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The increasing complexity of modern manufacturing systems demands advanced decision-making approaches for
production planning and control (PPC). Reinforcement learning (RL), as part of machine learning, has gained
attention in recent years due to its ability to learn optimal policies for decision-making through trial-and-error
interaction with a dynamic environment. This systematic literature review synthesizes 196 peer-reviewed pub-
lications from 2018 to 2024 on RL for PPC. Using an established RL framework, we analyze algorithm families,
decision mechanisms, optimization objectives, evaluation practices, and industrial maturity. Results show a
strong concentration on operational control, especially dispatching, with increasing adoption of policy-gradient
methods and multi-agent formulations. Reward design remains dominated by time-based objectives such as
makespan and tardiness, while cost, sustainability, and risk-oriented objectives are mainly treated as secondary
terms. We identify a persistent structural gap between academic validation and industrial adoption. The majority
of studies validate in synthetic simulations, only a small subset uses real industrial data, and very few connect
trained policies to physical testbeds. No reviewed case study reports sustained closed-loop autonomous control in
a live production system under continuous operation. We consolidate reported research gaps into an actionable
agenda focused on environment fidelity, transfer governance, standardized evaluation, and safety and assurance
mechanisms that enable scalable industrial deployment.

1. Introduction

Production logistics performance is critical to meeting customer
demands, making PPC a key driver of business success [1]. Traditional
methods such as heuristics, simulation-based control and operations
research are increasingly challenged by the growing complexity, un-
certainty and dynamics of modern manufacturing systems [2]. Industry
4.0 technologies provide the foundation for adaptive, data-driven
decision-making that overcomes these limitations [3]. Al, particularly

RL, offers innovative solutions to address the dynamic and complex
challenges of PPC by improving KPIs through autonomous learning [4].
The theoretical foundations of RL date back to the 1950s, but its po-
tential surged in the last decade with neural network integration [5].
This was exemplified by the victory of AlphaGo over the Go world
champion [6] and the release of OpenAl Gym [7].

RL in PPC enables adaptive and proactive control of production
processes even in dynamic and complex manufacturing environments.
Understanding the state of the art in RL for PPC is crucial to facilitate its
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further development. SLRs provide a structured methodology for eval-
uating and interpreting approaches in RL to problem-solving [8]. To
assess the current landscape of RL applications in PPC, several SLRs have
been conducted, providing insights into different aspects of the field. A
comprehensive review on RL in PPC was conducted by Esteso et al. [9],
who analyzed publications from 1994 to 2021. Their study identified the
main challenges and limitations of RL applied to PPC. A more special-
ized perspective was provided by Panzer & Bender [10], who catego-
rized RL publications into production domains and investigated
implementation challenges. Their review offered a structured view of RL
applications across various production functions but did not explore the
decision mechanisms underlying these applications. Beyond PPC, Rolf et
al [11]. developed a classification framework for RL applications in
supply chain management, analyzing literature published between 2000
and 2021. Studies analyzed key factors such as algorithms, data avail-
ability, and industrial adoption. Similarly, C. Li et al [12]. conducted a
review of DRL applications in smart manufacturing, highlighting its
widespread adoption across various stages of the engineering lifecycle.
Kayhan & Yildiz [13] conducted a more focused analysis of RL appli-
cations for machine scheduling problems between 1995 and 2020.

Although existing reviews provide valuable insights into RL appli-
cations in PPC and related fields, three limitations still constrain an in-
tegrated understanding of the field. First, multiple reviews are either
outdated given the rapid progress in DRL tooling and architectures or
intentionally narrow in scope, which prevents a comprehensive syn-
thesis of recent work. Second, most reviews structure findings primarily
by application domain and therefore do not systematically compare how
decision mechanisms differ across PPC tasks and production scenarios.
Third, the industrialization maturity of RL in PPC is still assessed
inconsistently, leaving limited evidence on how simulation results
translate to data-grounded settings, testbeds, and real control loops.
These limitations motivate the present SLR, which consolidates recent
innovations, analyzes decision mechanisms across the PPC hierarchy,
and evaluates industrial maturity using a dedicated classification.

Accordingly, this review provides three complementary contribu-
tions. First, it delivers an up-to-date and comprehensive synthesis of RL
applications in PPC by analyzing 196 peer-reviewed publications be-
tween 2018 and 2024. Second, it goes beyond domain-based categori-
zation by systematically mapping RL approaches to the decision
mechanisms they implement across the PPC hierarchy, offering a
deployment-oriented perspective on how learned policies operationalize
control authority under production-logistics constraints such as WIP
coupling, resource limits, and routing structure. Third, it introduces a
maturity classification that assesses the industrialization level of RL
implementations, thereby making the persistent gap between simulator-
centric validation, data-grounded studies, physical testbeds, and sus-
tained closed-loop operation explicit. Collectively, these contributions
consolidate the current state of knowledge and provide an actionable
agenda for future research and industrial adoption.

To address the ambiguity often found in PPC literature, this review
grounds its scope in the HaSupMo [14]. Rather than treating PPC as a
monolithic block, we see it as a hierarchical system of interdependent
decision levels. This perspective allows us to distinguish between Plan
Production (e.g., calculate lot size, schedule throughput) and Control
Production (e.g., release order, dispatching). This distinction is vital
because these levels are inherently coupled, as for example order release
decisions directly influence the queue lengths that dispatching agents
must navigate.

We organize the remainder of this paper as follows. Section 2 in-
troduces the RL fundamentals and the PPC scope required to interpret
the review. Section 3 describes the review method, including the six-step
process used for study identification and selection, the data extraction
scheme, and the three research questions. Section 4 presents the in-
depth results analysis along the core elements of the RL framework,
covering agent design (algorithms and architectures), decision mecha-
nisms (action spaces) mapped to the HaSupMo hierarchy, reward
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formulations and optimization objectives, environment characteristics
including scenario types and industrial maturity, benchmarking prac-
tices, and reported future research needs. Section 5 synthesizes these
findings to answer RQ1-RQ3 and discusses limitations. Section 6 con-
cludes with the main takeaways and an actionable agenda for future
research and industrial deployment.

2. Basics

This section establishes the conceptual foundation for the SLR. First,
we outline the RL framework that guides the categorization of agent
design, decision mechanisms, reward formulations, and environment
implementations in the reviewed studies. Second, we delimit the pro-
duction logistics scope by positioning PPC tasks within the HaSupMo
hierarchy, providing a consistent structure for mapping RL applications
across planning and control levels.

2.1. RL framework

This review analyzes RL applications using the standard framework
established by Sutton & Barto [4]. RL enables agents to learn
decision-making policies by interacting with their environment. The
environment offers dynamic context, tasks, and conditions under which
RL agents operate. At each step, the agent observes the environment's
state, takes an action, and receives a numerical reward (Fig. 1). The goal
of the agent is to maximize cumulative rewards over time. The sets of
possible states and actions form the state and action spaces, which can
be either discrete or continuous.

We categorize each study using a consistent RL taxonomy covering
algorithm family, agent architecture, reward design, and environment
implementation. RL algorithms are primarily distinguished by whether
they are model-based or model-free [4]. Model-free algorithms are
further divided into value-based, policy-based, or hybrid approaches.
Value-based algorithms provide a robust foundation for discrete control
tasks. A foundational value-based algorithm is Q-learning, a model-free
approach that learns the value of state-action pairs [15]. DQN is an
extension of Q-learning by using neural networks to approximate
Q-functions [5]. Key advancements such as prioritized experience
replay, fixed Q-targets, and reward clipping improve training stability.
Double DQN reduces Q-value overestimation by decoupling action se-
lection and evaluation [16]. Dueling DQN further improves learning
efficiency and generalization by separating state value and action
advantage estimates [17]. D3QN combines the stability of Double DQN
with the efficiency of Dueling DQN. In contrast to value-based methods,
policy-based algorithms directly optimize policies. While many popular
algorithms in this group, such as PPO and TRPO, use an actor-critic
architecture, we classify them by their policy-gradient training princi-
ple [18]. TRPO ensures stable policy improvements within a trust region
[19]. PPO is a simplified variant of TRPO with clipped objectives [18].
Hybrid actor-critic methods combine the strengths of value-based and
policy-based algorithms for more stable and sample-efficient learning.
A3C accelerates learning through asynchronous updates [20].

Beyond the algorithmic logic, researchers must also differentiate
between SARL and MARL [21] to suit the organizational structure of the
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Fig. 1. The RL framework based on the agent-environment interaction
loop [4].
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production system. Finally, the reward function specifies the optimiza-
tion objective, which can be designed as SOO or MOO approaches [22].
For further insights, please refer to additional literature such as Sutton &
Barto [4].

2.2. PPC scope

To clarify the specific PPC layers and address the system level hier-
archy, we adopt the definitions from HaSupMo. It serves as a funda-
mental descriptive model that captures the functional relationships
between logistic objectives and the underlying control tasks. Within this
framework, we focus on two primary areas: Plan Production and Control
Production. This focus is chosen because these domains represent the
core "internal" supply chain where RL agents directly interact with
physical shop-floor dynamics and WIP levels. As shown in Fig. 2, these
tasks form a hierarchical chain of command.

Plan Production begins with lot sizing to balance setup and inventory
costs, followed by throughput scheduling to define preliminary order
dates. To ensure feasibility, detailed resource planning balances load
peaks by adjusting capacity supply before plan approval finalizes the
orders for execution. Subsequently, Control Production manages short-
term dynamics through verify availability to prevent resource bottle-
necks. Once verified, order release regulates the WIP by determining the
timing of order entry, while capacity control allows for short-term ad-
justments like processing speeds or overtime to ensure schedule
reliability.

Finally, sequencing determines the order in which jobs are carried
out at specific workstations, within the constraints established by up-
stream release and capacity decisions. In this paper, we use the term
dispatching to describe local, real-time job selection and machine
assignment at execution. We distinguish dispatching from scheduling by
both time horizon and mechanism. Scheduling refers to the creation of a
medium-term, predictive timetable, whereas dispatching addresses im-
mediate, reactive decision-making when a resource becomes available,
without projecting a future sequence.

