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Abstract
To enhance the reliability and efficiency of complex industrial systems, it is critical
to adopt approaches that transcend traditional reactive and preventive maintenance
methods. Prescriptive maintenance, by leveraging advanced artificial intelligence
(AI) techniques to recommend and optimize specific maintenance actions before
failures occur, has emerged as a vital strategy for modern industries to reduce down-
time and operational costs. In this context, Deep Reinforcement Learning (DRL)
has demonstrated significant potential in prescriptive maintenance tasks, enabling
autonomous optimization of maintenance strategies through self-learning and adap-
tive decision-making. However, in real-world factory maintenance scenarios, DRL
models frequently face challenges like cold-start problems, imprecise judgments, and
a lack of flexibility in complicated dynamic contexts. These challenges prevent them
from being widely used in complicated and highly dependable systems.

To address these limitations, this paper proposes an innovative smart maintenance
framework that effectively combines cutting-edge Large Language Models (LLMs)
with DRL approaches. The framework leverages the powerful capabilities of LLMs
in domain knowledge comprehension, semantic reasoning, and knowledge transfer to
convert complicated, real-time, structured maintenance data into high-dimensional
state representations that DRL models can easily use. The LLMs provide the DRL
agents with rich previous knowledge and decision support by automatically extract-
ing important attributes and identifying possible failure patterns.

We conducted a case study at a lab-scale drone manufacturing plant, and the re-
sults showed that the proposed framework significantly improved the accuracy of
smart maintenance decisions. Compared with previous studies[1], the average re-
ward of traditional deep reinforcement learning algorithms was 0.65, while after
introducing large language models, the average reward steadily increased to 0.82. In
addition, fluctuations in the early stages of learning were markedly reduced, result-
ing in a smoother overall training process. Furthermore, we designed multiple sets
of cross-experiments with different DRL algorithms and LLM models, all of which
outperformed those in previous studies[1], further validating the effectiveness and
generalizability of the proposed framework.

The LLM-DRL integrated smart maintenance framework presented in this study
not only refines and improves smart maintenance decision-making but also aligns
with Industry 4.0’s broader objectives of operational efficiency, flexibility, and sus-
tainability. Our research provides new theoretical and technological perspectives for
advancing maintenance intelligence, enabling greater autonomy, improved general-
ization, and broader industrial applications.
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1
Introduction

1.1 Problem Description

As Industry 4.0 progresses, the maintenance paradigm in manufacturing is increas-
ingly evolving toward smart solutions. In this context, prescriptive maintenance
has become an important area of exploration in modern manufacturing. Unlike
traditional preventive or predictive maintenance, prescriptive maintenance not only
predicts potential failures but also provides specific recommendations and mainte-
nance actions to prevent them. This proactive approach is crucial for minimizing
downtime, reducing operational costs, and extending equipment lifespan[3].

To fully harness the potential of prescriptive maintenance, there is a growing demand
for AI-driven digital twin solutions[4]. These systems integrate artificial intelligence
and machine learning to transform digital twins from static models into dynamic,
self-optimizing frameworks. AI techniques enable digital twins to learn from ob-
served behavior and historical data, dramatically improving data analysis efficiency
and prediction accuracy[5]. These intelligent systems can process large volumes of
real-time data, learn from it, and autonomously generate actionable maintenance
strategies based on the current state of equipment and production environments.
By integrating AI with digital twins, manufacturers can achieve a closed-loop main-
tenance system that continuously adjusts and improves maintenance decisions, en-
suring optimal production efficiency in complex industrial settings[1].

Deep Reinforcement Learning (DRL) serves as a pivotal AI methodology within
digital twin ecosystems, enabling dynamic optimization of maintenance workflows.
DRL combines reinforcement learning—where agents learn behaviors through it-
erative trial-and-error interactions with dynamic environments—with deep neural
networks to handle complex state spaces and learn policies for sequential decision
tasks. Through continuous interaction with digital twin simulations, DRL agents
leverage adaptive reward mechanisms to prioritize maintenance tasks, demonstrating
significant improvements over traditional empirical decision-making approaches[1].
Furthermore, DRL models can accurately predict the remaining useful life of critical
components, demonstrating superior performance compared to other state-of-the-
art methods[6]. The integration of DRL with digital twins creates a self-improving
system where maintenance strategies continuously evolve based on real-world equip-
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1. Introduction

ment operational patterns, providing dynamic optimization capabilities for indus-
trial intelligence strategies.

Meanwhile, AI technology frameworks are undergoing revolutionary advancements,
particularly marked by breakthroughs in the field of generative AI. The develop-
ment of LLMs, like Google’s BERT and OpenAI’s GPT series, represents a signifi-
cant advancement in the field of natural language processing (NLP). With the aid
of increasingly potent computational resources and sophisticated algorithms, LLMs
have proven to be exceptionally proficient at contextual comprehension, question an-
swering, and content generation[7]. With their strong logical reasoning, knowledge
transfer, and text-processing abilities, LLMs provide new opportunities for optimiz-
ing processes, enhancing efficiency, and driving innovation in manufacturing, greatly
facilitating the intelligent transformation of the sector[8]. At present, LLMs have
been widely integrated into Industrial Internet of Things (IIoT) and automation
systems to achieve knowledge-driven automation and intelligence in all aspects of
production, operations and management, bringing higher efficiency and innovation
to manufacturing[9].

However, AI-driven digital twin architectures still face many significant challenges
in their application to the manufacturing industry[10]. This is because the manufac-
turing environment is often highly specialized, complex, and constantly changing,
which places higher demands on the model’s comprehension, self-learning, and adap-
tive optimization capabilities[11]. Current solutions often struggle to efficiently in-
tegrate real-time operational data with advanced AI technologies (e.g., LLMs, DRL,
etc.) within a coherent and scalable framework that enables seamless collaboration
between physical and virtual systems[10]. Although LLMs show great potential in
semantic understanding, knowledge reasoning, and multimodal information integra-
tion, how to efficiently and effectively integrate these models with digital twins to
fully utilise the potential of digital twins in intelligent monitoring, predictive main-
tenance, and complex decision-making support is still an important topic that needs
to be addressed[12, 13].

1.2 Purpose and Aim
This study focuses on the critical challenge of efficiently leveraging real-time oper-
ational data and professional expertise to achieve prescriptive maintenance in com-
plex industrial environments. Traditional methods combining DRL and digital twins
struggle to dynamically integrate structured sensor data with unstructured expert
knowledge for formulating reliable maintenance strategies. Furthermore, such sys-
tems frequently face cold-start problems and exhibit low learning efficiency. This
research aims to bridge the gap between data-driven analytics and human-centric
decision-making. The purpose is to construct an adaptive system capable of continu-
ously transforming multimodal inputs, including real-time sensor data, maintenance
logs, and expert recommendations, into optimized prescriptive maintenance actions,
thereby overcoming existing limitations.

2



1. Introduction

The core objective of this study is to propose and validate an LLM-driven DRL-
digital twin decision framework to enhance prescriptive maintenance capabilities.
Building upon conventional DRL-digital twin systems, this framework leverages the
natural language processing capabilities of LLMs to convert unstructured expert
knowledge, maintenance manuals, and historical reports into actionable insights
for DRL agents, enabling context-aware decision-making. Through a case study
conducted at a lab-scale drone manufacturing plant, the effectiveness of this ap-
proach is demonstrated. The framework achieves superior performance compared
to traditional DRL-digital twin systems, delivering reliable intelligent decisions and
establishing a novel methodology for prescriptive maintenance practices.

1.3 Research Question
This thesis addresses the following key research questions:

RQ 1: How can LLMs convert real-time maintenance reports into valuable state
representations suitable for DRL algorithms?

This question explores how to effectively leverage state-of-the-art LLMs (such as
LLaMA, DeepSeek, or Phi) to process streaming structured text data (e.g., main-
tenance reports containing human feedback) and transform them into interpretable
numerical representations. Key considerations include how to design high-quality
prompt templates to effectively guide LLMs in analyzing report content; how to
design state variables that reflect the complex conditions of equipment; and how to
feed the generated results into the DRL agents.

RQ 2: How do different DRL models perform when trained with high-dimensional
state representations?

This question investigates the training performance and adaptability of mainstream
DRL models (such as DDQN, SAC, and PPO) when handling highly condensed
state representation data. Key considerations include analyzing each model’s ca-
pacity to extract important features from the state representations; comparing the
convergence speed and sample efficiency of various models under high-dimensional
inputs; and evaluating decision-making accuracy when influenced by information
generated from different LLMs.

