi-

objective guidance.

6.3.7. SHAP Analysis

1) Setup-Time-Only Reward

Table 6.5. SHAP-based feature importance under setup-only reward weights (Weardiness=

0.0, Wgerp= 1.0) in Case 3. Rows = features, columns = work centers (WC0-WC4). Each

cell reports mean absolute SHAP value and within-WC rank as “value (rank)”.

Feature WCO0 WC1 WC2 WC3 WC4
Potential Job Type Number in W | 0.064 0.295 0.062 0.180 0.178
C (D (2) 4) (2) (2)
0.037 0.314 0.384 0.336 0.218
Num Waiting Jobs in WC
- 81OD8 - (2) (D (D) (D) (D)
0.034 0.103 0.035 0.125 0.108
Std Setup Time
—eHP- 4) (8) (5) 4) 4)
) ) 0.034 0.098 0.000 0.000 0.046
Min_Operations
(3) ) (34) (32) (10)
Mean Operations 0.033 0.078 0.000 0.000 0.027
- (6) (12) (34) (32) (19)
Mean Remaining Operations 0.033 0.015 0.009 0.015 0.016
- - (5) (28) (18) (23) (27)
0.032 0.059 0.007 0.084 0.024
Mean Processing Time in WC
- 8- - (7) (14) (22) ) (21)
0.031 0.084 0.015 0.071 0.043
Mean Flow Time
- - (8) (10) (12) (1) (12)
0.028 0.014 0.005 0.011 0.042
Std Remaining Processing Time
- - 5 © Q9 @25 @5 (4
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Min_Processing Time in WC
Min_Flow Time

Max Flow Time
Max_Processing Time in WC
Max_ Remaining_Operations
Mean_Setup Time

Max_ Setup Time

Std Processing Time in WC

Std Operations

Max Remaining_ Processing Time
Mean Time to Due Date
Min_Time to Due Date

Max Time to Due Date
Min_Remaining_Processing Time
Min_Remaining_Operations

Std Remaining_Operations

Max Waiting_Time

Mean Remaining Processing Time
Mean_Waiting Time

Min_Setup TIme

0.027
(10)
0.026
(12)
0.026
(11)
0.023
(13)
0.021
(14)
0.019
(15)
0.018
(18)
0.018
(17)
0.018
(16)
0.017
(19)
0.014
(20)
0.012
21)
0.010
(25)
0.010
24)
0.010
(23)
0.010
(22)
0.008
(26)
0.007
27)
0.006
(28)
0.003
1)

0.012
(30)
0.116
(6)
0.152
(4)
0.078
(13)
0.025
(22)
0.034
(18)
0.033
(19)
0.290
€)
0.113
(7)
0.025
(23)
0.028
21)
0.029
(20)
0.047
(16)
0.008
(34)
0.049
(15)
0.009
(33)
0.150
)
0.017
27)
0.079
(11)
0.018
(25)

0.007
21)
0.015
(13)
0.025
(7)
0.074
€)
0.004
(28)
0.008
(19)
0.008
(20)
0.150
2)
0.000
(34)
0.009
(16)
0.005
(26)
0.009
(17)
0.006
24)
0.016
(11)
0.021
©)
0.023
(8)
0.030
(6)
0.013
(14)
0.019
(10)
0.011
(15)

0.002
1)
0.114
(6)
0.140
€)
0.046
(14)
0.000
(32)
0.051
(13)
0.044
(15)
0.095
(7)
0.000
(32)
0.023
(20)
0.019
21)
0.030
(17)
0.078
(10)
0.024
(19)
0.038
(16)
0.051
(12)
0.120
)
0.026
(18)
0.086
(8)
0.011
24)

0.034
(17)
0.046
©)
0.060
(6)
0.011
(29)
0.043
(11)
0.060
(7)
0.020
(25)
0.074
)
0.026
(20)
0.020
24)
0.047
(8)
0.010
1)
0.028
(18)
0.023
(23)
0.034
(16)
0.042
(13)
0.024
(22)
0.036
(15)
0.012
(28)
0.122
€)
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Std Waiting Time

Max_Operations

Max_Earliest Machine Available T
ime

Std Flow Time

Std Time to Due Date

Mean_ Earliest Machine Available
Time

Std Earliest Machine Available Ti
me
Min_Earliest Machine Available Ti
me

Num_Work Centers
Num_Machines_in WC
Num_Job Types in_System
Min_Waiting Time
Weights of time to due

Weights of Setup time

0.003
(30)
0.003
(29)
0.001
(37)
0.001
(36)
0.001
(35)
0.001
(34)
0.001
(33)
0.001
(32)
0.000
(38)
0.000
(38)
0.000
(38)
0.000
(38)
0.000
(38)
0.000
(38)

0.017
(26)
0.037
(17)
0.003
(36)
0.006
(35)
0.020
24)
0.010
1)
0.000
(37)
0.009
(32)
0.000
(37)
0.000
(37)
0.000
(37)
0.000
(37)
0.000
(37)
0.000
G7)

0.003
(30)
0.000
(34)
0.002
(31)
0.007
(23)
0.001
(33)
0.004
(29)
0.002
(32)
0.004
27)
0.000
(34)
0.000
(34)
0.000
(34)
0.000
(34)
0.000
(34)
0.000
(34)