The physical shop-floor layout and the complexity of the routing are
important impact factors for RL models. This review classifies the
literature into distinct scenarios. Classical Layouts include JS, where
products follow individual routings, FS with its linear, unidirectional
flow, and SMS focusing on isolated bottlenecks. Complex Variants
feature increased flexibility through parallel machines or alternative
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routes (FJS, HFS) or constant job sequences (PES), often including re-
entrant flows (RJS, RHFS) where jobs return to the same machine for
multiple operations. Advanced and Distributed systems represent
further modern manufacturing trends, including DJS across multiple
sites, Matrix and Modular Production for highly individualized output,
and the BAP, which is characterized by a stationary workpiece where
various assembly blocks or resources are brought to the product in a
specific sequence.

3. Review method

This SLR follows the guidelines of Tranfield et al [23]. and Durach et
al [24]. and applies six steps in the review process: (1) defining research
questions, (2) determining study characteristics, (3) retrieving litera-
ture, (4) selecting pertinent studies, (5) synthesizing findings, and (6)
reporting results.

3.1. Step 1 — Define the research question

Our primary goal is to provide a comprehensive overview of RL in
PPC, guiding future research by summarizing current approaches,
challenges, and needs. This review is guided by the following research
questions:

RQ1. : What trends have recently emerged in the development and
application of RL agents in PPC?

RQ2. : What progress have RL approaches made in implementing the
environment in real-world production systems?

RQ3.
PPC?

: What are the key research needs and gaps for deploying RL in

Addressing these questions deepens the understanding of RL in PPC
and supports the long-term goal of applying autonomous agents for
decision-making in real-world production.

3.2. Step 2 — Determine the required characteristics of primary studies

We used a multi-stage process to identify relevant primary studies
and ensure a comprehensive and representative selection of literature.
Selecting and combining suitable search terms is critical to ensuring
relevant literature coverage. We developed a search string targeting RL

Plan Production Progr:
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Fig. 2. Structure of the Hanoverian Supply Chain Model [14].
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applications in PPC:

"Reinforcement Learning" AND(('production management” OR
"production planning" OR "production control") OR ("manufacturing
management” OR "manufacturing planning" OR "manufacturing
control"))

We defined a set of inclusion and exclusion criteria based on the
research questions to ensure relevance and avoid biased selection [8].
Only peer-reviewed English studies published from 2018 to 2024 are
included. Furthermore, inclusion criteria required a concrete case study
of an RL application in PPC. Papers were excluded for lacking a pro-
duction context or providing insufficient implementation details.

3.3. Step 3 — Retrieve a sample of potentially relevant literature

To obtain a comprehensive overview of current research, we used the
three databases Scopus, IEEE Xplore, and Web of Science. These data-
bases were selected due to their extensive coverage of Al
manufacturing, and engineering research, ensuring a broad and relevant
literature base. Searches were conducted across titles, keywords, and
abstracts in all three databases, covering the full publication period from
2018 to 2024. The results are displayed in Fig. 3.

3.4. Step 4 - Select the pertinent literature

We selected the results that met the inclusion criteria for further
analysis and employed a multi-stage selection process. After removing
duplicates, 601 results remained for further examination. Screening ti-
tles, keywords, and abstracts excluded 352 results. We subjected the
remaining 249 results to full-text analysis, which led to the exclusion of
83 papers not meeting the pre-established criteria. Consequently, we
selected 166 papers for further analysis. With forward and backward
searches according to Webster & Watson [25], we identified 30 addi-
tional papers, resulting in a total of 196 articles (Fig. 4).

3.5. Step 5 — Synthesize the literature

For data synthesis, we systematically extracted general publication
data and RL-specific details (e.g., algorithm, agent architecture, reward
structure, environment). The key findings for each paper are summa-
rized in Table 1. Some publications contain multiple agents or multiple
mechanisms. These are categorized separately in the quantitative ana-
lyses, which can result in higher category totals than the number of
publications in some cases.

3.6. Step 6 — Report the results

Finally, we analyze the extracted data using quantitative methods to
identify statistical trends and qualitative methods to explore research
gaps and future directions. Fig. 5 displays the count of selected publi-
cations from 2018 to 2024, revealing steady annual growth in research
on this topic.

The selected contributions include 61 conference papers and 135
journal articles. The journal articles span 51 different journals, with

400
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Fig. 3. Number of papers in the databases.
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"Computers & Industrial Engineering" and the "Journal of
Manufacturing Systems" being the most frequently represented, each
contributing ten publications (Fig. 6). Most of the journals focus on
production and manufacturing engineering, industrial computing, arti-
ficial intelligence in engineering, and automation systems.

The conference papers were presented at 40 different conferences,
with the "Winter Simulation Conference" contributing the most papers,
at five contributions (Fig. 7). The conferences covered topics such as
manufacturing engineering, systems engineering, computational intel-
ligence, simulation technology, and production logistics. These events
reflected a mix of production logistics and IT-focused themes.

For examining key RL areas, the presentation of the results is pri-
marily concerned with the examination of RL algorithms (agent), deci-
sion mechanisms (action), optimization objectives (reward), and the
system interaction (environment) according to the RL framework
(Fig. 1). Due to inconsistent reporting in the source material, a detailed
state space analysis was excluded. Insights related to state spaces are
included in the discussion on the environment, but they are not the focus
of a standalone analysis in this SLR. To complete the in-depth analysis of
the results, we conduct a categorized consideration of proposed future
research needs from the publications examined.

4. In-depth results analysis

This section synthesizes the reviewed literature along the core ele-
ments of the RL framework: agent design (algorithm and architecture),
decision mechanisms (action space), optimization objectives (reward),
and training and testing context (environment). The analysis is groun-
ded in the HaSupMo hierarchy to ensure that each RL approach is
interpreted within a consistent PPC task structure. To enable a rigorous
quantitative synthesis, the analysis considers each agent instance in its
assigned category as the primary unit, rather than the publication. A
single paper may implement multiple agents (for example separate
agents for job selection and resource allocation) or evaluate multiple
decision mechanisms and algorithms. Consequently, counts reported in
the figures and subsections refer to agents or mechanisms, and totals can
exceed the number of publications (N = 196). Where studies span
multiple PPC tasks, each agent is mapped to the HaSupMo task that best
matches its primary decision mechanism, ensuring a consistent alloca-
tion across planning and control layers.

4.1. Agent analysis — algorithm distribution and evolution

The choice of learning algorithm is a core design decision for RL
agents in PPC. This section presents the distribution and temporal evo-
lution of 20 algorithm types identified in the reviewed literature (Fig. 8).
Most implementations are built on common Python ecosystems,
including SB3, PyTorch, TensorFlow, and Keras.

Fig. 8 shows that value-based algorithms remain widely used,
particularly for discrete decision problems. Classical Q-learning appears
in 11 applications, whereas DQN dominates value-based implementa-
tions with 57 occurrences. Among the reviewed studies, established
DOQN extensions are Double DQN in 26 applications, Dueling DQN in 6
applications and D3QN in 11 applications. Furthermore, policy-based
methods constitute a significant proportion of the reviewed literature.
TRPO is used in 9 applications, while PPO is the most frequently re-
ported algorithm overall, used in 60 applications. Hybrid actor-critic
variants are less common. For example, A3C appears in 7 applications.
Beyond these families, the literature includes a smaller set of specialized
approaches such as DDPG, TD3, and LinUCB, typically applied in more
specific control settings. Within the dataset, model-based RL is infre-
quently observed, whereas the reviewed studies predominantly employ
model-free learning approaches.

Fig. 9 shows that SARL is the dominant agent architecture in the
reviewed literature. Within SARL, PPO is used in 49 applications, fol-
lowed by DQN in 35 applications and DQN extensions in 24
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applications. MARL is less frequent overall, but its algorithm mix differs.
DQN is the most common choice in 23 applications, followed by DQN
extensions in 14 applications and PPO in 13 applications, while A2C,
A3C, Q-learning, and TRPO appear only sporadically. This distribution
shows that SARL studies predominantly rely on PPO and DQN families,
whereas MARL studies more often employ value-based methods.

An analysis of the temporal distribution from 2018 to 2024 shows a
clear change in algorithm prevalence (Fig. 10). In 2018-2021, DON is
the most frequently used algorithm, and its refined variants become
more visible from 2022 onward (e.g., Double/Dueling DQN and D3QN).
In 2023 and 2024, PPO becomes the leading approach, surpassing DQN
in frequency. While value-based methods remain common for discrete
control settings, the increased share of policy-based methods and the
broader “other” category indicate a diversification toward algorithms
suited for higher-dimensional and more stochastic control problems.

An analysis of RL architectures from 2018 to 2024 shows that SARL
remains the dominant modeling paradigm across the reviewed studies
(Fig. 11). Over the observation period, the proportion of MARL ap-
proaches gradually increases, with the most pronounced growth in the
final years. This temporal pattern shows that multi-agent formulations
are being adopted more frequently alongside the established single-
agent baseline, particularly in recent work. Despite this increase,
MARL remains a minority compared to SARL across the full 2018-2024
period. Having characterized which learning algorithms dominate the
field and how this mix evolves over time, we next examine how these
agents are operationalized in PPC through their decision mechanisms.

4.2. Action space analysis — decision mechanisms within the PPC
hierarchy

This section analyzes the decision mechanisms that define the RL
agent’s action space and maps them to PPC tasks using the HaSupMo
hierarchy. To maintain a consistent synthesis, each identified agent is
assigned to the HaSupMo task that best matches its primary decision
mechanism.