1.4 Scope and Delimitation
This study focuses on the application of LLMs and DRL models in prescriptive main-
tenance for manufacturing systems. We conducted experiments in a drone assembly
laboratory and proposed an intelligent decision-making strategy for determining the
maintenance priorities of multiple assembly machines along the production line. The
digital twin model was implemented using factory simulation software, creating a
virtual environment based on real snapshots from the drone assembly lab. During
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1. Introduction

the experiments, the simulation software generated virtual equipment fault reports
in real time. The LLM extracted the latest dozens of entries from these reports for
processing, which were then used to enhance the DRL model. The generated report
information included equipment fault data automatically produced by the digital
twin model, combined with pre-collected fault resolution information and human
feedback. By integrating these diverse data sources with intelligent algorithms,
this study aims to further explore the topic of intelligent maintenance prioritization
within the field of prescriptive maintenance.

This study was conducted solely in a virtual simulation environment of a drone
assembly laboratory and does not include data from real factories or other types
of manufacturing systems. The experimental subjects are limited to certain assem-
bly devices on the production line and do not cover all equipment or other stages
of the production process. All LLMs used in this study are open-source models
from Huggingface (https://huggingface.co/models), and proprietary models such as
ChatGPT and Gemini are not included. This study focuses only on smart mainte-
nance decision-making in manufacturing and does not cover other aspects such as
economic benefits, environmental protection, or ethical issues.

1.5 Thesis Outline
The structure of this report is as follows: Section 2 presents the theoretical back-
ground, introducing the main technologies used in this study and their underlying
principles. It also discusses the relevant literature that supports the thesis. Section
3 provides a detailed description of the design of the algorithms used in this study,
along with the experimental methods adopted. Section 4 presents the research find-
ings obtained during the study and offers a discussion of these results. Finally, the
report concludes with a summary of the experimental outcomes and an outlook on
future research directions.
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2
Theoretical Background

2.1 Maintenance in Manufacturing
With the evolution of industry from the early days of Industry 1.0 to today’s era
of automation and data-intensive Industry 4.0, maintenance practices have also ad-
vanced significantly. Starting from reactive maintenance, the field has gradually pro-
gressed to preventive maintenance, evolved into predictive maintenance, and more
recently, has seen the growing application of prescriptive maintenance. Figure 4.3
shows the whole process of maintenance development.

2.1.1 Reactive Maintenance
In the early stages of industrial development, maintenance was primarily passive, a
practice known as reactive maintenance[14]. Its central feature is that maintenance
action is taken after a problem has arisen or the equipment has ceased to operate,
with the aim of restoring the equipment to its normal operating condition as soon
as possible. Such maintenance does not require the investment of maintenance
resources in advance and is suitable for non-core equipment[15].

Figure 2.1: The evolution of maintenance paradigms[?].
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2. Theoretical Background

2.1.2 Preventive Maintenance
Preventive maintenance is a proactive and systematic approach to preventing un-
planned breakdowns of equipment, machinery or assets and reducing unplanned
downtime through regular, planned inspections, maintenance and repairs. Specific
activities of preventive maintenance may include cleaning, lubrication, calibration,
parts replacement, and general inspections. These tasks are typically scheduled
based on time intervals (time-based maintenance), usage (usage-based maintenance),
or a specific operating condition (condition-based maintenance)[16]. By implement-
ing preventive maintenance, companies can reduce emergency repair costs, minimise
production interruptions, improve workplace safety and maintain consistent product
quality[17].

2.1.3 Predictive Maintenance
During the transition from Industry 3.0 to Industry 4.0, the continuous expansion of
industrial scale and rapid technological advancements have given rise to predictive
maintenance (PdM). Unlike traditional maintenance, which relies on pre-scheduled
inspections and servicing at fixed intervals, predictive maintenance seeks to intervene
before failures occur, thereby preventing unexpected downtime and potential losses.
The core idea of PdM is to collect operational data over time, monitor equipment
condition, and identify correlations and patterns that help predict and ultimately
prevent failures[18].

Most predictive maintenance applications utilize a variety of sensors and Industrial
Internet of Things (IIoT) devices to continuously gather and analyze data generated
during equipment operation. These data include, but are not limited to, vibration
patterns, temperature, oil condition, eddy current analysis, and operational logs.
By monitoring and analyzing these data streams in real time, the system can de-
tect early signs of performance degradation[18]. In some cases, sensor data may be
unavailable or insufficient for effective prediction; in such situations, event logs gen-
erated by the equipment can be analyzed. These logs record various status changes
and anomalies throughout the equipment’s operation, providing valuable informa-
tion for researchers to predict failures and optimize maintenance schedules[19].

With the advancement of AI and machine learning technologies, predictive main-
tenance has become increasingly intelligent and reliable. Advanced deep learning
algorithms can process high-dimensional, nonlinear time series data, capturing the
complex dynamics of equipment operation and identifying precursors to failures even
without explicit rules. Studies have shown that machine learning–enabled predictive
maintenance systems can achieve failure prediction accuracies exceeding 95% [18],
leading to a 30–50% reduction in unplanned downtime and a 20–40% decrease in
maintenance costs[20]. The adoption of predictive maintenance allows maintenance
teams to shift from traditional reactive or calendar-based interventions to more effi-
cient, condition-based proactive strategies. This not only helps reduce failure rates
and maximize asset up-time by improving reliability, but also optimizes operational
costs by lowering maintenance expenses and maximizing productive time.
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2. Theoretical Background

2.1.4 Prescriptive Maintenance
Industry 4.0 has not only greatly accelerated the widespread adoption of predictive
maintenance but has also driven the emergence of prescriptive maintenance[21, 22].
As the fourth stage in the evolution of maintenance strategies, prescriptive main-
tenance is characterized by a paradigm shift from passive response to proactive
intervention. Unlike earlier approaches, prescriptive maintenance goes beyond fault
detection: it leverages data analytics and optimization algorithms to actively rec-
ommend or automatically execute the most effective maintenance decisions[16, 22].
Implementing prescriptive maintenance requires the integration of reinforcement
learning (RL), multi-objective optimization, and digital twin technologies[23].

A typical prescriptive maintenance system consists of three core modules: the data
acquisition layer collects real-time equipment status data via IIoT devices, the analy-
sis and decision-making layer uses RL agents to predict equipment states and applies
operational optimization algorithms to generate optimal maintenance solutions, and
the execution layer translates generated decisions into machine-understandable in-
structions and immediately collects feedback data for further model refinement and
optimization[11]. This closed-loop architecture enables continuous improvement in
decision quality, fostering a virtuous cycle of knowledge accumulation within the
system. For example, in the sheet metal glue line application, unsupervised deep
learning models are used to analyze images of sheet metal glue lines, enabling ef-
fective detection and localization of anomalies, thereby significantly reducing false
alarms and downtime of the gluing machine.[24].

The emergence of prescriptive maintenance marks a shift, from a focus on predic-
tion to a focus on decision-making and optimization, in maintenance management.
The scope of decision-making expands from single equipment to entire production
systems[25]; the processing efficiency advances from offline analysis to real-time
optimization[23]; and the goal evolves from simple cost control to the pursuit of
sustainable development.

2.2 Deep Reinforcement Learning
Reinforcement Learning (RL) is a major branch of machine learning and is currently
one of the most widely applied methods for intelligent decision-making and control.
Traditional supervised learning relies on labeled datasets to construct input-output
mappings; for example, in image classification tasks such as ImageNet, each sam-
ple is paired with an explicit class label[26]. Unsupervised learning, on the other
hand, focuses on uncovering the intrinsic structure within data, such as reveal-
ing consumer behavior patterns through clustering analysis[27]. In contrast, RL
emphasizes the discovery of optimal problem-solving strategies. In RL, an agent
interacts with its environment, continuously optimizing its action policy to maxi-
mize cumulative rewards. When the accumulated reward converges to a maximum
and stabilizes, it indicates that the agent has learned a globally or locally optimal
policy[28]. Through this iterative loop of trial, feedback, and adjustment, the agent
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2. Theoretical Background

gradually masters strategies that maximize cumulative rewards. RL is not only
applicable to traditional control systems and games, such as AlphaGo defeating hu-
man champions[29], but also demonstrates powerful capabilities in complex domains
such as robotic control[30], intelligent manufacturing[31], autonomous driving[32],
and financial investment[14].