0.011
(26)
0.000
(32)
0.002
(30)
0.005
(28)
0.005
(29)
0.009
27)
0.000
(32)
0.016
(22)
0.000
(32)
0.000
(32)
0.000
(32)
0.000
(32)
0.000
(32)
0.000
(32)

with RL

0.006
(34)
0.018
(26)
0.002
(37)
0.010
(32)
0.011
(30)
0.004
(35)
0.002
(36)
0.006
(33)
0.000
(38)
0.000
(38)
0.000
(38)
0.000
(38)
0.000
(38)
0.000
(38)

The SHAP analysis under a setup-dominated reward structure reveals how the agent

internalizes industrial best practices for changeover reduction. The prominence of

Potential Job _Type Number in_WC as the top feature in WC0, WC3, and WC4 reflects a

learned strategy of job-type clustering. By minimizing the diversity of job types in the

immediate queue, the agent reduces the frequency of costly setups. In real-world

manufacturing, especially in batch production or job shops, this mirrors the common practice

of grouping similar parts together to avoid repeated tooling changes, fixture adjustments, or

material swaps.
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Moreover, the elevated importance of setup time statistics (Std Setup Time,
Mean_Setup Time, Min_Setup Time) across all work centers indicates that the agent does
not merely count setups but actively evaluates their magnitude and variability. High setup
time variance signals unpredictability in changeover duration, which can disrupt scheduling
stability. Avoiding such transitions, therefore becomes critical, demonstrating adaptive

reasoning grounded in operational risk.

One surprising observation is the near-complete disappearance of due-date-related features.
Even Min _Time to Due Date ranks below 20 in most centers. While expected under a
setup-focused objective, the extent of this drop is striking. It suggests the agent is willing to
sacrifice short-term due-date adherence to preserve long-term throughput stability through
setup reduction. In high-mix, low-volume environments where changeovers dominate cycle
time, this trade-off is economically rational—delaying a job by a few hours may be less

costly than losing half a shift to reconfiguration.

Conversely, the persistent relevance of Num_Waiting Jobs in_ WC (ranked first in WC1 and
second in WC2) is noteworthy. Even when setup is prioritized, raw queue length remains a
key signal. This is likely because a long queue increases the opportunity to batch similar
jobs. Thus, the agent uses waiting job count not as a tardiness proxy but as a resource for

sequencing optimization.

Finally, the low importance of processing time features (for example, Mean
Processing Time_in_ WC ranks below 15 everywhere) confirms that, under this reward
scheme, machine utilization takes a back seat to transition efficiency. This challenges the
traditional focus on keeping machines busy and instead supports a flow-centric philosophy

where smooth, uninterrupted sequences trump individual operation speed.

In summary, the setup-oriented policy does not simply ignore due dates. It redefines

efficiency around changeover economics, revealing a sophisticated understanding of
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bottleneck dynamics in flexible manufacturing systems. This behavior is not only

interpretable but also directly actionable for production engineers seeking to minimize non-

value-added time.

2) Tardiness-Only Reward

Table 6.6. SHAP-based feature importance under tardiness-only reward weights

(Weardiness= 1.0, Wgerup=0.0) in Case 3. Rows = features, columns = work centers (WC0-

WC4). Each cell reports mean absolute SHAP value and within-WC rank as “value

(rank)”.
Feature WC0 WCI WC2 WC3 WC4
Mean Processing Time in WC 0.109 0.056 0.024 0.118 0.023
- 8- - (D) (6) 4) 3) (12)
0.074  0.073 0.059 0.074  0.025
Std Processing Time in WC
- 8- - - () 4) () (5) (11)
Min Onerations 0.058  0.005 0.000 0.000 0.013
—P 3) (32) (34) (32) (20)
Num Waitine Jobs in WC 0.057 0391 0.125 0.173 0.124
u
B 80P 4) (D) (D) (D) (D)
0.052  0.137 0017 0.145  0.056
Potential Job Type Number in WC
SO RERTE e 0 e @ o
Max Processing Time in WC 0.035 0.025 0.038 0061 0011
X
S osene Tmen- ©® 1 @&  © e
Max. Remaining Onerations 0.029 0.006 0.008 0.000 0.026
X
- &P ® G0 (15 (32 )
Min Processing Time in WC 0.029 0.025 0.007 0.003 0.039
- 8- - - @) (17) (18) (30) 3)
Mean Setun Time 0.028  0.054 0.008 0.031 0.015
u
P ) ) (14) (16) (18)
Mean Onerations 0.025 0.028 0.000 0.000 0.026
—-P 10) (15 (34  (32)  (10)
Mean Flow Time 0.017 0.033 0.006 0.038 0.034
A%
- - (12) (13) (21) (11) ©)
Mean Remainine Onerations 0.017 0.008 0.005 0.007 0.020
- &P an @8 (24 (25  (13)
St Remaining Processing Time 0.015 0014 0007 0011 0.016
— & & 13 20 (17 (24 (15
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Min_Flow Time

Max_ Setup Time

Max Flow Time
Min_Time to Due Date

Std Setup Time

Std Operations

Mean Time to Due Date
Min_Remaining_Operations

Mean Remaining Processing Time
Max Waiting_Time
Min_Remaining_Processing Time
Max Time to Due Date