As Fig. 12 illustrates, the reviewed literature primarily focuses on
production control (86%), with production planning representing the
remaining 14%. The following subsections present the task distribution
and decision-making mechanisms within each domain. Across both
domains, RL agents typically formulate their action spaces based on
three main mechanisms: (1) job selection from a list (selecting the next
job from a list of options), (2) resource allocation (assigning available
resources to tasks), and (3) integrated job and resource allocation (often
implemented via the selection of priority rules or heuristics rather than
direct assignment). Importantly, planning and control are distinguished
not by different mechanisms but by the time horizon at which these
mechanisms are applied. In studies reviewed that implement multiple
agents for different tasks, mechanisms are counted per agent. This may
result in category totals that exceed the number of publications.

4.2.1. Plan Production

The production planning domain constitutes 14% of the identified
literature. As Fig. 13 illustrates, the planning-related studies focus pri-
marily on throughput scheduling, while lot size calculation appears less
frequently and tasks such as detailed resource planning and production
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plan approval are rare. Across the 30 identified planning agents, SARL is
predominant and only four papers employ MARL.

Following the hierarchical logic of the HaSupMo, lot size calculation
with RL is used to determine batch quantities under setup and inventory
trade-offs. Next in the hierarchy, throughput scheduling follows, which
dominates the planning domain and therefore serves as the primary
basis for analyzing planning level decision mechanisms. To understand
the operational nature of throughput scheduling RL agents, we examine
the specific decision mechanisms employed within this domain.

As Fig. 14 shows, most throughput scheduling agents use job selec-
tion from a list. Fourteen applications employ this mechanism. Inte-
grated mechanisms that combine job selection and resource allocation
are less common, appearing in five applications. Three applications use
standalone resource allocation from a list, and all of these use MARL
architectures [71,72,98]. Beyond scheduling and lot sizing, the dataset
contains only limited evidence of RL in detailed resource planning
(Fig. 13). Similarly, production plan approval appears only once in the
reviewed literature. Therefore, RL agents at the planning level focus on
mechanisms that directly construct or adjust a schedule, while higher
level planning functions are sparsely covered. The following section
contrasts this planning profile with the mechanisms identified for pro-
duction control.

4.2.2. Control Production

Control Production accounts for 86% of the identified literature.
Compared to the planning domain, the control domain shows a higher
share of MARL implementations with 58 out of 178 applications,
particularly within dispatching tasks (Fig. 15).

A notable observation is the absence of RL approaches addressing the
HaSupMo sub-task verifying availability. In the reviewed papers,
availability is either treated as an exogenous constraint or addressed by
non-learning-based mechanisms outside the RL agent’s decision space.
The function of order release represents a smaller segment of the liter-
ature, with 13 implementations. In these studies, RL agents regulate
work entering the system through action mechanisms such as binary
release decisions and WIP cap management.

The largest research focus within production control is dispatching,
with 103 SARL and 55 MARL applications. Dispatching mechanisms are
related to scheduling but are applied with an execution-oriented time
scope. Some studies integrate dispatching into broader architectures, for
example by using dispatching policies to control a digital twin and feed
outcomes into higher level decisions [122], or by linking planning and
control within a blockchain-enabled framework [180]. In this review,
such approaches are classified as dispatching when the agent’s primary
decision is applied online at execution time and without any planning
horizon.

Fig. 16 summarizes the decision mechanisms used for dispatching. Of
the 91 applications addressing job selection, 43 use direct selection from
a list, 39 rely on rule-based selection, and nine use other mechanisms.
The 54 applications that combine job selection and resource allocation
show a similar relative distribution. For resource allocation, 14 out of 17
applications use list-based selection mechanism. Beyond dispatching, a
small cluster of seven applications addresses capacity control (Fig. 15).
These applications adjust available processing power using mechanisms
such as workstation speed scaling, time stretching or compressing,
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Table 1
Selected studies.
Ref. Production RL algorithm PPC task(HaSupMo Decision mechanism(action design) SARL / Single-/
scenario mapping) MARL multi-

objective
[26] FJS PPO dispatching job sel. & res. alloc. SA MO
[27] FS DON dispatching job sel. SA SO
[28] FJS Q-learning dispatching job sel. MA SO
[29] RHJS DQN dispatching, order release job sel. & inter-arrival times SA MO
[30] FS DON, Double DQN capacity control workstation ON/OFF & battery control SA MO
[31] FS, JS Q-learning scheduling job sel. SA SO
[32] FJS AC dispatching job sel. MA SO
[33] FJS Double DQN dispatching job sel. & res. alloc. SA SO
[34] FJS D3QN dispatching job sel. & res. alloc. SA MO
[35] FJS PPO dispatching job sel. SA SO
[36] JS A3C scheduling job sel. SA MO
[37] JS PPO dispatching job sel. SA MO
[38] FS PPO dispatching job sel. SA SO
[39] JS Double DQN dispatching job sel. SA SO
[40] HFS PPO scheduling, plan resources res. alloc. & period assignment SA MO
[41] DHFS DDPG dispatching job sel. MA MO
[42] FJS PPO dispatching job sel. & res. alloc. SA MO
[43] JS DQON dispatching res. alloc. MA MO
[44] PFS REINFORCE scheduling job sel. SA SO
[45] DFJS Double DQN scheduling job sel. & res. alloc. SA MO
[46] JS DQN capacity control speed scaling SA MO
[47] JS PPO scheduling job sel. SA MO
[48] Modular Double DQN dispatching job sel. & res. alloc. SA MA SO
[49] HFS A2C dispatching job sel. SA MO
[50] SSS Q-learning dispatching job sel. SA SO
[51] JS TRPO dispatching job sel., res. alloc. MA MO
[52] FJS D3QN dispatching job sel. & res. alloc. SA MO
[53] FS DON, MCTS dispatching job sel. SA MA SO
[54] FJS PPO scheduling job sel. & res. alloc. SA MO
[55] FS A2C, PPO capacity control time stretching SA MO
[56] FJS DDPG dispatching job sel. MA SO
[57] JS D3QN dispatching job sel. SA SO
[58] Modular DQN dispatching job sel. SA SO
[59] JS Double DQN order release job sel. SA SO
[60] JS A3C, PPO dispatching res. alloc. SA MA SO
[61] FJS PPO dispatching res. alloc. MA SO
[62] FJS PPO, other SB3-Lib dispatching job sel. & res. alloc. SA° MA SO MO
[63] FJS REINFORCE dispatching job sel. & res. alloc. SA SO
[64] Matrix DQN dispatching job sel. & res. alloc. MA SO
[65] DJS DQN dispatching job sel., job sel. & res. alloc. MA MO
[66] DJS A3C dispatching job sel. SA SO
[67] Modular DQN dispatching job sel. & res. alloc. SA MO
[68] FJS PPO dispatching job sel. & res. alloc. SA SO
[69] SSS A2C scheduling job sel. SA MO
[70] SSS PPO scheduling job sel. SA MO
[71] FFS Q-learning scheduling job sel., res. alloc. MA MO
[72] FFS Q-learning lot sizing, scheduling job sel., res. alloc. MA MO
[73] FJS Double DQN dispatching job sel. MA SO
[74] JS DQN dispatching res. alloc. MA SO
[75] PFS DQN dispatching job sel. SA SO
[76] SMS PPO dispatching job sel. SA SO
[77] FJS TRPO dispatching job sel. & res. alloc. SA MO
[78] FJS TRPO dispatching job sel. & res. alloc. SA MO
[79] FJS TRPO dispatching job sel. & res. alloc. SA MO
[80] FJS TRPO dispatching job sel. & res. alloc. SA MO
[81] FS SB3-Lib plan resources capacity supply adjustment SA SO
[82] FJS DOQN dispatching res. alloc., job sel. MA MO
[83] HFS DON dispatching job sel. & res. alloc. SA SO
[84] RFJS DON dispatching job sel. SA SO
[85] FFS D3QN dispatching job sel. & res. alloc. SA SO
[86] SSS A2C scheduling job sel. SA MO
[87] DJS DON, Double/Dueling DQN, TRPO, dispatching job sel. & res. alloc. SA SO

PPO
[88] FJS Double DQN, PPO dispatching job sel., rescheduling decision, res. MA SO
alloc.

[89] FS D3QN dispatching job sel. SA SO
[90] FJS Double DQN dispatching, order release binary release, job sel. & res. alloc. MA MO
[91] FJS PPO dispatching job sel. & res. alloc. SA SO
[92] FJS Double DQN dispatching job sel. & res. alloc. SA MO
[93] FS TD dispatching job sel. SA MO
[94] JS oC dispatching job sel. SA SO
[95] JS PPO dispatching job sel. SA SO
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Table 1 (continued)

Ref. Production RL algorithm PPC task(HaSupMo Decision mechanism(action design) SARL / Single-/
scenario mapping) MARL multi-

objective

[96] JS DQN dispatching job sel. SA SO

[97] DFJS Double DQN dispatching job sel. & res. alloc. SA SO

[98] RHFS DON scheduling job sel., res. alloc. MA SO

[99] JS DDPG dispatching job sel. MA SO

[100] FJS Double DQN dispatching job sel., res. alloc. MA SO

[101] RFJS A3C dispatching, order release WIP Limit & release amount & job sel. SA MO

[102] JS Double DQN dispatching job sel. MA SO

[103]  SSS DQN dispatching job sel. SA SO

[104] RHFS PPO capacity control, dispatching job sel. & res. alloc., worker assignment MA SO