The development of RL has gone through several key stages. In its early days,
tabular methods such as Q-Learning[33] and SARSA[34] enabled RL to achieve op-
timal decision-making in small-scale, finite state spaces. With the emergence of
function approximation techniques, such as linear function approximation[35, 36]
and radial basis functions[37], RL algorithms became capable of handling larger and
continuous state spaces. In the 21st century, the ongoing advancement of neural
network technologies has fostered the integration of deep learning with RL, giving
rise to DRL.

At the heart of RL lies the interaction between the agent (the learner or decision-
maker) and the environment (the external system with which the agent interacts),
as shown in Figure 2.2. As the agent observes the environment, it selects actions and
receives reward signals based on feedback from the environment. In this process, the
agent’s decision-making and learning rely on the following three core components:

• Policy: The mechanism that determines which action the agent takes in each
state; it serves as the guiding principle for the agent’s behavior.

• Value Function: An estimate of the expected cumulative reward, used to eval-
uate the quality of a particular state or state-action pair and provide a basis
for decision-making.

• Model: The agent’s internal representation of the environment’s dynamics,
describing the probabilities of state transitions and the distribution of rewards.
The model typically needs to address two fundamental issues: (1) predicting
the probability distribution of the next state given the current state and action,
and (2) estimating the immediate reward expected for a given state-action pair.

Figure 2.2: The agent-environment interaction in Markov Decision Process

In a typical RL framework, the environment is modeled as a Markov Decision Process
(MDP), defined by the tuple (S, A, P, R, γ), where S represents the set of possible
states, A denotes the set of available actions, P is the state transition probability

8



2. Theoretical Background

function, R is the reward function, and γ is the discount factor. At each discrete
time step t, the agent observes the current state st ∈ S, selects an action at ∈
A, and transitions to a new state st+1 according to the transition dynamics P .
Simultaneously, the agent receives a reward rt = R(st, at) as feedback on the quality
of the chosen action. The agent’s objective is to find a policy π(a|s), a mapping
from states to actions, that maximizes the expected cumulative discounted return
over time:

π∗ = arg max
π

E
[ ∞∑
t=0

γtR(st, at) | s0 = s, π

]

Based on the learning mechanisms of agents, RL agents can be classified as follows:

• Value-Based Agents: These agents maintain only a value function over states
or state-action pairs and derive the optimal policy indirectly from the value
function. Representative methods include Q-Learning[33] and DQN[38].

• Policy-Based Agents: These agents directly optimize the policy function with-
out explicitly maintaining a value function. Usually these agents apply tech-
niques like policy gradient search for the optimal solution. Examples include
Policy Gradient[28] and PPO[39].

• Actor-Critic Agents: These agents combine both policy and value functions,
using the value function to evaluate the current policy and guide its improve-
ment. This synergistic approach is exemplified by algorithms such as A3C[40]
and SAC[41].

In addition, RL agents can be classified into model-free and model-based agents
based on whether they learn an explicit model of the environment or not. Model-
based agents maintain an internal model of their environment and make decisions
based on their understanding of the model. Learned models can be used for planning,
policy improvement, or to generate simulated experiences to accelerate learning[42].
Model-free agents learn optimal policies or value functions directly from their inter-
actions with the environment without building explicit models of the environment’s
dynamics. Currently, most DRL methods employ model-free agents, due to the fact
that in most cases in current research, the environment is static and describable,
and the state of the intelligences is discrete and observable[43].

2.2.1 Value-based Methods
Value-based methods are among the earliest and most systematic approaches in
RL. Their core idea is to estimate a value function that evaluates the environment,
thereby indirectly guiding the agent to take optimal actions. Value-based methods
typically use the Bellman Equation for recursive estimation and optimization of the
value function.

Bellman’s dynamic-programming framework[44] models a sequential-decision task
as an Markov decision processes with well-defined states S, actions A, rewards
R : S × A → R, and state-transition probabilities π. The optimal value function
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obeys the Bellman equation

Q(s, a) = E
[
rt + γ max

a′
Q(s′, a′) | st = s, at = a

]
which formalities the principle of optimality and underpins value-iteration, policy-
iteration, and Q-learning algorithms. However, the Bellman equation assumes a
known environment model—specifically, prior knowledge of P (s′ | s, a). This re-
quirement limits its applicability to unknown environments, and its computational
complexity grows explosively with the size of the state space.

To eliminate the requirement for a complete model or full returns, research shifted
toward model-free methods that learn directly from experience. Monte Carlo meth-
ods estimate value by sampling entire trajectories: V (s) ≈ 1

N

∑N
i=1 Gi(s), where

Gi(s) = ∑T
t=0 γtrt). But updates can be performed only after the episode termi-

nates. Temporal-difference (TD) learning[45, 35] combines Monte Carlo sampling
with dynamic-programming bootstrapping, enabling single-step, online updates:
V (st) ← V (st) + α[rt+1 + γV (st+1) − V (st)]. This algorithm updates online and
therefore does not have to wait until an episode ends, but it introduces estimation
bias.

Extending TD learning, Q-learning[33] directly learns an action-value function Q(s,a)
and has become a cornerstone of modern RL. Q-learning employs an off-policy up-
date that decouples the target policy from the behaviour policy:

Q(s, a)← Q(s, a) + α
[
r + γ max

a′
Q(s′, a′)−Q(s, a)

]
This rule guarantees asymptotic convergence to the optimal policy. In theory, a
greedy target policy drives value maximisation, while an ε-greedy or similar be-
haviour policy ensures exploration. The resulting separation naturally complements
mechanisms such as experience replay. In contrast, SARSA[34] performs an on-
policy update: Q(s, a) ← Q(s, a) + α

[
r + γQ(s′, a′) − Q(s, a)

]
. Although this for-

mulation yields lower update variance, policy improvement remains constrained by
the exploration strategy currently in use.

Deep Q-Network (DQN)[38] is a foundational algorithm in DRL that combines tra-
ditional Q-learning with deep neural networks to enable decision-making in high-
dimensional, discrete action spaces. It approximates the optimal action-value func-
tion using a neural network and employs experience replay and target networks to
stabilize training. The Q-function is modeled by a deep neural network parameter-
ized by θ : Q(s, a; θ). The training objective is to minimize the temporal-difference
(TD) error:

L(θ) = E(s, a, r, s′)
[
(y −Q(s, a; θ))2

]
where

y = r + γ max a′Q(s′, a′; θ−)

10
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where θ− denotes the parameters of the target network. The transitions (s, a, r, s′)
generated from the agent’s interactions with the environment are stored in a re-
play buffer. Mini-batches are then randomly sampled from this buffer for network
training. This approach breaks the correlations between samples and improves data
efficiency. A separate set of Q-network parameters is maintained for computing the
TD targets. The parameters of the target network are periodically updated by copy-
ing the current Q-network parameters, which helps to mitigate instability caused by
shifting targets during training.

Double Deep Q-Network (DDQN)[46] is an extension of the standard DQN de-
signed to address a known issue in value-based RL algorithms: the overestimation
bias caused by using the same Q-network to both select and evaluate actions during
the update. Double Q-Learning decouples action selection and action evaluation:
the online network is used to select the best action at the next state, and the target
network is used to evaluate the value of that action. In DDQN, the target value is
modified as follows:

yDDQN
t = rt + γQθ−

(
st+1, arg max

a′
Qθ(st+1, a′)

)

Where θ are the parameters of the online Q-network (used for action selection), θ−

are the parameters of the target Q-network (used for action evaluation), rtis the
reward at time t and γ is the discount factor. The DDQN loss function minimizes
the mean squared error between the target and predicted Q-values:

L(θ) = E(st, at, rt, st + 1) ∼ D
[(

yDDQN
t −Qθ(st, at)

)2
]

This objective is used to update the parameters θof the online Q-network using
stochastic gradient descent.

Dueling DQN[47] is an improved variant of the standard DQN architecture. Its
core motivation lies in the observation that, in many states, the choice of action
does not significantly affect the overall value of the state—that is, the advantages of
different actions may be quite similar. Traditional DQN struggles to distinguish be-
tween “critical decisions” and “uninformative decisions” in such cases. Dueling DQN
addresses this by decoupling the estimation of the state value from the advantages
of individual actions, thereby enhancing both the representational capacity and the
learning efficiency of Q-value estimation. This structure is especially beneficial in
environments with large action spaces or many “irrelevant” actions. The output of
the Dueling DQN is divided into two streams:

• State Value Stream: Represents the intrinsic value of a given state, denoted
as V (s; θ, β).

• Advantage Stream: Represents the relative advantage of each action in a given
state, denoted as A(s, a; θ, α).