Std Remaining_Operations
Mean_Waiting Time
Max_Operations

Std Waiting Time

Mean_Earliest Machine Available Ti
me

Max Remaining Processing Time

Max_Earliest Machine Available Ti
me
Min_Earliest Machine Available Tim
e

0.013
(14)
0.012
(15)
0.011
(16)
0.010
(17)
0.009
(18)
0.008
(20)
0.008
(19)
0.007
(22)
0.007
21)
0.005
(25)
0.005
24)
0.005
(23)
0.004
(26)
0.003
1)
0.003
(30)
0.003
(29)
0.003
(28)
0.003
27)
0.002
(34)
0.002
(33)

0.030
(14)
0.008
(26)
0.043
(10)
0.060
)
0.056
(7)
0.022
(18)
0.013
(22)
0.000
(36)
0.008
27)
0.078
€)
0.000
(35)
0.038
(11)
0.005
1)
0.037
(12)
0.009
(25)
0.011
(23)
0.007
(29)
0.048
©)
0.002
(34)
0.013
21)

0.006
(23)
0.004
(25)
0.015
(7)
0.011
(10)
0.007
(16)
0.000
(34)
0.006
(19)
0.012
©)
0.008
(12)
0.006
(20)
0.014
(8)
0.009
(11)
0.008
(13)
0.006
(22)
0.000
(34)
0.001
(33)
0.002
(29)
0.004
(26)
0.001
1)
0.003
27)

0.032
(15)
0.017
(18)
0.039
(10)
0.053
(7)
0.078
(4)
0.000
(32)
0.045
(8)
0.014
21)
0.012
(22)
0.036
(13)
0.016
(19)
0.038
(12)
0.036
(14)
0.045
©)
0.000
(32)
0.014
(20)
0.011
(23)
0.003
27)
0.003
(29)
0.019
(17)

with RL

0.030
(7)
0.006
(28)
0.027
(8)
0.009
(22)
0.039
(4)
0.006
27)
0.015
(17)
0.016
(16)
0.008
24)
0.008
(23)
0.019
(14)
0.006
(26)
0.014
(19)
0.008
(25)
0.003
(30)
0.001
(34)
0.001
(36)
0.004
(29)
0.000
(37)
0.002
(32)
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0.002 0.016 0.017 0.001 0.033
(32) (19) (6) (1) (6)
0.001  0.002  0.002 0.004 0.001
(36) (33) (28) (26) (33)
0.001  0.000  0.001 0.000 0.001
(35) (36) (30) (32) (35)
0.000  0.000  0.000  0.000 0.000
(38) (36) (34) (32) (38)
0.000  0.000  0.000  0.000 0.000
(38) (36) (34) (32) (38)
0.000  0.000  0.000 0.000 0.000
(38) (36) (34) (32) (38)
0.000  0.000  0.000  0.000 0.000
(38) (36) (34) (32) (38)
0.000  0.000  0.000  0.000 0.000
(38) (36) (34) (32) (38)
0.000  0.000  0.000  0.000 0.000
(38) (36) (34) (32) (38)
0.000  0.009 0.001  0.003 0.002
(37) (24) (32) (28) (31)

Min_Setup TIme

Std Flow Time
Std_Earliest Machine Available Time
Num_Work Centers
Num_Machines_in WC

Num_Job Types in_System
Min_Waiting Time
Weights of time to due

Weights of Setup time

Std Time to Due Date

The SHAP results under a pure tardiness-oriented reward reflect a policy that aligns closely
with traditional due-date-driven scheduling logic, while adapting to local workload
conditions. In Work Center 0, the high importance of Mean Processing Time in WC and
Std_Processing Time in_WC indicates sensitivity to both average load and processing time
variability. In practice, high variability can lead to unpredictable job completions, making it
a legitimate concern when minimizing tardiness. Similarly, the emphasis on
Max_Waiting Time in Work Centers 1 and 2 suggests a focus on preventing jobs from
waiting excessively—an approach consistent with the oldest-job-first heuristic commonly

used to avoid severe delays.

An expected but noteworthy observation is the consistently low importance of setup-related
features across all work centers. Metrics such as Std Setup Time, Mean_Setup Time, and
Min_Setup Time rank near the bottom, and the feature Weights of Setup time is uniformly

among the least influential. This is consistent with the reward structure, which assigns zero
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weight to setup costs. Consequently, the agent has no incentive to consider changeover effort,
even if reducing setups might indirectly support on-time performance by improving machine
availability. In real manufacturing settings, this behavior highlights a limitation of single-
objective formulations: they may overlook operational interdependencies that affect overall

system efficiency.

It is also worth noting that direct due-date features like Min Time to Due Date do not
always rank highest. Instead, the agent often relies on proxy indicators such as waiting time
or processing load. This suggests that, in dynamic environments with stochastic arrivals and
processing times, system-level state variables provide more robust signals for predicting and

preventing tardiness than static deadline information alone.

Overall, the analysis confirms that the agent effectively optimizes for the given objective of
minimizing tardiness, but does so in a way that is narrowly focused. The results reinforce
the value of multi-objective reward design in practical scheduling systems, where balancing

timeliness with transition efficiency can lead to more resilient and realistic policies.

3) Balanced Reward

Table 6.7. SHAP-based feature importance under balanced reward weights (Wardiness=

0.5, Weerup= 0.5) in Case 3. Rows = features, columns = work centers (WC0-WC4). Each

cell reports mean absolute SHAP value and within-WC rank as “value (rank)”.