[105]  FJS Double DQN dispatching job sel. & res. alloc. SA MO

[106] JS PPO dispatching job sel. SA SO

[107] JS PPO dispatching job sel. SA SO

[108] SSS DOQN, PPO, TRPO capacity control workstation ON/OFF SA MO

[109] FFS DON, PPO, TRPO capacity control workstation ON/OFF SA MO

[110]  FJS Double DQN dispatching job sel. & res. alloc. SA MO

[111]  FJS Double DQN dispatching job sel. & res. alloc. SA MO

[112]  FJS Double DQN dispatching job sel. & res. alloc., goal sel. MA SO

[113]  RHFS Double DQN dispatching job sel. SA MO

[114] FJS DON scheduling job sel. SA SO

[115]  FJS Double DQN, DQN dispatching job sel. MA MO

[116] JS TD3 dispatching job sel. MA MO

[117] FS DON order release release amount SA SO

[118] FS DQN dispatching job sel. SA SO

[119] FS DQN dispatching job sel. SA MO

[120] Matrix PPO dispatching job sel., res. alloc. MA MO

[121] Modular PPO dispatching job sel. & res. alloc. SA SO

[122]  FFS DQN dispatching job sel. SA SO

[123]  PFS PPO scheduling job sel. SA MO

[124] SSS PPO dispatching job sel. & res. alloc. SA MO

[125] JS PPO scheduling job sel. SA SO

[126] FS PPO dispatching job sel. & res. alloc. SA SO

[127] FS PPO dispatching job sel. & res. alloc. SA SO

[128] SSS DON scheduling job sel. & res. alloc. SA SO

[129]  Modular DQN dispatching job sel. MA MO

[130]  Modular DQN dispatching job sel. MA MO

[131] Matrix DQON dispatching job sel. MA MO

[132]  RFJS DQN dispatching job sel. MA SO

[133]  Modular Dueling DQN dispatching job sel. SA MO

[134] RJS Dueling DQN dispatching job sel. & res. alloc. SA MO

[135]  RFJS DDPG dispatching job sel. SA SO

[136] FS PPO order release binary release SA MO

[137]  FJS DQMIX dispatching res. alloc. MA SO

[138] FJS DQN dispatching res. alloc. MA SO

[139]  FJS PPO dispatching job sel. MA MO

[140]  FJS PPO dispatching job sel. MA MO

[141]  FJS PPO dispatching job sel. & res. alloc. MA MO

[142]  FJS Dueling DQN dispatching job sel. MA MO

[143]  FJS Dueling DQN dispatching job sel. MA SO

[144] FFS DON dispatching job sel. SA SO

[145] FS, JS Q-learning order release WIP Limit SA MO

[146]  FS,JS DQN dispatching job sel. SA SO

[147] JS PPO dispatching job sel. MA MO

[148]  FJS PPO dispatching job sel. & res. alloc. SA MO

[149]  SMS PPO dispatching job sel. SA MO

[150] RFJS DQON dispatching job sel. MA MO

[151] JS DQN, SAC dispatching job sel. SA SO

[152]  FJS MCTS dispatching job sel. SA SO

[153] FS A3C order release lead time control SA MO

[154] JS PPO plan resources overtime alloc. SA MO

[155] FS DON order release lead time control MA MO

[156] JS DON order release job sel. SA SO

[157] JS PPO dispatching job sel. SA MO

[158]  FFS,JS DQN dispatching job sel. MA SO

[159] FS DOQN order release WIP Limit SA MO

[160] FS, JS PPO order release WIP Limit SA MO

[161] JS D3QN dispatching job sel. SA SO

[162]  FJS PPO dispatching job sel. & res. alloc. SA SO

[163]  RFJS DQN dispatching job sel. & res. alloc. SA MO

[164] FJS PPO scheduling job sel. & res. alloc. SA SO

[165]  FJS DQN dispatching job sel. MA MO

[166]  Modular D3QN dispatching job sel. SA SO

[167]  FJS PPO dispatching job sel. & res. alloc. SA MO

[168]  FFS PPO dispatching job sel. MA MO

[169] JS DQN dispatching job sel. SA MO

(continued on next page)
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[170] JS PPO dispatching job sel. SA SO

[171] SMS PPO lot sizing lot sizing SA MO

[172] PFS Q-learning scheduling job sel. SA SO

[173] HFS PPO lot sizing job sel. SA MO

[174]  FJS TD3 dispatching job sel. & res. alloc. SA MO

[175] FJS SAC dispatching job sel. & res. alloc. SA SO

[176] JS PPO dispatching job sel. SA SO

[177]  SMS Q-learning dispatching job sel. SA MO

[178] HFS Double DQN dispatching job sel., res. alloc. MA SO

[179]  FJS Double DQN dispatching job sel. & res. alloc. SA MO

[180] DJS Q-learning dispatching, scheduling job sel. SA MO

[181] JS PPO dispatching job sel. MA SO

[182]  FJS PPO dispatching job sel. & res. alloc. SA SO

[183]  RFJS DQN dispatching job sel. MA SO

[184]  RFJS DQN dispatching job sel. MA SO

[185] SMS PPO lot sizing lot sizing SA MO

[186] JS PPO dispatching job sel. & res. alloc. SA SO

[187] BAP A3C scheduling shift/fix scheduling SA SO

[188] JS PPO dispatching job sel. SA SO

[189] JS PPO dispatching job sel. SA SO

[190]  FJS DQN dispatching job sel. & res. alloc. SA MO

[191] FS R-learning order release direct release decision SA MO

[192]  FJS D3QN dispatching job sel. SA MO

[193] FS DQN dispatching job sel. SA MO

[194] FJS PPO dispatching job sel. & res. alloc. SA SO

[195]  HFS Q-learning dispatching job sel. SA MO

[196]  SMS R-learning dispatching job sel. SA MO

[197]  PFS Double DQN dispatching job sel. SA SO

[198] DPFS A2C scheduling job sel. SA SO

[199] JS Double DQN dispatching job sel. SA SO

[200]  FJS PPO dispatching job sel. & res. alloc. SA SO

[201] FJS Double DQN dispatching job sel. & res. alloc. SA MO

[202] FS DQN dispatching capacity control MA SO

[203] JS PPO dispatching job sel. SA SO

[204] IS Dueling DQN dispatching job sel. & res. alloc. MA SO

[205]  FJS PPO dispatching res. alloc. MA MO

[206]  FJS DQN dispatching job sel., res. alloc. MA SO

[207]  FJS PPO dispatching job sel. & res. alloc. SA SO

[208] FJS SAC, D3QN dispatching job sel., res. alloc. MA SO

[209] JS SAC dispatching job sel. SA SO

[210]  HFS DQN dispatching job sel. & res. alloc. MA MO

[211] FJS D3QN dispatching res. alloc. & other SA MO

[212]  FJS D3QN dispatching job sel., res. alloc. MA SO

[213] JS DQN dispatching job sel. MA SO

[214]  DFS Q-learning scheduling job sel. & res. alloc. SA SO

[215]  FJS AC dispatching job sel. SA SO

[216]  SSS DQN dispatching job sel. & res. alloc. SA SO

[217]  SMS DQN capacity control, dispatching job sel. & speed scaling SA MO

[218]  FJS DQON dispatching res. alloc. SA MO

[219]  FJS LinUCB dispatching job sel. & res. alloc. SA SO

[220]  FJS Double DQN dispatching job sel. & res. alloc. MA MO

[221] FJS DON dispatching job sel. & res. alloc. SA SO

dynamic worker assignment, and energy-oriented control via worksta-
tion ON/OFF switching.

A descriptive, algorithm level cross-mapping further complements
the action space analysis. In the field of dispatching, DQN-based
methods and PPO dominate the literature. The most frequently re-
ported algorithms are 46 DQN applications, 44 PPO applications, and 22
Double DQN applications. This indicates that dispatching is currently
the main arena where algorithm families could be compared under
shared benchmarks. Scheduling presents a second opportunity for
comparison, with PPO- and DQN-based approaches both being used
repeatedly. Order release and capacity control are less prevalent and
therefore offer less robust evidence for algorithm selection guidance.
Since these counts reflect algorithm usage rather than controlled per-
formance comparisons, they primarily serve to identify areas where
consistent benchmark evaluations would be most impactful. Because
action design determines what an agent can control in practice, we next
analyze reward formulations to understand which production objectives
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these mechanisms are trained to optimize.

4.3. Reward analysis — optimization objectives

Reward functions operationalize production-logistics objectives as
learning signals and therefore define how agent behavior is aligned with
PPC targets. To systematize the heterogeneous objective terms reported
in the reviewed studies, we apply the Production Logistics Target System
by Wiendahl [1], which differentiates production logistic performance
from production logistics costs and makes explicit that many objectives
imply inherent trade-offs (Fig. 17).

Across the corpus, reward specifications span a broad spectrum of
objectives, including classical PPC metrics (e.g., makespan, tardiness) as
well as additional targets beyond the core logistics target system (e.g.,
energy-related objectives). For consistent coding, we harmonized
semantically equivalent terms into unified categories (e.g., inventory,
storage, warehousing consolidated as inventory) and aggregated
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objectives that share the same mathematical basis (e.g., mean and
standard deviation variants of the same target). We then mapped each
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study’s main optimization objective to one of the four quadrants of
Wiendahl’s target system, schedule reliability and lead time for pro-
duction logistics performance, as well as processing costs and working
capital costs for production logistics costs. Objectives not directly rep-
resented in the Wiendahl framework were assigned to the additional
“other” category (e.g., energy efficiency, safety). Fig. 18 summarizes the
resulting distribution.

Production logistics performance objectives dominate reward design
in the reviewed literature, with delivery-time related metrics appearing
most frequently. Makespan is the most prevalent single objective and is
used as a productivity proxy in 59 SOO and 33 MOO formulations. Its
frequent use is consistent with its well-defined mathematical structure
and its compatibility with standard scheduling and dispatching bench-
marks. At the same time, the strong reliance on makespan concentrates
the learning signal on aggregate completion performance and can
underrepresent variability-sensitive phenomena such as flow-time
dispersion and stochastic delays. Delivery reliability, in 49 case
studies operationalized through tardiness minimization, forms the sec-
ond major class of performance-oriented objectives.

Process-cost and capital-cost objectives are rarely used as stand-
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alone optimization targets. Within process costs, resource utilization is
the most common metric with 19 applications, but it is predominantly
embedded in multi-objective rewards rather than treated as a primary
reward. Similarly, working-capital related targets such as WIP and in-
ventory reduction are mainly introduced as additional terms in MOO
formulations. This pattern mirrors the classic trade-off in production
logistics between high utilization and low WIP and shows that cost-
oriented objectives are typically represented as balancing terms rela-
tive to time-based performance goals, rather than as independent
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optimization drivers.