11



2. Theoretical Background

These two streams are combined to reconstruct the Q-value function as follows:

Q(s, a; θ, α, β) = V (s; θ, β) +
(

A(s, a; θ, α)− 1
|A|

∑
a′

A(s, a′; θ, α)
)

The significance of this architecture is that even when all actions in a given state
have similar (possibly low) advantages, the network can still accurately learn the
underlying value of the state itself. This leads to improved learning efficiency and
stronger generalization in policy performance.

2.2.2 Policy-based Methods
Policy-based methods are an important class of reinforcement learning approaches
whose core idea is to directly model and optimize the policy function, rather than in-
directly deriving the policy through a value function as in value-based methods. The
policy π(a|s) defines a probability distribution over actions given a particular state.
Policy-based methods are typically well-suited for continuous or high-dimensional
action spaces, as well as scenarios where the policy needs to be represented as a
probability distribution.

The objective of policy-based methods is to find an optimal policy that maximizes
the expected cumulative return. Mathematically, this objective can be expressed as:

J(θ) = Eπθ

[ ∞∑
t=0

γtrt

]

where θ denotes the parameters of the policy function.

REINFORCE[48] is one of the earliest and most fundamental Monte Carlo policy
gradient algorithms, and serves as a representative example of baseline-free policy
gradient methods. It directly models the policy function and updates its parameters
by sampling complete episodes and estimating the expected return based on the ac-
tual rewards received. In the REINFORCE algorithm, the policy function πθ(a|s)
is parameterized by θ, and can be any differentiable probability distribution. The
goal is to maximize the expected cumulative reward:

J(θ) = Eπθ

[ ∞∑
t=0

γtrt

]

According to the policy gradient theorem, the update direction for the policy pa-
rameters is:

∇θJ(θ) = Eπθ [∇θ log πθ(at|st)Gt]

where Gt is the actual (discounted) return from time t until the end of the episode,
and γ is the discount factor. For each time step t in each episode, the policy
parameters are updated using:
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θ ← θ + α∇θ log πθ(at|st)Gt

This algorithm is simple to implement and applicable to any differentiable policy
parameterization, and can handle both continuous and discrete action spaces.

Proximal Policy Optimization (PPO)[39] is a family of policy gradient algorithms
that strike a balance between implementation simplicity, sample efficiency, and train-
ing stability. The core idea of PPO is to constrain the magnitude of each policy
update in order to prevent performance degradation caused by excessively rapid
changes in the policy (known as policy collapse). Specifically, PPO incorporates a
term into the objective function that directly limits policy changes, ensuring that the
KL divergence or the likelihood ratio between the new and old policies does not devi-
ate too much. There are two primary variants of PPO: PPO-Penalty and PPO-Clip.

PPO-Penalty constrains the magnitude of policy updates by employing a KL penalty
term. Its objective function is:

LKLPEN(θ) = Et
[
rt(θ)Ât− βKL [πθold(·|st), πθ(·|st)]

]

where KL[P, Q] denotes the KL divergence between the old and new policies, and β
is the penalty coefficient (which can be adjusted adaptively).

PPO-Clip improves upon traditional policy gradient methods by introducing a clipped
surrogate objective function, which constrains the policy updates to remain within a
trusted region, thereby preventing drastic policy changes that can destabilize train-
ing. The objective function is

LCLIP (θ) = Et
[
min

(
rt(θ)Ât, clip(rt(θ), 1− ϵ, 1 + ϵ)Ât

)]
where rt(θ) = πθ(at|st)

πθold
(at|st) represents the probability of taking action at at state st in

the current policy divided by the previous one. Due to its simple implementation,
lack of need for fine-tuning hyperparameters, and stable training performance, this
variant has become the mainstream choice.

2.2.3 Actor-Critic Methods
Actor-Critic methods are hybrid policy optimization approaches in RL that combine
value-based and policy-based methods. The core idea of Actor-Critic methods is to
train two models simultaneously:

• Actor: Responsible for decision-making, representing the policy, and out-
putting either the probability of taking each action in a given state or directly
outputting the action itself.
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• Critic: Responsible for evaluation, representing the value function, and esti-
mating the value (or action value/advantage) of the current policy in a given
state.

Actor-Critic methods achieve synergistic progress by having the actor update the
policy parameters while the critic evaluates the current policy and provides gradient
signals for policy improvement.

One notable variant, Soft Actor-Critic (SAC)[41], is characterized by entropy regu-
larization. The objective of SAC is to maximize the entropy of the policy in addition
to the expected cumulative reward. A high-entropy policy encourages the agent to
continuously explore various actions, helping to avoid getting stuck in local optima
and improving adaptability in complex or uncertain environments. SAC simulta-
neously learns a stochastic policy and two Q-functions, combining the benefits of
actor-critic methods with a strong exploration bias. The objective function can be
written as:

J(π) =
∑
t

E(st, at) ∼ ρπ [r(st, at) + αH(π(·|st))]

where H(π(·|st)) = −Eat∼π[log π(at|st)] denotes the entropy of the policy at state
st, and α is a tunable temperature coefficient that balances the contribution of
reward and entropy. By incorporating key components such as the maximum en-
tropy framework, double Q-networks, experience replay, and automatic temperature
tuning, SAC achieves high sample efficiency, strong stability, and excellent policy
generalization. As a result, it has become one of the most representative DRL al-
gorithms for continuous action space problems. SAC has been widely applied in
real-world scenarios such as robotic control and autonomous driving.

2.3 Generative AI
Generative AI is a major branch within the field of AI, referring to systems that
can generate entirely new content based on existing data. Unlike traditional ma-
chine learning models, which typically focus on classification or regression of input
data, generative models learn the underlying data distribution and generate similar
data accordingly—including text, images, audio, and more[49, 50]. The roots of this
field can be traced back to the 1980s and 1990s with latent variable models such
as Gaussian Mixture Models, Hidden Markov Models, and Naive Bayes[51], though
these early approaches were limited in expressive power and struggled with modeling
high-dimensional data. In the early 21st century, with the advent of neural networks
and deep learning, generative models experienced explosive progress.

In 2014, Ian Goodfellow and colleagues proposed the Generative Adversarial Net-
work (GAN)[52], which consists of two components: a generator and a discriminator.
These two models are trained in a zero-sum game framework: the generator tries
to produce realistic samples to fool the discriminator, while the discriminator aims
to distinguish between real and generated samples. Through this adversarial pro-
cess, both models improve over time, and the generator eventually produces highly
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realistic samples. That same year, the introduction of the Variational Autoencoder
(VAE)[50] further advanced unsupervised generative modeling. VAEs are proba-
bilistic generative models that maximize the marginal likelihood of the data in an
unsupervised manner. They employ an encoder-decoder structure to map input data
to a latent space distribution and sample from this distribution to generate new data.
By introducing variational inference, VAEs enable efficient Bayesian inference and
data generation. Subsequently, various autoregressive models (such as LSTM[53])
demonstrated outstanding performance in sequence generation tasks. Autoregres-
sive models decompose the high-dimensional joint distribution into a chain of condi-
tional probabilities, generating data step by step. For example, in text generation,
the model first generates the initial word, then generates each subsequent word con-
ditioned on the previous ones[54].

In 2017, Google introduced the Transformer architecture[55], which is based on
the self-attention mechanism. Transformers can efficiently model long-range de-
pendencies without relying on recurrence or convolution, greatly advancing natural
language processing and multimodal generation. At the end of 2022, OpenAI re-
leased ChatGPT[56], bringing generative AI into the public spotlight and sparking
a worldwide wave of AI-driven applications and innovation.

2.3.1 Transformer Framework
The Transformer model represents a major breakthrough in deep learning for se-
quential data, particularly in natural language processing (NLP). Unlike traditional
recurrent or convolutional architectures, the Transformer relies entirely on an atten-
tion mechanism, specifically self-attention, to capture dependencies between input
and output elements, regardless of their distance in the sequence. This innovation
dramatically improves both the parallelizability and effectiveness of deep sequence
modeling. Figure 2.3 shows the complete structure of Transformer model.
At the heart of the Transformer is the self-attention mechanism (also called scaled
dot-product attention), which enables the model to weigh the relevance of different
elements in a sequence when encoding a given element. To allow the model to jointly
attend to information from different representation subspaces, the Transformer uses
multi-head attention. The attention mechanism is run multiple times in parallel
(with separate parameters), and the outputs are concatenated and linearly trans-
formed. Since the Transformer lacks any recurrence or convolution, it needs a way
to capture the order of sequence elements. This is achieved by adding positional
encodings (either fixed or learned) to the input embeddings. The standard Trans-
former is composed of an encoder and a decoder. The encoder in the paper consists
of 6 encoder layers stacked on top of each other, as does the decoder. The encoder
layer consists of a multi-head self-attention sub-layer (with residual connection and
layer normalization) and a position-wise feed-forward neural network (with residual
connection and layer normalization). The decoder layer also contains the two layers
of the network mentioned by the encoder layer, but there is an attention layer in
the middle of these two layers that helps the current node to get the current focus
of what it needs to focus on. The input passes through several stacked encoder
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Figure 2.3: A standard Transformer architecture.

layers, then the decoder attends to both its own outputs and the encoder outputs
to generate the final sequence[55].