Feature WC0 WC1  WC2 WC3 WC4
0.632 0443 0499 0260  0.405
(1) (1) (1) (1) (1)
0.164 0267 0.057 0244  0.186
2) 2) (4) 2) 2)
0.162  0.131 0247  0.117  0.105
€) (4) 2) ) )
0.122  0.004  0.000  0.000  0.026
(4) B3 GH G2 (0

Num_Waiting Jobs in WC
Potential Job Type Number in WC
Std_Processing Time in WC

Min_Operations

179



Chapter 6-Problem 3 Multi-Objective Scheduling with Sequence-Dependent Setup Times

Max_Processing Time in WC
Mean_Processing Time in WC
Max Waiting_Time

Max Flow Time

Min_Flow Time

Mean Remaining Processing Time
Mean Remaining Operations
Std Operations

Max_ Remaining_Operations
Mean_Waiting Time
Mean_Operations
Min_Time to Due Date

Std Setup Time

Mean Flow Time

Min_Earliest Machine Available Tim
e

Max Remaining Processing Time

Mean_Earliest Machine Available Ti
me

Mean_Setup Time

Std Remaining_Processing Time

Max_Earliest Machine Available Ti
me

0.108
)
0.104
(6)
0.082
(7)
0.067
(8)
0.062
©)
0.061
(10)
0.058
(11)
0.048
(12)
0.042
(13)
0.035
(14)
0.034
(15)
0.030
(17)
0.030
(16)
0.027
(18)
0.019
(19)
0.018
21)
0.018
(20)
0.016
(23)
0.016
(22)
0.013
(25)

0.082
(8)
0.094
(6)
0.180
€)
0.074
(10)
0.055
(12)
0.011
(29)
0.011
(30)
0.035
(17)
0.010
1)
0.079
©)
0.047
(15)
0.051
(13)
0.086
(7)
0.033
(18)
0.020
(22)
0.051
(14)
0.013
(28)
0.100
)
0.018
24)
0.003
(34)

0.144
€)
0.009
21)
0.028
(8)
0.055
)
0.033
(7)
0.017
(13)
0.018
(12)
0.000
(34)
0.009
(22)
0.019
(11)
0.000
(34)
0.016
(15)
0.024
©)
0.034
(6)
0.006
27)
0.009
(23)
0.005
(28)
0.010
(18)
0.007
24)
0.002
1)

0.049
(14)
0.130
3)
0.122
(4)
0.091
(7
0.061
(10)
0.022
1)
0.012
(24)
0.000
(32)
0.000
(32)
0.094
(©6)
0.000
(32)
0.065
©)
0.081
(8)
0.027
(17)
0.025
(20)
0.011
(25)
0.014
(22)
0.053
(12)
0.014
(23)
0.003
(31)

with RL

0.018
(28)
0.026
21)
0.062
(12)
0.100
(6)
0.068
(10)
0.080
(8)
0.018
27)
0.030
(17)
0.116
(4)
0.028
(19)
0.039
(14)
0.021
(22)
0.076
©)
0.059
(13)
0.010
(33)
0.020
(23)
0.006
(35)
0.085
(7)
0.029
(18)
0.003
(36)
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Min_Remaining_Operations
Min_Setup TIme

Mean Time to Due Date
Min_Processing Time in WC

Std Remaining_Operations

Std Flow Time

Max Time to Due Date

Max_ Setup Time

Std Waiting Time
Std_Earliest Machine Available Time
Min_Remaining_Processing Time
Max_Operations

Std Time to Due Date

Num_ Work Centers
Num_Machines in WC

Num_Job Types in_System
Min_Waiting Time
Weights of time to due

Weights of Setup time

0.013
(24)
0.012
(26)
0.011
27)
0.010
(29)
0.010
(28)
0.008
(30)
0.007
(31)
0.006
(32)
0.005
(35)
0.005
(34)
0.005
(33)
0.004
(36)
0.003
(37)
0.000
(38)
0.000
(38)
0.000
(38)
0.000
(38)
0.000
(38)
0.000
(38)

0.000
(36)
0.029
(19)
0.039
(16)
0.019
(23)
0.014
27)
0.006
(32)
0.067
(11)
0.024
(20)
0.020
21)
0.000
(36)
0.000
(35)
0.016
(25)
0.015
(26)
0.000
(36)
0.000
(36)
0.000
(36)
0.000
(36)
0.000
(36)
0.000
(36)

0.017
(14)
0.014
(16)
0.006
(26)
0.004
(29)
0.013
(17)
0.009
(20)
0.007
(25)
0.010
(19)
0.001
(33)
0.002
(32)
0.021
(10)
0.000
(34)
0.003
(30)
0.000
(34)
0.000
(34)
0.000
(34)
0.000
(34)
0.000
(34)
0.000
(34)

0.027
(18)
0.003
(30)
0.034
(15)
0.008
27)
0.052
(13)
0.007
(28)
0.054
(11)
0.026
(19)
0.010
(26)
0.000
(32)
0.029
(16)
0.000
(32)
0.005
(29)
0.000
(32)
0.000
(32)
0.000
(32)
0.000
(32)
0.000
(32)
0.000
(32)

0.019
24)
0.172
€)
0.065
(11)
0.019
(25)
0.038
(16)
0.011
(32)
0.038
(15)
0.014
(30)
0.016
(29)
0.002
(37)
0.009
(34)
0.019
(26)
0.013
1)
0.000
(38)
0.000
(38)
0.000
(38)
0.000
(38)
0.000
(38)
0.000
(38)

The SHAP analysis under balanced rewards reveals not only expected trade-offs but also

nuanced strategic behaviors that reflect real-world scheduling dilemmas.
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First, the persistent dominance of Num_Waiting Jobs in_ WC across all work centers, even
under balanced objectives, highlights a fundamental truth in production systems: queue
congestion is the most immediate and universal pressure, regardless of whether the goal is
to meet due dates or reduce setups. In practice, shop-floor supervisors instinctively prioritize

clearing backlogs to prevent cascading delays, and the agent mirrors this operational urgency.