Beyond the target system quadrants, the smaller “other” cluster
captures energy-related metrics, safety constraints, and robustness-
oriented criteria. These objectives are commonly integrated via addi-
tive terms in MOO rewards, indicating an expansion of reward formu-
lations toward constraints and externalities that extend beyond
traditional throughput and due-date performance. After characterizing
which targets are optimized, we analyze how conflicting objectives are
coordinated in MOO settings. Fig. 19 provides a taxonomy of coordi-
nation mechanisms used to operationalize trade-offs within reward
design.

A recurring pattern in MOO reward design is the need to distinguish
coordination from reward shaping. Coordination defines how conflict-
ing targets are prioritized, for example the intended trade-off between
WIP and throughput. Shaping refines the learning signal to support
convergence, for example by densifying feedback, without changing that
preference structure. In many reviewed studies, both are combined but
not reported separately, which reduces transparency and limits
comparability across approaches.

Against this background, we analyze how studies coordinate con-
flicting targets in MOO settings. Across the 93 identified MOO ap-
proaches, the four coordination archetypes linear scalarization,
hierarchical or sequential logic, Pareto-based optimization, and implicit
reward engineering are observed. Linear scalarization is the dominant
standard and is implemented primarily via weighted sums, covering
81% of the reviewed MOO literature. The remaining approaches appear
as specialized alternatives. Hierarchical or sequential logic separates
objectives structurally, Pareto-based methods approximate trade-off
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surfaces explicitly, and implicit engineering embeds compromises
through problem formulation or indirect signals rather than explicit
additive aggregation. Notably, advanced reward specification para-
digms based on iterative human feedback or behavioral inference, such
as human-in-the-loop methods or inverse reinforcement learning, are
not represented in the analyzed production logistics papers, indicating
that reward design is predominantly defined by human process experts
rather than feedback calibrated.

4.4. Environment analysis — maturity assessment

The training environment determines the production logic, con-
straints, and information structure an RL agent is exposed to during
learning. This section reports the reviewed literature along physical
production scenario types with their structural characteristics, and
implementation maturity levels for industrial adoption.

4.4.1. Classification of production scenarios and implementation contexts
To define the operational scope of the reviewed studies, we classify
case studies by production scenario type (Fig. 20). The scenario
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categories capture key structural constraints such as routing flexibility,
machine order, resource coupling, and buffer limitations that shape the
environment dynamics and the resulting control problem.

The distribution shows a strong concentration on JS and FS envi-
ronments. JS configurations represent the largest cluster with 123
identified cases. These environments typically combine flexible routing
or alternative resource choices with sequencing constraints and sto-
chastic processing dynamics, and they are frequently used to study
operational decision-making under high combinatorial complexity. FS
configurations constitute the second-largest cluster with 50 case studies.
These environments emphasize stage synchronization and throughput
stability, and they commonly incorporate constraints such as bottleneck
shifts, mix restrictions, and sequence-dependent setup effects.

Beyond JS and FS, 11 case studies investigate matrix or modular
layouts. Notably, all identified matrix scenario studies employ MARL
architectures. In these environments, the control problem is formulated
around decentralized routing and localized decision-making across
modular resources. Finally, 16 studies focus on single-system configu-
rations. In this review, a single-system refers to a solitary processing
stage, such as a single machine or an isolated bottleneck station,
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operating independently of upstream or downstream routing con-
straints. These cases typically isolate a limited subset of environment
dynamics and decision mechanisms and are used as simplified evalua-
tion contexts alongside more complex shop-floor scenarios.

To provide a more granular view, we decompose the JS and FS
scenarios into specific architectural variants (Table 2). Variants are not
mutually exclusive as a study may be counted in multiple modifier
categories. Within JS, 61% of studies focus on FJS configurations. These
settings typically require joint decisions on sequencing and machine
assignment across parallel resources. Within FS, hybrid and flexible
variants represent a prominent share of the identified cases, reflecting a
continued emphasis on flow-oriented systems with additional routing or
stage flexibility. Distributed variants appear only infrequently in both JS
and FS, and reentrant variants also remain a small subset of the reviewed
corpus. Reentrant systems, in which jobs revisit the same workstation
multiple times, are particularly relevant for high-precision industries
such as semiconductor manufacturing. From a modeling perspective,
these environments introduce repeated processing loops and longer
decision dependencies compared to standard shop configurations. In the
reviewed literature, however, only a limited number of studies
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implement reentrant variants, indicating that most evaluations are still
conducted on non-reentrant shop structures.

4.4.2. Maturity levels and the sim-to-real gap

To assess readiness for industrial adoption, we classify the reviewed
literature into four maturity levels based on the training and testing
environment: (1) pure simulation with synthetic data, (2) simulation
with real industrial data, (3) hybrid testing in simulations and physical
testbeds, and (4) full industrial implementation. Fig. 21 summarizes the
distribution of these levels across the reviewed studies.

Approximately 87% of studies remain at Level 1. These approaches
typically use synthetic data to support initial concept validation and
algorithm refinement without requiring real system connectivity.
Implementations frequently combine standard RL libraries (e.g., Gym-
nasium) with custom DES environments. Of the 68 publications that
specify their simulation environment, 21 mention SimPy [54,59,74,79,
109,126], followed by Tecnomatix Plant Simulation with 13 mentions
[43,46,50,81,121,133,134,198].

Level 2 is adopted by around 10% of approaches and integrates real
industrial data to increase behavioral fidelity. Across the reviewed
corpus, three recurring patterns are observed. First, operational datasets

6%

4%\

u [inear scalarization
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m implicit reward engineering

Fig. 19. Taxonomy of MOO Coordination Mechanisms in PPC (N = 93).
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Fig. 18. Main optimization objectives (clustered based on Fig. 17).
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Table 2

Distribution of variants within JS and FS scenarios.
Variant Dimension JS (n =123) FS (n = 50)
base only (no modifiers) 43 (35%) 24 (48%)
flexible (F) or hybrid (H) 75 (61%) 19 (38%)
distributed (D) 6 (5%) 3 (6%)
reentrant (R) 10 (8%) 3 (6%)
permutation (P) 0 (0%) 6 (12%)

Level 3: 3% Level 4: 0%

Level 2: 10%

Level 1: 87%

m Level 1 - simulations with synthetic environment data

Level 2 - simulations with (partially) real industrial data
m Level 3 - hybrid testing in simulations and physical testbeds
m L evel 4 - full industrial implementation

Fig. 21. Maturity level for industrial real-world application (N = 196).

are used to model shop-floor challenges in sectors such as automotive
[85,89], assembly [62,81], pharma [28], and shipyards [124,187].
Second, energy-related datasets are used to train energy-aware agents,
incorporating electricity pricing [47,202], photovoltaic availability
[147], energy consumption [148], or stochastic energy rationing
schedules [216]. Third, some studies integrate business-system data,
including historical ERP data [156] or broader production datasets
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obtained from manufacturing partners [54].

Only about 3% of studies reach Level 3, where agents are evaluated
in hybrid setups that connect simulation-trained policies to physical
testbeds. These studies employ explicit integration layers that enable
interaction with industrial hardware via standardized instruction pipe-
lines. Reported enablers include industrial operating systems (for
example FabOS) [129], edge computing nodes (IPCs) [205], and
REST-based microservices [173] for interfacing with PLCs, AGVs, and
robots. Safety and feasibility constraints are implemented through
mechanisms such as action masking to avoid infeasible actions [173] or
hyper-heuristics as an additional safety layer [129]. Several Level 3
studies also report transfer-oriented techniques, including two-stage
transfer-learning and pre-training on benchmarks before physical
deployment [141,164], as well as GNN-based representations to handle
varying workstation configurations [141]. Where reported, real-time
constraints require sub-second inference latency to meet the timing
demands of physical hardware [164].

No identified studies demonstrate Level 4 industrial deployment in
which an RL agent autonomously controls a live production system with
continuous closed-loop feedback over sustained operation.

4.5. Performance analysis — comparison with benchmarks

The reviewed studies assess RL agent performance by benchmarking
against established baselines, most frequently dispatching rules and
heuristic policies, and less frequently optimization methods, human
planners, or existing industrial practices. Reported improvements are
study-specific and reflect heterogeneous instances, objectives, and
baseline configurations. Values are therefore summarized as reported
rather than normalized.

4.5.1. Benchmarking against dispatching rules and heuristics

Benchmarking against dispatching rules and heuristics is the most
common validation approach in the reviewed literature. Baselines
frequently include FIFO, SPT, LPT, and EDD. Reported improvements of
RL-based approaches cover multiple objective types. For flow and time
related objectives, studies report makespan reductions of 7% compared
to SPT and LPT [27], throughput increases of 13.9-21% compared to
FIFO and other practical dispatching rules [84,127], and lead time re-
ductions of up to 63% [84]. Under disruption conditions such as ma-
chine failures, one study reports a slightly higher mean throughput rate
compared to a nearest job first heuristic [221]. For delivery reliability,
tardiness reductions of 4-12% relative to EDD and SPT are reported
[75]. For cost-oriented objectives, one study reports profit increases of
up to 7.3% through reduced penalty costs [131], and another reports
total cost reductions of 20% compared to the best static or random
planning heuristics via overtime scheduling decisions [154]. A recurrent
mechanism in this benchmark class is the use of RL-based hyper--
heuristics, where the agent selects among dispatching rules conditional
on the system state. In this context, adaptive rule selection outperforms
composite rules in 83.7% of test instances [111] and achieves lower
makespans than any single-rule strategy in the reported experiments
[96].