Since its introduction, the Transformer has become the backbone of most state-
of-the-art models in NLP and beyond. Variants such as BERT[57], GPT[58], and
Vision Transformer[59] extend the original architecture to diverse applications in-
cluding language understanding, text generation, computer vision, and multi-modal
tasks.

2.3.2 Large Language Model
Since the release of OpenAI’s GPT-3 in 2020, the field of LLMs has experienced ex-
plosive growth. This wave of innovation has been driven by advancements in model
architecture (particularly the Transformer), the availability of massive datasets, and
breakthroughs in training techniques. GPT-3, with 175 billion parameters, set new
benchmarks in language understanding and generation[60]. Its successor, GPT-3.5,
powered the original ChatGPT and demonstrated strong abilities in conversational
AI, code generation, and multi-turn dialogue[56, 61].
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Figure 2.4: A visualization of major LLMs, ranked by performance[2].

Subsequently, Google’s Pathways Language Model (PaLM)[62, 63] and the recently
released Gemini[64] are large-scale, multi-modal models capable of reasoning across
text, images, audio, and video. They demonstrate state-of-the-art performance on
benchmarks, featuring powerful reasoning and multi-modal capabilities. In particu-
lar, Gemini integrates text, images, and audio into a unified model. Meta released
LLaMA (Large Language Model Meta AI) in 2023 as a competitive open-source
alternative to GPT models[65]. LLaMA-2 and LLaMA-3 further improved perfor-
mance, openness, and efficiency[66]. LLaMA is renowned for its efficient scalability,
strong performance on language tasks, and widespread adoption within the open-
source community. Anthropic’s Claude series emphasizes constitutional AI and
alignment, aiming to produce safer and more controllable AI assistants[67]. The
Claude models excel at maintaining helpfulness and safety and are optimized for
responsible conversational design. Alibaba’s Qwen models were released in 2023 as
Chinese-centric open-source LLMs with multilingual capabilities. Some Qwen mod-
els, such as Qwen-VL, support multi-modal tasks and can process both text and im-
ages simultaneously[68]. DeepSeek is an emerging player in the LLM space, backed
by a prominent research lab with a focus on open, scalable, and practical language
models. DeepSeek released its main model series, including DeepSeek-LLM and
DeepSeek-VL, in 2023–2024[69, 70]. On key benchmarks for reasoning, language
understanding, and code, DeepSeek models are competitive with, and sometimes
surpass, models such as GPT-3.5 and LLaMA-2/3[71]. Figure 2.4 shows the latest
LLMs and their performance ranking.

2.4 State of The Art
Several studies have demonstrated the significant value of DRL in maintenance
due to its ability to dynamically optimize schedules and prioritize tasks using real-
time data. By integrating DRL with digital twins and customizing reward func-
tions based on production cost models, maintenance task sequencing is dynamically
optimized through real-time data analytics. A lab-scale drone factory case study
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validated this approach, achieving an average reward of 0.67 and demonstrating
that AI-enhanced digital twins significantly improve operational efficiency[1]. Uti-
lizing Multi-State Degradation Models (MSDM) synergized with DRL, sewer pipe
maintenance strategies are optimized to generate intelligent, cost-saving policies[72].
Research also confirms that DRL-driven digital twins reduce railway infrastructure
maintenance activities by 21% and lower defect occurrences by 68% through real-
time prioritization[73].

Recent research has demonstrated the value of LLMs in maintenance applications,
particularly for processing unstructured data and extracting actionable insights. For
example, an industrial case study at Ericsson AB validated that multi-agent LLM ar-
chitectures automate software test maintenance by analyzing code changes and pre-
dicting required updates, significantly improving efficiency in industrial settings[74].
In the domain of bug triaging, models like SevPredict (based on GPT-2) enhance
defect severity prediction accuracy in software maintenance, effectively reducing
manual inspection burdens and boosting automated triage capabilities[75]. Further-
more, LLMs have been applied to aircraft propulsion diagnostics, where they analyze
telemetry data to identify anomalies and generate maintenance guidelines. Exper-
imental results confirm these models significantly improve reliability even under
suboptimal data-quality conditions, demonstrating robust performance in critical
systems[76].

Recent research has shown significant advancements in integrating LLMs with DRL
for industrial maintenance optimization. The TranDRL framework exemplifies this
progress by combining Transformer-based LLMs for remaining useful life prediction
with DRL for maintenance action optimization, resulting in a 15–28% reduction in
mean absolute error compared to traditional methods and more adaptive scheduling
on benchmark datasets[77]. Similarly, the LLM-Empowered State Representation
approach addresses sample inefficiency by using LLMs to autonomously generate
task-specific state representations and intrinsic reward functions, which not only re-
duces training iterations by 50% but also improves policy robustness across various
equipment failure scenarios[78]. The Latent Reward method further enhances DRL
by employing LLMs as intelligent observers to evaluate and distribute rewards at the
action level in sparse-reward environments, thereby accelerating DRL convergence
by a factor of three and improving exploration in complex, multi-stage maintenance
tasks[79]. In dynamic network maintenance, LLM-Augmented Deep Reinforcement
Learning for O-RAN Network Slicing introduces learnable prompts that optimize
both semantic clustering and RL objectives, structuring unorganized network feed-
back into latent representations and achieving faster convergence and higher rewards
in wireless network maintenance scenarios[80].

In summary, these studies demonstrate that LLMs can significantly enhance DRL by
providing semantic contextualization of unstructured data, shaping rewards for com-
plex tasks, and refining state representations to reduce sample complexity, thereby
enabling practical implementation of prescriptive maintenance applications in in-
dustrial settings.
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3.1 Overview of Framework
This study adopts a four-layer collaborative architecture (as shown in the Figure
3.1), utilizing the DRL-digital twin system proposed by Chen et al.[1], combined with
LLM, to implement a closed-loop system for smart maintenance decision-making.

Figure 3.1: Overview of the four-layer architecture.

As the physical foundation of the architecture, the physical system layer consists of
clusters of industrial equipment and distributed sensor networks, which continuously
collect multimodal data including operational status, process parameters, and envi-
ronmental indicators. The digital twin layer employs dynamic modeling techniques
to transform the raw data from the physical layer into a computable virtual system,
thereby providing structured data support for decision analysis. The Generative AI
layer monitors fault reports generated by the digital twin layer and provides state
representation data to the DRL layer. The DRL layer utilizes advanced algorithms
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to continuously train and optimize the policy network based on system data from
the digital twin layer and state representation data from the LLM in Generative AI
layer, generating optimal maintenance decisions.

In the digital simulation environment, an efficient bidirectional data interaction
mechanism is established between the digital twin layer and the DRL layer, achieving
dynamic coordination between the virtual model and the intelligent decision-making
system. After analyzing real-time machine operating status obtained from the digital
twin layer, the DRL layer utilizes state-of-the-art machine learning architectures to
process and analyze high-dimensional industrial input data. This enables simulation
of diverse production scenarios and generation of proactive predictive maintenance
strategies for the digital twin layer. Upon executing corresponding actions, the digi-
tal twin layer produces updated machine states, which are subsequently acquired by
the DRL layer for continuous learning iterations. Real-time, accurate data transmis-
sion is facilitated through standardized application programming interfaces (APIs).

Meanwhile, the simulation system continuously records equipment failures and ab-
normal events in real-time fault logs. Maintenance teams monitor these log data in
real-time, enabling immediate and precise intervention in the physical system upon
anomaly detection. For each fault log entry, maintenance personnel can add feedback
comments, generating corresponding analyzable maintenance logs. Upon detecting
log updates, the LLM in Generative AI layer automatically triggers to generate up-
dated system state representation vectors based on new inputs. These vectors are
transmitted in real-time to the DRL layer’s state space, providing rich maintenance
context that supports continuous optimization of decision policies through a closed
feedback loop.