Second, the co-emergence of setup-related features (e.g., Min_Setup Time, Std_Setup Time)
and tardiness proxies (e.g., Mean Flow_ Time, Max_Processing Time in_WC) in top ranks,
especially in WCI and WC4, demonstrates the agent’s ability to integrate conflicting
objectives into a unified decision logic. For instance, choosing a job with slightly longer
processing time but much shorter setup can simultaneously reduce machine idle time
(improving flow) and avoid costly changeovers. This hybrid reasoning aligns with lean

manufacturing principles, where setup reduction directly enables responsiveness.

However, one surprising finding is the relatively low importance of explicit due-date features
such as Min_Time to Due Date and Mean_Time to Due Date, which rank outside the top
15 in most centers. Given that tardiness is half the reward, this seems counterintuitive. Yet,
it makes sense in context: flow time and waiting job count are stronger proxies for tardiness
in dynamic environments. A long queue or high workload inherently increases the risk of
missing future due dates, even without knowing exact deadlines. The agent thus learns to
control systemic causes of tardiness rather than reacting to individual due dates—a more

robust and scalable strategy.

Conversely, the high importance of Min Setup Time in WC4 (ranking 3rd with 0.172) is
striking. This suggests that in certain work centers, perhaps those with highly heterogeneous
job types, the agent prioritizes setup minimization as a primary lever to maintain throughput
and effectively treats setup time as a hidden bottleneck. This insight could guide real-world

investments: if setup dominates decision-making in a WC, then automation or
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standardization of fixtures may yield greater gains than adding machines.

In summary, the balanced policy does not merely “average” two objectives; it discovers
synergistic features (like queue length and setup variability) that jointly influence both
tardiness and efficiency. This emergent intelligence underscores the value of UVFA’s

context-aware representation in multi-objective scheduling.

4) Trend Analysis

Feature Importance Trends across Reward Settings

I Tardiness-only
N Balanced
I Setup-only

Mean Absolute SHAP Value (Importance)

Feature

Figure 6.4. Feature importance trends across reward settings.

The SHAP analysis in Figure 6.4 not only confirms the agent’s responsiveness to reward
design but also reveals deeper insights into how scheduling decisions align or diverge from

real-world operational logic.

In practice, Num_ Waiting Jobs _in_ WC consistently ranks as the most important feature
across all reward settings, making intuitive sense: shop-floor supervisors universally monitor
queue length as a primary indicator of congestion and delivery risk. A long queue signals

both immediate workload pressure and potential downstream bottlenecks, regardless of
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whether the goal is to meet due dates or reduce setups. The agent’s reliance on this signal

demonstrates its grounding in fundamental production dynamics.

Similarly, the prominence of Potential Job Type Number in_WC under the setup-only
objective mirrors established lean manufacturing practices. In high-mix environments,
frequent job-type changes incur significant non-value-added time through tooling swaps,
calibration, or material handling. By prioritizing sequences that minimize job-type diversity,
the agent effectively implements a form of group technology, which is a strategy widely used
in industry to reduce changeover costs. This behavior is not only rational but also directly

transferable to real scheduling policies.

One notable observation is the relatively modest importance of explicit due-date
features such as Min Time to Due Date, even in the tardiness-focused setting. While
initially counterintuitive, this reflects a pragmatic adaptation to uncertainty: in dynamic job
shops with stochastic arrivals and processing times, rigid adherence to static deadlines can
be less effective than managing system-level flow. Instead, the agent leverages proxy
indicators like Max Waiting Time and Num_Waiting Jobs in_WC, which capture emergent
delay risks more robustly than individual due dates. This aligns with modern predictive

scheduling approaches that prioritize workload balancing over myopic deadline chasing.

Conversely, the low relevance of processing time statistics (e.g., Mean Processing
Time _in_WC) was somewhat unexpected. Given that longer jobs contribute more to flow
time and tardiness, one might anticipate stronger sensitivity to these metrics. However, their
moderate SHAP values suggest the agent treats processing time as secondary to queue state.
This choice may reflect the environment’s structure, where job arrival patterns and

sequencing flexibility dominate over individual operation duration.

Perhaps most revealing is what the agent ignores. Under the setup-only policy, due-date

features drop to near-zero importance, confirming that single-objective optimization can lead
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to strategic blind spots. In reality, completely neglecting delivery performance, even when
optimizing for efficiency, could damage customer trust. This underscores a key limitation of
narrow reward formulations and supports the adoption of multi-objective or hierarchical

rewards in practical applications.

Overall, the SHAP results demonstrate that the UVFA agent does not merely memorize rules
but learns context-aware heuristics that echo real-world trade-offs. The alignment between
learned feature importance and industrial best practices increases confidence in the model’s
interpretability and deployability, while also highlighting where human oversight remains

essential to balance competing priorities.