4.5.2. Benchmarking against metaheuristics and optimization solvers

A smaller subset benchmarks RL against metaheuristics (e.g., GA, SA)
and exact solvers (e.g., CPLEX, Gurobi). Across these comparisons,
studies report substantially lower runtime for trained RL policies, e.g.
4.59 sin [137] and “few” seconds in [57]. In comparable settings, GA or
intelligent search is reported to require more than 1000 seconds or up to
51 min. One MARL system produced a production plan in 84 s, while a
comparable SA method required three hours [147].

Several studies report that lower runtime does not necessarily coin-
cide with lower objective performance. Improvements up to 46.3% over
GA and Particle Swarm Optimization are reported in high-complexity
scenarios [213]. Feasibility outcomes are also reported explicitly. In
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one study, a PPO agent achieved a 100% feasibility rate across trials,
whereas GA failed to find feasible schedules in 38% of cases [123]. Other
comparisons emphasize a quality-time trade-off, such as 98% of SA so-
lution quality at 2% of the computation time [55], or similar solution
quality with considerably lower computational cost [138].

Against exact solvers, studies report strong performance for tools
such as Gurobi and CP-SAT on small instances, with runtimes increasing
as instance sizes grow [52,148]. In contrast, RL agents are reported to
maintain low-latency execution while reaching 93-100% of CPLEX
performance as instance size increases [70]. Finally, hybrid configura-
tions integrate DRL into GAs to guide or improve search performance
[54].

4.5.3. Benchmarking against human experts and industrial practice

Several studies benchmark RL agents against human planners, his-
torical operational decisions, or manual planning baselines. Across these
comparisons, reported improvements cover core logistics KPIs. Exam-
ples include a 24.2% throughput increase over conventional scheduling
protocols [85], a 20% increase in production line utilization [27], and a
19.6% improvement in workload balancing compared to manual plan-
ning [187]. In addition, one study reports 5% total cost savings when
comparing RL-based decisions to historical decisions from experienced
planners [173].

Beyond outcome KPIs, some contributions quantify development
effort. One study reports that a Double DQN agent reduced total
development time from 40.4 h to 3 h by learning autonomously [113],
indicating that RL can reduce reliance on manually crafted decision
logic. Complementary evidence shows that sufficiently trained agents
can match the performance of human students when applying complex
heuristics to scheduling problems [31]. Collectively, these benchmarks
document that RL policies can be competitive with, and in several set-
tings exceed, human-derived or historically used decision baselines.

4.6. Research gaps analysis — proposed future research needs

Despite clear progress in applying RL to PPC, the literature highlights
significant research gaps that require future attention. This section an-
alyzes these needs by clustering them according to the components of
the RL framework (Fig. 1). We supplement this structure with two
overarching categories, “evaluation and transparency” and “other”
(Fig. 22).

4.6.1. Future research — environment

Future research requirements for the RL environment focus on
increasing fidelity to bridge the persistent sim-to-real gap, primarily
through expanded systems complexity and seamless model integration
(Fig. 23).

First, the literature emphasizes dynamic systems and uncertainty
modeling, including resource volatility such as stochastic machine

state environment
5% 29%
action
8%
evaluation &
transparency
11%
agent
reward 28%
12%

Fig. 22. Research directions for further RL development in PPC (N = 380).
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breakdowns or deterioration [33,46,60,65,66,82,84,111,112,128,148,
169,178,206]. Parallel needs target demand and order fluctuations,
including dynamic job arrivals, rush orders, and cancellations [33,52,
66,82,105,116,148,154,166,169,180,206], as well as fluctuating de-
mand levels [72,136,153]. Additional calls address higher operational
variability through uncertain processing times [33,46,52,65,66,111,
112,165], increased product variety [86,138,168], energy-related
volatility such as price fluctuations [47,72,202], and other external ir-
regularities [45,178,204].

Second, the literature calls for expanded structural complexity and
broader scenario coverage, including more flexible production scenarios
[47,57,221], semiconductor manufacturing [86], open-shop tasks
[138], and multi-line variety production [186]. Scaling these models
from single lines to full factory and supply chain representations remains
a significant frontier [58,108,133,140]. This expanded operational
scope requires integrating specialized logistical factors such as AGVs and
inter-work cell coordination [220], tool management, and constrained
buffer capacities [186], as well as adjacent processes like site transport
[75] and final assembly [53].

Third, future work statements repeatedly emphasize validation and
integration pathways that test generalizability, robustness, and scal-
ability in real-world physical production systems [27,113] and real
operational environments [55,126,127,130,138,160,186,190]. Upscal-
ing applications to handle industrially relevant complexities, such as
systems with more than 20 stations, is identified as a vital prerequisite
for industrial acceptance [121]. To support this transition, the literature
frequently proposes the integration of RL agents into digital twin
frameworks. These frameworks serve as key enablers by providing
essential connections to real-time data from manufacturing operations
systems, decision support tools, and fleet management software [27,
113,136,145].

4.6.2. Future research — agent

The agent-centric research needs reported in the reviewed literature
primarily target advancing algorithmic foundations, learning efficiency,
and model architectures (Fig. 24).

A frequently stated direction is the extension beyond traditional
value-based baselines [47,57,105,111,112,168,178]. Multiple studies
explicitly call for broader evaluation of policy-based methods, including
PPO [30,33,34,92,111,112,151] and TRPO [30,57,111,192]. In addi-
tion, authors propose increased attention to algorithms supporting
continuous action spaces [58,82] and to hybrid paradigms that combine
RL with complementary optimization methods, such as game-theoretic
mechanisms, metaheuristics, or hyperheuristics [30,92]. Several pa-
pers further emphasize the need for systematic benchmarking of less
frequently used algorithms, including A3C [33,57,92,111,155,192],
DDPG [34,92], and TD3 [192].

A second cluster of research needs addresses the learning process,
with calls to improve training speed, robustness, and generalization for
large-scale instances [44,73,135,151]. Proposed means include parallel
and distributed training [54,121,218,219] and the wuse of
transfer-oriented learning frameworks, such as meta-learning [135,
181], transfer-learning [58,73], and representation learning via
autoencoders for varying state spaces [58].

A third cluster focuses on model and agent architectures to accom-
modate heterogeneous inputs and changing system structures. Sug-
gested directions include advanced deep learning designs [152,197],
such as GNNs [162,170], recurrent networks [128,132], and convolu-
tional layers [149,165], to support variable-sized inputs and evolving
layouts [28,66,95,179]. Emerging proposals also include collaborative
computation concepts (e.g., swarm intelligence) [197] and automated
architecture search [149].

Finally, multiple studies highlight the expansion toward multi-agent
formulations to address cooperative or competitive dynamics [69,74,
101,181]. Related needs include hierarchical structures [53,155],
specialized agent roles for sequencing and multi level planning [77,82,
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121], and scaling architectures to production-line or multi-facility set-
tings [173]. In parallel, several papers identify hyperparameter selection
as a recurring methodological challenge and propose moving from
ad-hoc tuning toward systematic refinement via sensitivity analysis
[165] and automated tools like AutoKeras [82], aiming for more pre-
dictable configurations across scenarios [43,49,129,152,215].

4.6.3. Future research — reward

Research need statements related to reward design focus on broad-
ening optimization objectives and refining the structural design of the
reward function to enhance agent performance (Fig. 25).

The literature calls for broader objective definitions that extend
beyond makespan [33] and tardiness [73,92]. This includes reward
components for plan robustness under operational disruptions [170]. A
second recurring direction is the integration of cost and resource-related
objectives, such as machine utilization [33,73,175], production costs
[111,112,178], and labor or inventory expenses [147]. Sustainability is
increasingly emphasized, with studies proposing environmental objec-
tives such as energy consumption [33,111,112,139,178], carbon emis-
sions [90], and waste or water reduction [139] as explicit reward
components.

A second cluster of research needs targets the reward function
structure. Several studies propose tailored reward functions informed by
historical production data [29,96,99,103,117,119,125,135,179,218,
219]. Managing conflicting objectives is frequently highlighted through
calls for improved weight calibration [49,130] and for MOO structures
[137,199]. Additional statements emphasize the need for more dynamic
reward mechanisms, including context-sensitive formulations that adapt
to changing production conditions [165] and ranking-based approaches
to prioritize specific operational outcomes [151].

4.6.4. Future research — evaluation & transparency

Research need statements in this category primarily call for stronger,
more reproducible evaluation designs and improved transparency of
agent behavior (Fig. 26).

A recurring theme is more comprehensive evaluation to quantify
longer-term effects, including economic and sustainability-related out-
comes [30,31,39,96,125,145,155,162,191,207]. In addition, studies
frequently call for assessing generalizability across different production

objectives exploration
reward function optimization
0

5 10

systems [48,79,172,183,184] and adaptability to unseen or changing
shop configurations [45,47,49,55,59,126,153,154,156]. Several con-
tributions further suggest scenario-specific assessment formats, such as
techno-economic evaluations, to validate feasibility and value in
particular industrial contexts [130].

A second cluster concerns systematic benchmarking to enable more
comparable performance claims and to clarify where RL provides ad-
vantages. Beyond continued comparisons against classical heuristics and
metaheuristics [49,122], authors propose benchmarking against
advanced neighborhood-based scheduling methods [55] and against
specific order-release mechanisms to test robustness under alternative
control logics [153-155,192]. Some papers also advocate the develop-
ment of new benchmark heuristics tailored to RL evaluation needs [145,
190].

Finally, multiple studies highlight the need for explainability
mechanisms that make learned strategies and individual actions inter-
pretable in operational terms [59,123,171]. Proposed directions include
methods for interpreting higher level policy behavior and action level
explanations that support human review in high-stakes settings [32,79].

4.6.5. Future research — action space

Research need statements in the action space category emphasize the
expansion of decision tasks and the technical enhancement of the action
space (Fig. 27).