This iterative and tightly integrated feedback loop enables the continuous evolution
of maintenance policies. By leveraging real-time data, simulated outcomes, human
expertise, and LLMs, the framework fosters a self-improving system that enhances
the reliability, efficiency, and responsiveness of industrial maintenance operations.

3.2 Physical Layer
This layer generally refers to the machines and equipment in a modern industrial
environment. A contemporary production workshop typically contains hundreds of
machines that cooperate with one another to carry out manufacturing tasks. The
experiment is conducted at the SII Laboratory in Lindholmen, Gothenburg, which
serves as Sweden’s national industrial digitalization testbed. Figure 3.2 shows the
stations in laboratory. The laboratory features a drone assembly line, comprising a
main conveyor belt (with a transport precision of ±0.5 mm), four assembly stations
(responsible for fuselage assembly, power system integration, flight control mod-
ule installation, and outer shell packaging, respectively), and a quality inspection
station. The main conveyor belt transports the drones sequentially from the first
assembly station through the remaining three for assembly, and finally to the qual-
ity inspection terminal. Each machine is equipped with an IIoT sensor network
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that captures key performance indicators in real time, including overall equipment
effectiveness, individual cycle times, tool wear conditions, and unplanned downtime
events. The resulting industrial big data are transmitted through an enterprise-grade
IIoT platform to the simulation system.

Figure 3.2: Drone assembly stations at
the SII laboratory.

Figure 3.3: A screenshot of Siemens
Plant Simulation Platform

3.3 Digital Twin Layer
Siemens Plant Simulation is employed to accurately replicate the 3D layout of the
physical workshop and the dynamic interactions between machines. The Siemens
simulation model is synchronized with the physical system via the ThingWorx IIoT
platform. Figure 3.3 shows the simulation model we built on Siemens Plant Simula-
tion platform, which serves as the virtual environment of our experiment. The model
includes three assembly stations and one quality inspection station, corresponding
to the physical system layer.

3.4 Deep Reinforcement Learning Layer
Building upon the physical layer and the digital twin layer, DRL layer is further
introduced to enable intelligent maintenance decision-making by continuously inter-
acting with the digital simulation platform.

3.4.1 Markov Decision Process
Before we dive into the DRL algorithms, the maintenance problem is modeled into
Markov Decision Process (MDP)[81], which can be defined by a tuple (S, A, R, P, γ),
where:

• S denotes the state space of the system with S = {s1, s2, s3, · · · , sn} consisting
all possible n states that the system can take at time t.

• A denotes the maintenance action space with A = {a1, a2, a3, · · · , am} if we
denote the number of possible maintenance actions by m.

21



3. Methodology

• P (st+1
j |sti, atk) represents the dynamic transition function, defining the proba-

bility of transitioning from state sti to state st+1
j after taking action ak at time

t.

• R(sti, atk, st+1
j ) represents the reward function, specifying the immediate reward

received after transitioning from state sti to state st+1
j after taking action atk.

The expected reward for taking action atk within state sti is given by R(sti, atk) =∑n
j=1 P (st+1

j |sti, atk)R(sti, atk, st+1
j ).

• γ ∈ [0, 1] is the discount factor.

A policy function π is a (probability) mapping from state space to action space.
The goal of MDP is to find an optimal policy π∗(a|s) that maximizes the expected
cumulative discounted reward. If we assume the value of a state si is under policy
π is V π(si) = R(si, π(si)) + γ

∑n
j=1 P

π(si)
i,j V π(sj), then the value of a state under

an optimal policy π∗ obeys this recursive Bellman optimality equation V π∗(si) =
maxa∈A

[
R(si, a) + γ

∑n
j=1 P a

i,jV
π∗(sj)

]
.

Figure 3.4: A schematic diagram of DRL.

As for the proposed framework for intelligent maintenance, the problem can be
formulated by MDP as the subsequent discussions:

• States: The state space contains both the real-time maintenance status of
equipments and key performance metrics of the system. The state at time t can
be interpreted as st = {Avat, CT t, TPH t, AS1t, AS3t, AS4t}, where Avat and
CT t are relative to system performance, which stand for the availability of the
system and the cycle time, which is the total time taken to process a product
from start to finish, respectively. TPH t, throughput per hour, measures the
number of units completed within one hour, which is used to measure the
efficiency and output capacity of a system, process, or piece of equipment.
AS1t, AS3t, AS4t indicate the maintenance of three assembly stations (AS1,
AS3, AS4). These three variables are floating-point numbers ranging from 0
to 10, where smaller values indicate that the equipment is more unstable and
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requires greater attention. The data is derived from the historical operational
status of the corresponding equipment, including runtime, failure events, and
maintenance records.

• Actions: The action space is a discrete and finite set consisting of 24 distinct
actions, representing all possible permutations of maintenance priorities among
the three assembly stations (AS1, AS3, AS4) and the quality control station
(QC), calculated as 4!. Each element ai ∈ A takes a value from the set 1, 2, 3, 4,
representing the assigned priority level of the ith workstation. A higher value
indicates greater urgency for maintenance.

• Reward Model: The reward function is strategically derived by selecting key
elements from a sophisticated reward function[82] that comprehensively con-
siders both the detailed costs of the production environment and broader sus-
tainability objectives. Given the partial observability of data in the model,
this function selectively aggregates empirically measurable elements. To en-
sure dimensional consistency among different contributing factors and to pre-
vent any single factor from disproportionately influencing the results due to its
numerical scale, each contributing factor is normalized to the [0, 1] range. Con-
sequently, the immediate reward Rt at time t, Rt , is computed as a weighted
sum of these normalized factors:

Rt = w1 · vOPE + w2 · vCT + w3 · vSR + w4 · vTPH

where vOPE = OPE
max(OPE) denotes the normalized overall process effectiveness,

vCT = max(CT )−CT
max(CT )−min(CT ) denotes the normalized cycle time, vSR = max(SR)−SR

max(SR)

denotes the normalized scrap ratio, and vTPH = TPH−min(TPH)
max(TPH)−min(TPH) denotes

the normalized throughput per hour. w1,w2,w3, and w4 are the weights with
constraint w1 + w2 + w3 + w4 = 1. This balances the reward function between
sustainability and productivity, guiding the RL agent to take optimal actions
that enhance production efficiency, improve cycle time efficiency, minimize
defect rates, and maximize throughput.

In selecting appropriate DRL techniques for this study, since our application involves
a discrete and finite action space, we adopted value-based algorithms from the DQN
family, with a particular focus on Double DQN (DDQN), which represents one of the
most advanced and widely recognized value-based DRL approaches. Additionally,
among policy-based methods, we selected Proximal Policy Optimization (PPO),
especially the PPO-Clip variant, which is a policy-gradient algorithm that has been
extensively validated and widely applied in experimental research. The detailed
structure of DRL shown in Figure 3.5.

3.4.2 DDQN Algorithm
This framework adopts the DDQN algorithm because the strategy used by the tradi-
tional DQN algorithm to estimate Q-values tends to produce overestimation bias[46],
which can negatively impact performance. DQN uses the same network both to
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Figure 3.5: The detailed structure of DRL agent.

choose the action (using max operation) and to evaluate it, since the parameters
θ− of target network are copied every τ steps from the online network. The target
become

Y DQN
t ≡ Rt+1 + γ max

a
Qθ−

t
(st+1, a)

The use of maximum operation introduces overestimation bias in both action selec-
tion and value estimation. The DDQN deals with this coupling problem by using
two separate Q-value estimators, one online Q-table for action selection and one
target Q-table for value evaluation of the chosen action a. The target is rewritten
as

Y DDQN
t ≡ Rt+1 + γQθ−

t

(
st+1, arg max

a
Qθt(st+1, a)

)
The corresponding action a is chosen with the parameters θ in the online network
but the value is locked up with the target value θ− in the target network. The target
network is then updated at certain intervals. The application of DDQN can help
the framework find the optimal maintenance action in the current equipment state,
ensuring robustness and adaptability during training.

The proposed algorithm of DRL agent adopts a Dueling DQN architecture[47] for
both online network Qθ and target network Qθ− . The Dueling DQN factories the
Q function into a state-value stream Vψ(s) and an advantage stream Aϕ(s, a), and
then recombines them to produce the final Q-values.

Qθ(s, a) = Vψ(s) +
(
Aϕ(s, a)− 1

|A|
∑
a′ Aϕ(s, a′)

)
This design improves sample efficiency and reduces unnecessary gradient variance,
which empirically accelerates convergence in maintenance-scheduling tasks where
many actions share similar returns.