6.4. Implications of the Study

The findings of this chapter carry significant implications for both the theoretical
advancement of multi-objective reinforcement learning in manufacturing and its practical

implementation in dynamic scheduling systems:

*  Generalization across Multiple Objectives: By integrating UVFA into the DDQN
framework, this study presents a generalizable solution that allows a single policy to
approximate multiple objective preferences without retraining.

* Enhanced Decision-Making under Setup Complexity: The inclusion of sequence-
dependent setup times introduces a layer of real-world complexity often overlooked in
prior scheduling research. The study demonstrates that a UVFA-enhanced DRL agent
can effectively manage trade-offs between conflicting objectives by leveraging
extended state representations and setup-aware dispatching rules.

* Reward Design and Policy Robustness: Comparative results show that shaping
reward functions relative to strong heuristic benchmarks leads to higher-quality Pareto-

optimal solutions and improved generalization under dynamic disturbances.
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* Interpretability and Adaptability: The SHAP analysis reveals that the learned policies
dynamically shift their focus according to reward settings, reflecting a genuine
understanding of multi-objective trade-offs. Agents prioritize setup-related or tardiness-
related features depending on the optimization goal, while maintaining a stable
sensitivity to universal indicators like queue pressure.

* Scalable and Deployable Framework: The decentralized structure ensures that
policies trained with UVFA-DDQN remain scalable and responsive to real-time system
events. This makes the approach well-suited for Industry 4.0 production systems that

demand high responsiveness, adaptability, and multi-objective optimization capabilities.

6.5. Summary

This chapter presented Problem 3, which extends the dynamic scheduling problem into a
multi-objective framework incorporating sequence-dependent setup times. To address the
challenge of balancing conflicting objectives in real-time, the study introduces a DDQN-
based reinforcement learning framework augmented by UVFA. The following key

conclusions can be drawn:

* Effective Multi-Objective Optimization: The UVFA-enabled DDQN agent
successfully learns a spectrum of Pareto-efficient scheduling policies across varying
objective weights. Without requiring retraining for different trade-offs, the agent
flexibly adapts to changing preferences between minimizing tardiness and minimizing
setup time.

*  Performance Superiority across Metrics: Among four tested reward strategies, the
baseline-referenced and scalarized reward structure (Set 4) demonstrated the best
overall performance in terms of Generational Distance (GD), Inverted GD (IGD), and
Spread (A). This confirms that comparing performance against strong reference policies

enhances learning outcomes and Pareto front coverage.
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* SHAP-Based Interpretability: Feature importance analysis confirms that the learned
agents dynamically reweight scheduling features according to the objective
configuration. Setup time-related features dominate when the objective emphasizes
setup time minimization, whereas urgency-related features prevail under tardiness
minimization. This demonstrates that the UVFA-based framework effectively
internalizes objective-aware scheduling behavior.

* Scalable Reinforcement Learning for Complex Scheduling: The proposed
architecture demonstrates robustness across stochastic job arrivals, machine
breakdowns, and setup-sensitive environments. Its decentralized and event-driven
nature ensures real-time decision-making with minimal computational overhead,

making it suitable for practical deployment in smart manufacturing contexts.

Overall, this chapter confirms that UVFA-enhanced reinforcement learning provides a viable,
interpretable, and scalable framework for tackling complex, multi-objective scheduling
challenges in Industry 4.0 systems. This sets a foundation for future exploration into goal-

conditioned, decentralized DRL in high-dimensional manufacturing optimization problems.
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This final chapter consolidates the key findings of the thesis, reflecting on the theoretical
and practical contributions made across the three core case studies. It summarizes how the
research objectives have been addressed through a progression of increasingly complex
scheduling environments and reinforcement learning techniques. Beyond synthesizing the
results, the chapter discusses the broader implications of the proposed methods for intelligent
manufacturing systems. It also outlines the limitations of the current work and suggests
promising directions for future study, particularly in the areas of real-world deployment,

multi-objective learning, and adaptive decision-making in dynamic production systems.

7.1. Overview of the Thesis

This thesis investigates the problem of DFJSP in the context of smart manufacturing systems.
As production environments become more complex and unpredictable, with random job
arrivals, occasional machine failures, and changing scheduling goals, traditional static and
rule-based methods often fail to maintain good performance. In response, this research
proposes a series of RL-based frameworks designed to enable scalable, real-time, and

adaptive scheduling in decentralized, event-driven environments.

The primary objective of the thesis is to explore how distributed RL agents can
autonomously learn effective scheduling policies in dynamic production systems. By
modeling the scheduling process as an MDP and embedding RL agents within each work
center, the proposed frameworks allow the system to continuously respond to real-time
events while minimizing key operational objectives such as job tardiness and setup time.
The research progresses through three core case studies, each adding layers of complexity

to the scheduling environment and learning architecture.
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* InProblem 1, a baseline RL-based scheduling system using DDQN agents is introduced
in a distributed, event-driven architecture. Each work center independently selects
scheduling rules in response to stochastic job arrivals.

* InProblem 2, the limitations of rule selection are addressed by introducing a continuous
prioritization mechanism based on PPO. This enables finer control and more robust
responses, especially under disruptions such as machine breakdowns.