First, the literature calls for extending RL beyond traditional sched-
uling toward a broader set of PPC decision mechanisms, including order
release, employee allocation, capacity control, and AGV route planning
[43,77,114,163,180,185,218]. These statements frequently position the
scope expansion toward higher level functions such as inventory and
supply chain management. To enable such extensions, authors propose
hybrid control designs [120] and collaborative decision architectures in
which RL interacts with other optimization components [136]. Specific
coordination problems, for example transport resource planning are
highlighted [195]. Several papers also explicitly request action formu-
lations that remain applicable across varying production scenarios
without requiring full retraining [132].

Second, action space enhancement statements focus on refining de-
cision granularity and feasibility. Proposed directions include increasing
the number of available actions [33,34,122] and incorporating
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Fig. 25. Distribution of research needs in the area of reward.
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industry-oriented dispatching rule sets [117,118,205], alongside meth-
odological needs for coping with resulting high-dimensional action
spaces [171]. Continuous action spaces are discussed as a pathway to
more fine-grained control [55,202]. In addition, multiple studies high-
light the need for scalable state and action representations that are less
dependent on system-specific constraints [128], including locally
specialized action spaces aligned with local objectives [129]. Further
proposals include structured action designs such as tuple-based de-
cisions for lot sizing and scalable mechanisms for machine-specific tasks
[173,213].

4.6.6. Future research — state space

The literature calls for expanding state representations and
improving their practical suitability for industrial settings. Proposed
feature extensions include operational metrics such as buffer utilization
[29], workstation utilization and queue lengths [145], material trans-
portation time [179], and product condition information [190]. In
addition, several studies emphasize integrating maintenance-related
information and indicators of system reliability to better reflect real
operating conditions [69]. Beyond shop-floor signals, authors propose
incorporating economic and planning-relevant inputs, including trans-
portation costs [65], price fluctuations [69], and demand forecasts
[171], to support higher level decision-making. Finally, a recurring di-
rection is the integration of sustainability-related state variables, espe-
cially energy consumption and the availability of green energy sources
such as wind or photovoltaic power [108,192].

5. Discussion

In the following section we discuss the results of this SLR by
addressing the research questions, interpreting findings in relation to
existing studies, and identifying study limitations. Overall, the evidence
indicates that while RL algorithms are increasingly aligning with in-
dustrial PPC requirements, the bottleneck for real-world deployment has
shifted to environment maturity, necessitating a future research focus on
end-to-end system engineering, safety assurance, and standardized sim-
to-real governance.

5.1. RQ 1 — What trends have recently emerged in the development and
application of RL agents in PPC?

To answer RQ1, we structure the discussion along with the agent,
action, and reward layers of the RL framework. The evidence suggests
consolidation toward deployment readiness. This includes action ab-
stractions that align with established PPC loops, and reward designs that
shift the bottleneck from algorithms to explicit preference governance
under industrial trade-offs.

5.1.1. Agent level trends
At the agent level, algorithm selection is increasingly driven by
robustness and reproducibility under stochastic shop-floor dynamics,
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along with practical control interfaces and standard toolchains. In par-
allel, research is shifting from centralized control toward decentralized
MARL architectures, reframing the core challenge from learning a single
policy to orchestrating coordinated decisions across coupled models. As
a consequence, coordination mechanisms, reward coupling, credit
assignment, and state information sharing become dominant scaling
constraints and shape how PPC problems must be formulated at the
decision-mechanism level. Finally, the limited use of model-based ap-
proaches is a signal of feasibility rather than a lack of interest. Realizing
this potential requires tractable abstractions, calibrated environment
models or learned surrogates, as well as safety-aware planning that re-
mains reliable under evolving routes, products, and equipment. This
shift redefines contribution value from algorithmic improvements to
maintainability and operational robustness under evolving factory
configurations.

5.1.2. Action level trends

At the action level, the evidence shows consolidation around deci-
sion mechanisms that align with established PPC tasks and can be
evaluated with clear KPIs. Rather than introducing novel action for-
mulations, studies combine proven PPC logic with standard RL and
increasingly position RL agents as meta-controllers that select among
validated rules or policies. This hierarchical action design reduces action
space complexity, stabilizes training, and improves interpretability
under operational constraints, which makes it attractive for industrial
adoption. However, the literature reveals a capability gap in action
mechanisms requiring system-wide feasibility reasoning and cross-
horizon coordination. These mechanisms include availability verifica-
tion, multi-dimensional capacity control, and planning approval work-
flows. In these settings, limited state visibility, coupled objectives, and
oversight requirements increase the difficulty for observation definition,
safe learning, and evaluation. This explains the comparatively smaller
footprint of WIP regulation and continuous control actions (e.g., batch
size, energy, speed adjustment), which depend on context-specific tar-
gets and typically demand more sample efficient training procedures.

5.1.3. Reward level trends

At the reward level, the bottleneck has shifted from algorithm choice
to preference specification and multi-objective trade-offs. Most reward
designs deliberately optimize a narrow, KPI-centric portion of produc-
tion value because trainability and interpretability dominate design
decisions. This stabilizes learning, but it systematically underrepresents
financial and cross-functional objectives and leaves trade-offs implicit
and vulnerable to context shifts (e.g., mix changes, disruptions, and
energy constraints). Going forward, reward engineering should be
approached as a control-stack design problem by separating a strategic
layer that specifies preferences or constraints from a shaping layer that
improves learning without distorting intent. This enables context-
adaptive preference settings and constraint-aware formulations that
align agent behavior with operational risk tolerance and business pri-
orities. The practical implication is that reward reporting should adopt
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standardized templates (objectives, weights/constraints, shaping terms,
and sensitivity analyses) so policies that appear strong based on isolated
KPIs remain reliable under deployment-time trade-offs and distribution
shift.

5.2. RQ 2 - What progress have RL approaches made in implementing the
environment in real-world production systems?

To answer RQ2, we examine progress in realizing and integrating RL
environments for industrial PPC through environment maturity, sce-
nario selection patterns, and sim-to-real transfer governance. The evi-
dence suggests that the environment is the primary maturity gate for RL
in PPC. Overall, this is driven by realism gaps, infrastructure constraints,
and missing validation protocols, which explains why most work re-
mains limited to the simulator despite strong algorithmic results.

5.2.1. Environment maturity as the primary bottleneck

Throughout the literature, environments are primarily designed as
research instruments for algorithm development rather than as engi-
neered interfaces for industrial control. This is a rational posture in the
early phases because virtual environments enable rapid iteration,
controlled scenario design, and risk-free experimentation. However, this
approach creates a maturity ceiling. When noise, delays, missing data,
partial observability, and execution constraints are abstracted away,
policy performance becomes tightly coupled to simulator assumptions,
and strong results may reflect simulator fit rather than operational
robustness.

Progress toward realism is not a simple upgrade from synthetic to
real data. It requires an end-to-end capability stack that encompasses
consistent observation and event semantics, enforceable data quality
governance, and repeatable calibration pipelines that keep the envi-
ronment aligned with changing production logic. This dependency chain
explains why real industrial data connections and physical testbeds
remain rare. The limiting factor is as much organizational readiness and
cross-boundary data access as it is technical integration effort. A further
constraint is the fidelity complexity trade-off in environment design.
Large, highly coupled real-world PPC processes are difficult to model at
sufficient fidelity for training without making the environment itself
complex, slow to simulate, or costly to calibrate. This undermines
scalability and limits the agent’s ability to learn strategies that transfer
reliably to reality.

5.2.2. Scenario Bias and the Deployment Readiness Gap

Accordingly, studies favor replayable, easily parameterized envi-
ronment designs, which accelerates algorithm iteration but does not
necessarily translate into progress toward industrialization. These sce-
nario selection patterns reinforce this maturity signal. Research envi-
ronments are often chosen where RL can demonstrate visible gains over
simple baselines in the presence of combinatorial complexity and sto-
chastic disruption. While this approach supports a clear value narrative,
it leaves high-volume, high-precision, low-error-margin domains un-
derrepresented, despite their strategic importance. In such settings,
exploration risk is unacceptable, and the environment must provide not
only behavioral fidelity but also credible constraint satisfaction and
safety assurances before any real execution is considered. The current
underrepresentation is therefore best interpreted as a deployment
readiness gap, not a relevance gap.

5.2.3. Sim-to-Real Transfer and Infrastructure Requirements

A central opportunity is to further develop systematic transfer
governance. The limited set of near-real demonstrations shows that sim-
to-real is usually achieved through tailored engineering with case spe-
cific interfaces, safety layers, and validation choices. What is missing is a
reference process with comparable criteria that defines what evidence is
required to move from simulation to testbed and from testbed to live
operations. Without shared protocols, generalization remains difficult to
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benchmark and scale across plants.

Environment maturity is closely related to infrastructure maturity.
Industrial embedding requires a reliable real-time loop, stable interface
standards, explicit latency budgets, cybersecurity constraints, and
monitoring of failure modes. The operational challenge is less about
computing actions and more about ensuring timely observations,
feasible execution, and safe degradation under missing or inconsistent
inputs. This shifts environment engineering from a research artifact
toward a product architecture requirement. Once trained, RL is repeat-
edly positioned as an adaptive decision engine capable of delivering
high-quality actions under disturbances with low inference latency. This
capability becomes decisive when classical optimization cannot be rerun
frequently enough at scale. The industrial value proposition is therefore
centered on near real-time, disturbance-aware control, not on marginal
offline optimality.

Taken together, these findings indicate that transfer readiness is
primarily an environment engineering and governance challenge,
consistent with prior observations by Panzer & Bender [10], Rolf et al.
[11], and with challenges encountered in other RL application fields
[222]. This motivates the cross-cutting gaps and research agenda syn-
thesized in RQ3.

5.3. RQ 3 — What are the key research needs and gaps for deploying RL in
PPC?

To answer RQ3, we synthesize the reported barriers to industrial
adoption from the literature and translate them into an actionable
research agenda. The research gaps analysis in Section 4.6 catalogues
future research needs (environment fidelity, agent algorithms/archi-
tectures, expanded state/action spaces, reward design, and evaluation
transparency). Building on this, we first consolidate the recurring root
causes behind the sim-to-real transfer barrier. Then, we derive system
engineering priorities that can transition RL in PPC from prototypes to
deployment-grade control.