During each training step the agent adopts the ϵ-greedy policy: with probability
ϵ the agent samples from a soft distribution that favors under-explored actions;
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Algorithm 1 DDQN Algorithm for Optimizing Maintenance Priority
1: Initialize online network Qθ with parameters θ
2: Initialize target network Qθ− with parameters θ− = θ
3: Initialize replay buffer D
4: for each episode do
5: Reset environment and observe initial state s
6: while current state is not the goal state do
7: Select a random action ai based on the ϵ−greedy policy
8: Execute action ai, observe reward ri and next state s′

i

9: Store transition (si, ai, ri, s′
i) in experience reply D

10: Set s← s′

11: if the size of D ≥ threshold then
12: Sample random mini-batch of transitions (si, ai, ri, s′

i) from D
13: Compute target for each sampled transition
14: Perform a gradient descent step with respect to Qθ

15: Periodically update target network θ− ← θ
16: end if
17: end while
18: end for

otherwise it exploits the arg-max Q-value. The chosen action is executed in the sim-
ulation model, yielding the reward r and next state s′. Interaction tuples (s, a, r, s′)
are stored in an experience-replay buffer and sampled in mini-batches; the online
network parameters θ are updated by minimizing the mean-squared error L(θ) via
back-propagation and Adam optimization[83].

L(θ) = 1
B

B∑
i=1

[
yi −Qθ(si, ai)

]2
To ensure learning stability, a hard synchronization from the online network to the
target network is performed only after every N = update_interval gradient updates.

3.4.3 PPO Algorithm
This study also adopts PPO, which is a typical on-policy policy gradient algorithm.
Policy-gradient methods are vary sensitive to the choice of step size: an update
that is too small slows convergence, whereas an overly aggressive update drives
the new policy far from the old one and destabilizes learning[84]. PPO alleviates
this sensitivity by optimizing a surrogate objective that can be evaluated on mini-
batches and iterated several times per batch. There are two primary variants of
PPO: PPO-Penalty, which introduces a Kullback–Leibler (KL) penalty via a La-
grange multiplier which is updated online to keep the KL divergence near a target
value[85], and PPO-Clip, which clips the probability ratio so that successive poli-
cies cannot deviate beyond a fixed threshold[86]. PPO-Clip was chosen because the
maintenance-priority task has a small, discrete action space, and in our preliminary
experiments the clip variant consistently converged faster than the penalty-based
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alternative.

PPO-clip updates policy by maximizing a clipped surrogate objective that constrains
how much the new policy can deviate from the old policy at each update.

θk+1 = arg max
θ

E
s,a∼πθk

[L(s, a, θk, θ)]

where the clipped surrogate objective L is given by

L(s, a, θk, θ) = min
(

πθ(a|s)
πθk

(a|s)Aπθk (s, a), clip
(

πθ(a|s)
πθk

(a|s) , 1− ϵ, 1 + ϵ

)
Aπθk (s, a)

)

where ϵ is a small hyperparamete, which roughly says how far away the new policy
is allowed to go from the old, and Aπθk (s, a) is the estimated advantage[39]. The
min and clip functions ensure that the policy update stays within a safe range.

The PPO model adopts a structure comprising an actor network and a critic net-
work, both comprise three hidden layers nestled between the input and output layers.
The hidden layers use Rectified Linear Unit (ReLU) activation and parameters are
updated with the Adam optimization. This hierarchy extracts increasingly abstract
features from the maintenance state space, enabling the actor to output a priority
distribution and the critic to estimate the state value.

3.4.4 SAC algorithm
SAC[41] is a hybrid method that combines policy optimization with Q-learning. On
one hand, it trains a Q-network (called the “critic”) using a loss function based
on the Bellman equation. At the same time, it improves the policy (the “actor”)
by minimizing a loss function that helps to maximize the expected reward. SAC
builds on ideas from earlier algorithms, such as using double Q-learning and target
networks. But the main innovation of SAC is the use of entropy regularization in
reinforcement learning. Entropy regularization measures how random the policy is.
This encourages the policy to stay random during training, which helps avoid get-
ting stuck in local optima.

To make the SAC algorithm work with discrete action spaces, two main equations
need to be adjusted: the loss function for the policy π (the actor), with parame-
ters θ; the loss function for the Q-function (the critic), with parameters ϕ. These
equations come from the definitions of the optimal policy and the Q-function. With
the usual actor-critic method, the goal is to find a policy that maximizes the total
discounted reward over time:

π∗ = argmaxπEπ[
t∑
t=0

γt(R(st, at, st+s) + αH(π(·|st)))]

where π is the policy ,H(π(·|s)) = −∑a π(a|s) log π(a|s) denotes the entropy of the
policy, and α is a temperature, which determines the trade-off between the obtained
reward and the randomness of the policy. π(·|st) denotes the probability density
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Algorithm 2 PPO Algorithm for Optimizing Maintenance Priority
1: Initialize actor network
2: Initialize critic network
3: Initialize empty PPO memory
4: for each episode do
5: Reset environment and observe current state s
6: while s is not the goal state do
7: Observe current state s
8: Obtain action a and π(a|s) based on the current policy θ with st as input
9: Obtain value V (s) from critic network with s as input

10: Execute action a and choose maintenance priority for stations
11: Get reward r and next state s′ from environment
12: Store the trajectory (s, a, r, V (s), π(a|s)) into memory buffer
13: for each epoch do
14: Get samples from memory buffer
15: for each step in the trajectory do
16: Compute advantage Ât using Generalized Advantage Estima-

tion(GAE)
17: end for
18: for each mini-batch do
19: Compute probability ratio
20: Compute the surrogate objective L
21: Calculate actor loss and critic loss
22: Update actor parameters and critic function parameters
23: end for
24: end for
25: Clear memory buffer
26: end while
27: end for

function (pdf) of the action distribution given by the policy in state s. The policy
πϕ(a|s) is parameterized by a neural network that outputs the probability of each
discrete action (typically using a softmax layer). A double Q-network architecture
is usually adopted, i.e., two Q-networks Qθ1 and Qθ2 , to reduce overestimation bias.
For each state s and action a, the networks output the Q-value Qθi

(s, a). The actor
is updated by minimizing the following objective:

Jπ(ϕ) = Es ∼ D
[∑

a ∈ Aπϕ(a|s) (α log πϕ(a|s)−Qmin(s, a))
]

where Qmin(s, a) = min(Qθ1(s, a), Qθ2(s, a)). This encourages the policy to assign
higher probability to actions with higher Q-values, while also maintaining sufficient
policy entropy. For each (s, a, r, s′) tuple, the Q-networks are optimized to minimize:

JQ(θ) = E(s, a, r, s′) ∼ D
[
(Qθ(s, a)− y)2

]
where y = r + γVtarget(s′)Vtarget(s′) = ∑

a′ πϕ(a′|s′) [Qtarget(s′, a′)− α log πϕ(a′|s′)]
That is, the target value is the expected soft value over all possible actions in the
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next state. α is updated to match a target entropy:

J(α) = Ea∼πϕ(·|s),s∼D [−α (log πϕ(a|s) +Htarget)]

where Htarget is typically set to − log 1
|A| . Then the target network is updated by

θtarget ← τθ + (1− τ)θtarget.

The adopted SAC algorithm employs Double Q-learning, where two Q-networks
are trained simultaneously, and the smaller of the two predicted values is used to
prevent overestimated Q-values due to gradient-based optimization. Therefore, the
algorithm includes four Q-networks in total: two for the critic and two as target
networks. All of these use two-layer feedforward neural network architectures. Ad-
ditionally, there is an actor network that outputs the probability distribution over
actions, as well as a Replay Buffer. The temperature parameter is also optimized
during training using a dedicated loss function.

Algorithm 3 SAC Algorithm for Optimizing Maintenance Priority
1: Initialize actor network
2: Initialize critic networks
3: Initialize reply buffer
4: for each episode do
5: Reset environment and observe current state s
6: while s is not the goal state do
7: Observe current state s
8: Obtain action a based on the exploration strategy
9: Execute action a and choose maintenance priority for stations

10: Get reward r and next state s′ from environment
11: Store the trajectory (s, a, r, V (s), π(a|s)) into reply buffer
12: if the size of reply buffer > batch size then
13: Get samples from reply buffer
14: Calculate policy distribution and log probability
15: Compute two Q networks
16: Compute the actor loss
17: Update actor network
18: Update temperature parameters
19: Calculate target Q value
20: Calculate critic loss and backpropagate
21: Soft update target Q Network
22: end if
23: Clear memory buffer
24: end while
25: end for

3.5 Generative AI Layer
Although DRL algorithms excel at continuously learning and making optimal deci-
sions in complex industrial environments, providing a powerful tool for maintenance

28



3. Methodology

tasks, they consistently suffer from a lack of explainability and reliability, which can
make their decisions difficult to trust. Since the expertise and judgment of mainte-
nance technicians are highly valuable and can serve as a strong basis for maintenance
decision-making, incorporating their insights is crucial for achieving truly intelligent
maintenance[77]. Therefore, we propose a solution that integrates human feedback
on machine conditions into existing DRL algorithms, enabling the DRL agent to
make more informed and trustworthy decisions regarding maintenance priorities.