* In Problem 3, the problem is extended into a multi-objective setting by incorporating
sequence-dependent setup times. And UVFA is introduced into the DDQN framework,

enabling the agent to generalize across varying trade-offs between conflicting objectives.

Each case builds incrementally upon the previous, collectively contributing to the design of
intelligent, interpretable, and resilient scheduling systems suitable for Industry 4.0/5.0
manufacturing contexts. This final chapter synthesizes these findings, highlights the key

contributions, and outlines potential directions for future research.

7.2. Comparative Summary

This thesis explores the application of RL in DFJSP through a progressive series of three
case studies. Each case increases the complexity of the scheduling environment and
strengthens the capacity of the learning model, forming a coherent trajectory from simple
rule-based decision-making to generalized multi-objective optimization. The study not only
reveals how RL adapts to different scheduling contexts but also reflects the evolution of

decision architecture, action space design, and reward modeling.

Problem 1 forms the foundation of this progression. It evaluates the feasibility and
adaptability of RL-based rule selection across different levels of routing complexity, under

stochastic job arrivals but without resource breakdowns or setup considerations.

In Case 1A, the system uses fixed benchmark instances derived from classical job shop
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datasets. Each job follows a fixed routing that visits all work centers in a predefined sequence,
and processing times are deterministic. This provides a controlled environment to examine
whether RL can effectively select dispatching rules in an event-driven, distributed
architecture. Case 1B introduces variability by allowing stochastic processing times. While
all jobs still pass through all work centers in order, the uncertainty in processing time
increases the complexity of scheduling decisions. This tests the agent’s ability to learn
generalizable rule-selection strategies across different episode realizations. Case 1C further
extends the problem to a flexible routing configuration, where different job types follow
different operation sequences and may skip certain work centers altogether. This increases
the diversity of job behavior and reduces the symmetry in state transitions, posing greater
challenges for rule selection. Across all three sub-cases, the RL agent uses a DDQN
framework to select a job priority rule at each decision point. The learning focus is on how
to adapt rule selection policies to varying levels of routing and processing complexity within

a distributed, event-triggered system.

Problem 2 builds upon the architecture of Problem 1 by introducing machine breakdowns,
which significantly increase uncertainty and require more responsive policies. The RL model
shifts from discrete rule selection to continuous prioritization to address this. A PPO agent
is used to generate a vector of weights applied to job and machine features. These weighted
scores are used to rank candidate job-machine assignments, effectively replacing rule
selection with a data-driven scoring mechanism. This continuous control structure allows
the agent to fine-tune its decision-making with higher resolution and respond more
effectively to real-time disturbances. It also opens the door for feature-based interpretability

and a smoother training landscape compared to discrete actions.

In Problem 3, the focus shifts from environmental disruptions to multi-objective
optimization. Sequence-dependent setup times are added to the system, introducing a natural

trade-off between minimizing job tardiness and reducing total setup time. To accommodate
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this, the DDQN model is extended with a UVFA, which conditions the value function on an
objective weight vector. This architecture allows the agent to generalize across different
preferences by learning how the value of actions varies under different reward combinations.
The reward function is also decomposed into two components to separately represent
tardiness and setup penalties, providing more informative signals during training. Problem
3 represents the most advanced configuration in the study. In this chapter, the ability of RL
to adapt to conflicting goals and support Pareto-efficient scheduling strategies is

demonstrated.

Collectively, the three cases illustrate a clear methodological trajectory: from selecting
heuristic rules, to learning continuous prioritization, and ultimately to generalized value
function approximation for multi-objective decision-making. The models evolve alongside
the complexity of the scheduling problem, moving from static environments to those with
failures and multiple trade-offs. This progression confirms that RL not only improves
performance in each isolated scenario but also provides a scalable framework for intelligent,

decentralized scheduling in increasingly complex manufacturing systems.

7.3. Summary of Research Contributions

Through the structured progression of Problem 1 to Problem 3, this thesis makes several
methodological, theoretical, and practical contributions to the field of intelligent scheduling

in dynamic flexible job shop environments.
(1) A Progressive Reinforcement Learning Framework for Dynamic Scheduling

This thesis proposes a unified but adaptable RL framework that evolves through increasing
levels of problem complexity. It begins with rule-based decision-making (DDQN) in
Problem 1, transitions to feature-weighted continuous prioritization (PPO) in Problem 2,

and culminates in multi-objective optimization with generalization (DDQN + UVFA) in
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Problem 3. This progression reflects how RL architectures can be systematically scaled and
adapted to address various types of uncertainty and operational trade-offs in manufacturing.
Each learning agent is embedded within a distributed, event-driven environment, which

enhances modularity and supports scalable real-time scheduling.

(2) Generalization Across Routing Structures and Uncertainty Types

The modeling strategy in Case 1A—1C highlights the flexibility of the proposed architecture

in adapting to increasingly generalized job routing scenarios:

* Case 1A uses deterministic job shop instances with fixed routing and processing times.

* Case 1B introduces stochastic processing durations.

*  Case 1C removes routing uniformity, allowing job types to skip certain work centers.

*  Problem 2 adds dynamic machine failures to the environment, modeled through MTBF
and MTTR, creating time-varying machine availability that forces the agent to consider
equipment reliability in scheduling decisions.

*  Problem 3 introduces sequence-dependent setup times and shifts the problem from
single-objective to multi-objective optimization. This requires the model to explicitly
capture operation sequences, job types, and setup transition patterns, which significantly

increases temporal and combinatorial complexity.