5.3.1. Research Gaps

The transfer barrier is not caused by the absence of a single
component. Rather, it results from a series of closely interrelated socio-
technical causes spanning data accessibility and semantic instability, IT/
OT integration complexity, safety assurance and accountability under
exploration, and human-machine collaboration. An additional evalua-
tion bottleneck compounds these issues by limiting the field's ability to
measure, compare, and communicate progress systematically.

A root cause for the development of training environments is data
accessibility and semantic instability, which directly constrains the
derivation and maintenance of training environments. PPC environ-
ments have heterogeneous state and event semantics across production
control systems (e.g., ERP, MES, SCADA), and equipment controllers.
The available logs reflect operational reality rather than curated
research datasets. This makes it difficult to define transferable obser-
vation representations, validate rewards against business outcomes, and
reproduce experiments across sites. In practice, access is further con-
strained by ownership boundaries, cybersecurity requirements, and the
effort required to extract, clean, and align operational histories. The
complexity of integrating IT and OT levels complicates data provision
and model integration. Heterogeneous interfaces, site-specific archi-
tectures, and strict latency and reliability requirements make environ-
ment integration and policy execution hard to transfer and resource
intensive to maintain. Safety assurance and accountability under
exploration is a further gap, which is critical in high-stakes, low-error-
margin environments. Trial and error learning can be economically
unacceptable and may violate hard operational constraints. This shifts
the research problem from learning performance to assurance. Industrial
stakeholders need a safety case with evidence of constraint compliance
and predictable behavior under disturbances, sensor noise, and rare
events.
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Beyond these structural causes, an emerging requirement is human-
and operator-aware control. In addition to processing and machine data,
other information is relevant for a full understanding of the system. This
includes operator skills, fatigue, shift schedules, and guidelines for
manual override as part of the RL state, scope of action, or reward
structure. This gap is becoming increasingly relevant in contexts where
human-centricity, resilience, and workforce constraints determine
feasibility and acceptance. Deployment-grade PPC therefore requires
shared autonomy, governance, and responsibility at the human-machine
interface.

Finally, an evaluation bottleneck limits cumulative progress.
Comparability remains weak because environments, metrics, distur-
bances, baselines, and reporting practices vary widely, making it diffi-
cult to distinguish methodological advances from favorable scenario
design. Without shared benchmarks, reporting templates, and robust-
ness protocols, generalization claims remain narrative and deployment
decisions lack a consistent evidence basis.

5.3.2. Research Agenda

To close the identified gaps, the field should prioritize system engi-
neering for industrial readiness, without neglecting algorithmic and
methodological advances that improve robustness, safety, and learning
efficiency. The following agenda translates the analysis into specific
research goals and follows the deployment pipeline from environment
generation and integration, to validation and governance, to human
adoption and scalable application.

(1) Automated, Scalable Learning Environments for Complex
Production Systems: To effectively train RL agents in these
systems, we need methods and procedures that provide learning
environments with reasonable effort and sufficiently accurate
reflection of relevant real-world dynamics. This requires consis-
tent fidelity—complexity governance. The environment must be
realistic enough to enable transferable strategies while remaining
modular, maintainable, and computationally efficient to ensure
scalable training and iteration. A key factor is the automated
derivation and maintenance of RL learning environments from
real production data, including semantic layers (data and event
semantics), model derivation, calibration, drift detection, and
recalibration.
Reference Architectures and Sim-to-Real Guides for Trans-
ferable RL Systems: Reference architectures should standardize
the interfaces between the learning environment, decision model,
and execution level. This includes clearly defining real-time and
latency requirements, cybersecurity and monitoring interfaces,
and technical operating agreements, such as data formats, update
frequencies, and fallback mechanisms. These standardizations
make RL system designs transferable across sites and reduce the
effort required for case- or plant-specific IT/OT integration so-
lutions. Additionally, reference guides should operationalize the
transfer from simulation to reality by combining standardized
stress tests (e.g., layout changes, demand fluctuations, distur-
bances, sensor noise, and constraint violations) with repeatable
procedures for calibrating and recalibrating the environment.
(3) Operationalized Deployment and Benchmarking Infrastruc-
ture: Stage gates should specify the minimum requirements for
transitioning from simulation to testbed, from testbed to shadow
mode, and from shadow mode to live operation. These criteria
can serve as standardized templates for assessment and reporting,
as well as reference benchmark suites that enable the repeatable
comparison of PPC tasks, scenarios, and sites. This development
provides industry with a clear framework for deciding whether to
implement RL projects, assists with testing and change manage-
ment (versioning, rollback, and monitoring), and helps convert
generalization claims into deployment decisions.
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(4) Employee integration and trust as design goals (human-in-
the-loop): Future research should emphasize the integration of
employees in the introduction of RL systems and building trust as
independent design goals. This includes systematically trans-
ferring implicit experiential knowledge into model development.
It also includes integrating workforce availability, qualification,
and deployment restrictions into appropriate state representa-
tions. At the same time, RL systems should enable shared au-
tonomy by providing explicit override, approval, and escalation
mechanisms, rather than relying exclusively on autonomous
decision-making. Evaluations of these approaches should include
not only logistical KPIs but also work-related outcomes such as
workload, stability of task distribution, intervention/override
rates, and trust in automated recommendations. This closes the
gap between humans and machines, positioning RL as a collab-
orative decision-making tool rather than a fully autonomous
controller. Transparent and traceable decisions are required so
that human decision-makers can review, validate, and take re-
sponsibility for the RL control strategy.

Expanding the Range of PPC Tasks and Scaling Hierarchical
MARL Systems: Another key research focus is gathering experi-
ence across the entire range of PPC tasks and evaluating RL for
both established and new control mechanisms. This includes
tasks and mechanisms that are currently only partially feasible
due to technical, or organizational restrictions but could become
feasible in the future thanks to improved data availability, system
integration, and RL assistance concepts. At the same time, we
should investigate hierarchical approaches and large-scale MARL
more closely to robustly orchestrate coordinated decisions across
coupled resources and time horizons. However, this scaling re-
quires safety assurance and operational monitoring to remain
primary design goals. For MARL systems, verifiable compliance
with constraints and predictable behavior under uncertainty are
critical to success and trust. Therefore, exploring new tasks and
mechanisms must consistently involve assurance-oriented vali-
dation, constraint handling, and continuous monitoring.

(5)

In sum, the central research need is a transition from isolated policy
performance toward end-to-end operational capability. The most valu-
able future contributions will define and validate repeatable transfer
guides and governance criteria that make RL systems portable, audit-
able, and safe under real production variability. This is the pathway
from isolated demonstrations to scalable deployment programs across
plants and sectors.

5.4. Limitations

Although this SLR was conducted using systematic methods, it is
subject to certain limitations. First, limitations in our review process
include the potential for missed papers due to the specific search terms
and databases used. Another factor is subjectivity in study selection, as
inter-rater reliability was not formally assessed. Including both journal
articles and conference papers may introduce bias regarding the rigor of
the findings. Since positive results are more likely to be published,
publication bias is another potential limitation.

Second, significant limitations arise from the heterogeneity of the
primary literature itself. We found that varying levels of detail in
methodological descriptions, coupled with diverse evaluation metrics
and test conditions, complicated direct comparisons across different
approaches. This lack of standardization makes it difficult to draw
overarching conclusions about the added value of specific RL models.
Furthermore, our qualitative analysis revealed thematic overlaps where
single studies influence multiple research areas, which could potentially
distort the absolute numbers presented in our findings. Future reviews
could address these limitations through broader database coverage and
by incorporating additional sources, such as expert interviews, to enrich
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the analysis.
6. Conclusion

This SLR of 196 publications from 2018 to 2024 shows that RL in PPC
is progressing from early proof-of-concept studies toward deployment-
oriented agent designs, compatible action representations, and more
explicit handling of industrial trade-offs. The trend is reflected in the
shift from dominant DQN-based approaches toward stability-oriented
on-policy approaches (e.g., PPO), alongside growing interest in MARL
for decentralized production settings. At the same time, industrial
maturity remains limited. Most contributions are validated in simulator-
centric setups, and only a small share moves toward physical testing or
sustained operational embedding. Taken together, these findings sug-
gest that the bottleneck has moved from demonstrating that RL can
optimize isolated PPC KPIs to engineering transferable and governable
control stacks. Closing the sim-to-real gap will require higher-fidelity
environments, standardized and transparent evaluation protocols, and
safety and assurance mechanisms that enable trustworthy integration
into real-time PPC loops.

In line with the discussion, environment maturity is a primary gate
for further progress. First, future work should deliver automated, scal-
able learning environments derived from and maintained by production
data with explicit fidelity complexity governance. Second, it should
establish reference architectures and sim-to-real transfer guides that
standardize the interfaces between the environment, policy, and
execution. Third, it should develop benchmarking and evaluation
infrastructure with standardized reporting and robustness protocols.
Fourth, human-in-the-loop deployment and trust-by-design should be
treated as core requirements through shared autonomy, auditability,
and clear operational governance. Finally, it should expand the range of
PPC tasks while scaling hierarchical MARL under robust validation,
verifiable constraint handling, and continuous monitoring.

For practitioners, these findings indicate that RL is not yet a general-
purpose solution for broad PPC rollout. Its near-term business case is
strongest in narrowly scoped, disturbance-driven control loops where
rapid, repeated re-optimization is required and classical optimization
cannot be run reliably within the available decision latency. We there-
fore recommend based on patterns observed a staged adoption pathway
aligned with transfer governance. Start with decision support in simu-
lation, progress to shadow mode with offline/online monitoring, then
supervised operation with human override, and only then consider
limited autonomous control for well-bounded tasks. Across all stages,
success depends on a production-grade environment interface,
evidence-driven robustness validation under realistic variability, and
clearly defined stage gates and operational acceptance criteria co-
developed with shop-floor and PPC domain experts.
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