Despite these increasingly generalized and dynamic configurations, the proposed RL
framework remains structurally stable and computationally scalable. It does not require
fundamental changes to the decision-making architecture when moving from one scenario
to the next. This modularity in modeling design supports adaptability across different

industries, production lines, and scheduling priorities.

(3) Transition from Discrete Rule Selection to Continuous Priority Learning

One of the key innovations is the transformation of the action space from a limited set of
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dispatching rules to a high-dimensional feature-weighted prioritization function. In Problem
2, a PPO agent learns continuous weights over job and machine features, allowing more fine-
grained control and policy expressions. This shift improves responsiveness to localized
disruptions (e.g., machine breakdowns) while also supporting better generalization across
episodes. The feature-weighted prioritization strategy offers a new hybrid between

interpretable scheduling logic and learning-based adaptability.

(4) Multi-Objective Scheduling through UVFA-Conditioned Value Learning

In Problem 3, the thesis addresses the challenge of conflicting objectives, specifically,
tardiness versus setup time, by using a UVFA. By conditioning the value function on an
objective preference vector w, the agent can learn a generalized policy capable of operating
under varying reward configurations. This allows a single agent to generate Pareto-
approximating scheduling policies that adapt to different business priorities without
retraining. The agent’s reward signal is explicitly decomposed into objective-specific terms,

improving training feedback and interpretability.

(5) Interpretability through SHAP-Based Feature Attribution

To enhance transparency and build trust in learned scheduling policies, this thesis employs
SHAP-based feature attribution to interpret the PPO-WF agent’s local decision logic.
Specifically, it examines how state features influence the selection of the next dispatching
action at each decision epoch. Using a background dataset of 2000 representative states
sampled from the converged policy’s replay buffer, the analysis reveals consistent patterns
across diverse environments. In static settings (Cases 1A—1C), “Num_Machines in WC” is
consistently the most influential feature, outweighing queue length and due-date information,
suggesting the agent prioritizes structural capacity over transient congestion to maintain
system fluidity and reduce tardiness. In dynamic, failure-prone environments (Case 2),

machine health indicators such as time since last repair gain importance, reflecting risk-
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aware behavior aligned with predictive maintenance. Under multi-objective rewards (Case
3), the agent treats “Num_Waiting Jobs in WC” as a universal signal of operational
pressure while selectively elevating setup-related features like “Potential Job Type
Number_in_WC” when changeover costs matter. Global system attributes show negligible
impact across all cases, confirming that high performance can be achieved with purely local
observability, which enhances scalability and robustness. Although input features are
statistically dependent, this is a known limitation of standard SHAP. Despite this, the
consistency of rankings across work centers, cases, and training runs, together with their
alignment with domain knowledge, supports these attributions as practical approximations
of the agent’s reasoning. This framework enables production engineers to audit specific
decisions, verify behavioral plausibility, and identify blind spots such as the underweighting
of due dates in setup-dominated regimes, making SHAP a critical bridge between

reinforcement learning and human-supervised, safety-conscious manufacturing operations.

7.4. Limitations and Future Directions

While this study proposes a scalable and interpretable reinforcement learning framework for
dynamic flexible job shop scheduling, several challenges remain, offering opportunities for

further enhancement:

(1) Bridging Simulation and Real-World Deployment

All experiments were conducted in simulation environments, which—despite modeling
realistic factors such as job arrivals, routing variability, and machine breakdowns—cannot
fully capture the unpredictability, latency, and operational noise of actual factories. Future
work should explore integration with manufacturing execution systems (MES) [30], [154]
or digital twins, enabling physical validation under real-time sensor data, hardware

constraints, and communication delays.
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(2) Reducing Computational Cost and Accelerating Learning

Training PPO and UVFA-based agents requires substantial computational resources and long
training times to achieve stable convergence, potentially limiting deployment in resource-
constrained settings. Research into transfer learning [26], curriculum learning [27], policy
distillation [155], or meta-learning could significantly shorten training while enabling rapid

adaptation to new production scenarios with minimal retraining [31], [156].

(3) Expanding and Dynamically Adjusting Objectives

The current model focuses on tardiness and sequence-dependent setup time, omitting other
important manufacturing objectives such as energy efficiency, labor cost, machine wear, or
carbon footprint. Future extensions should broaden the objective set and incorporate
mechanisms for dynamically adjusting objective weights in real time, enabling adaptive

scheduling strategies in response to changing business priorities.

(4) Enhancing Decentralized Coordination and Interpretability

Agents operate independently within work centers, lacking explicit coordination. While this
supports modularity, it may lead to suboptimal global performance. Cooperative multi-agent
reinforcement learning and communication protocols could improve workload balancing
and bottleneck anticipation. Additionally, interpretability—currently based on local SHAP
analysis—could be enhanced through trajectory-level explanations, causal reasoning, or

attention-based visualization to better capture policy evolution and build user trust.

(5) Improving Robustness and Online Adaptation

The offline-trained agents cannot adapt during deployment, making them susceptible to
performance degradation under evolving production conditions. Incorporating online or

continual learning mechanisms could enable ongoing policy updates, maintaining
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performance under concept drift. Furthermore, robustness should be extended beyond job
arrivals and machine breakdowns to cover setup time variability, job cancellations, operator

delays, and data anomalies.
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