Transformer-based LLMs have now become powerful tools for time series analy-
sis tasks, owing to their proficiency in understanding complex temporal sequences.
Therefore, we leverage popular open-source LLMs to convert formatted maintenance
reports, including technician feedback, into numerical states. These generated states
serve directly as the machine state variables within the DRL agent’s state space,
enabling the DRL algorithm to make more intelligent and informed maintenance
decisions.

3.5.1 State Representation
To determine the state of a equipment, it is essential to analyze its historical main-
tenance records. These records should include the failure start and end times, the
type of fault, the repair solution, and technician feedback. Such structured data
can be directly integrated into a predefined prompt template, allowing the LLMs to
generate specific results. However, to ensure that the LLMs provide more reliable
assessments, it is beneficial to include a portion of historical data, such as the ten
most recent maintenance records for the current equipment, and to specify clear
benchmarks in the prompt, for example, indicating that frequent failures within a
short interval signify poor machine condition. This approach enables the language
model to produce outputs that are more reasonable and aligned with real-world
expectations.

3.5.2 Large Language Models
DeepSeek[69], Llama[66], and Phi[87] are leading open-source LLMs, providing full
transparency and the ability to customize or fine-tune models for specific indus-
trial maintenance scenarios. This openness is particularly valuable in the industrial
domain, where privacy, security, and domain-specific requirements often demand
tailor-made AI solutions. These models have demonstrated state-of-the-art per-
formance on a variety of natural language understanding and summarization tasks,
which is critical for accurate extraction and abstraction of valuable information from
maintenance reports.

In our proposed framework, it is crucial for the LLM to generate results quickly,
as the primary task is to distill and summarize input data. Since higher model
parameters tend to require more extensive and expensive computational resources,
Lightweight LLMs can be optimal in this context, as they maintain strong perfor-
mance despite their smaller size. For example, MetaAI uses pruning techniques to
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reduce model size by removing unnecessary components, and applies knowledge dis-
tillation so that smaller models can “learn” from their larger counterparts. As a
result, the Llama-3.2 1B and 3B models demonstrate impressive capabilities. With
their ultra-fast processing speed, these models can provide instant responses, mak-
ing them ideal for deployment in time-sensitive industrial environments.

For DeepSeek, the DeepSeek-R1-Distill-Qwen-1.5B model is specifically selected for
its advanced distillation pipeline, which effectively transfers the knowledge and rea-
soning capabilities of larger Qwen models into a compact and computationally effi-
cient 1.5B-parameter network. The latest Llama-3.2-3B model is chosen due to its
unique combination of instruction tuning, model compression, and open-ended rea-
soning capabilities. The Phi-3.5-mini model is selected because of its cutting-edge
performance in lightweight, real-time reasoning and instruction following. All mod-
els are accessed through the official Hugging Face Model Hub since it offers robust
APIs, a rich repository of cutting-edge pretrained language models[88], which allows
for efficient experimentation, fine-tuning, and comparative evaluation in a unified
environment.
To improve response efficiency, we adopted a batch processing approach using mul-

Figure 3.6: The detailed structure of LLM agent.

tiple prompts simultaneously. After receiving the reports, the LLM agent groups
them by model name, for example, there are three different models in our lab.
The grouped maintenance data are organized and concatenated into corresponding
prompt templates. These prompts are then fed to the tokenizer and model in batches
to generate feedback for all models at once. This design significantly accelerates the
process of state representation. In particular, when conducting experiments on sim-
ulation platforms, the ability to rapidly generate state values is crucial for keeping
pace with the consumption rate of the DRL agent.

3.6 Case Study

In this section, we present a case study of our proposed framework.
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3.6.1 Data
The simulation platform at the digital twin layer can generate real-time reports in
CSV format under simulation mode, capturing details such as the failure start time,
end time, failure type, and the predicted time until the next failure. With machine
availability set at 60%, the simulation platform is capable of producing approxi-
mately 190 failure records per second during simulation.

The corresponding maintenance data, including failure causes, repair methods, and
human feedback, are collected from the lab’s historical maintenance records. In to-
tal, 15 types of failure causes and 17 repair methods have been identified. Among
these, two types of failures are self-recoverable after a period of time, and four types
of failures can each be addressed by two alternative repair methods.

3.6.2 Experiment Design
The failure report produced by simulation platform is monitored by a seperate thread
in the produce every 0.1 second. Then corresponding solution information is ap-
pended and send to LLm agent.

In the digital simulation environment, certain operating parameters were hypothet-
ically adjusted to create a more controlled experimental setting. The mean time
to repair (MTTR) for each workstation was set to 30. The availability of each as-
sembly station was assumed to be 60%, which is deliberately lower than the actual
availability to simulate a stress-testing scenario. The target state was defined as
achieving a reward value greater than 0.85.

Table 3.1 shows the main parameter settings for PPO, DDQN, and SAC.

PPO uses the PPO-Clip variant. The advantage function is implemented with GAE,
which improves sample efficiency and stability. Entropy regularization is supported
to encourage exploration and avoid getting stuck in local optima. Both the Ac-
tor and Critic are implemented as multi-layer fully connected neural networks. As
an on-policy algorithm, PPO trains only on the most recently collected data. The
implementation supports multiple epochs of updates to further improve data uti-
lization.

DDQN adopts the Dueling Q-Network architecture, which separates the value and
advantage streams to enhance the modeling of state values and action advantages.
It maintains two neural networks: an online network and a target network, with
weights periodically synchronized. An experience replay buffer is used to shuffle
the sampling order and improve the independence of training samples. An epsilon-
greedy exploration strategy is supported, with the exploration rate gradually decay-
ing during training.

SAC uses a discrete-action variant, where the policy network outputs a probability
distribution rather than mean and variance. There are two independent Critic net-
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works, each with its own target network. The implementation features an automatic
temperature parameter (alpha) adjustment mechanism, dynamically balancing re-
ward maximization and policy entropy. The network structure consists of multi-layer
fully connected neural networks. An experience replay buffer is used for storage and
sampling, enabling off-policy training. The target networks are updated using a soft
update strategy, which slowly synchronizes parameters to improve training stability.

Table 3.1: Comparison of main hyperparameters for PPO, DDQN, and SAC agents

Parameter PPO DDQN SAC (Discrete)
Learning rate alpha (1e-4,

actor/critic)
lr (1e-5, Q-net) alpha (1e-4,

actor); beta (1e-4,
critic)

Discount factor
(γ)

0.99 0.99 0.99

Batch size 64 64 64
Buffer size – 1,000,000 1,000,000
Target update – every 10 steps τ (0.005, soft

update)
Epsilon params – start: 1.0; end:

0.05; decay: 0.99
–

Policy clip 0.2 – –
GAE lambda 0.95 – –
Entropy
coeff/target

0.01 – target:
− log(1/n); auto

α
Network hidden
size

256/256/256
(actor/critic)

256/256/256 (Q
network)

256/256/256
(actor/critic)

Optimizer Adam Adam Adam
Replay buffer On-policy

memory
Yes Yes

The LLMs agent takes as input a DataFrame of historical failure records for several
machine models, processes the latest 10 failure events for each model, and uses an
LLM to assess the current stability of each model. The output is a list of numerical
stability scores, one for each machine model under consideration. The tokenizer’s
padding token is set to the end-of-sequence (EOS) token, with left-side padding.
The maximum number of tokens generated per inference call is limited to 1,000 in
case excessive generation length. Inference is conducted using half-precision arith-
metic (torch.float16) and sampling is disabled (do_sample=False), with all decoding
proceeding via greedy selection to guarantee that identical inputs yield identical out-
puts. Figure 3.7 shows the prompt template used to in LLMs.

We conducted comprehensive comparative experiments on the selected LLM agents
and DRL agents using both horizontal and vertical comparisons. The horizon-
tal comparison evaluated the training performance of different DRL agents when
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Figure 3.7: Prompt template.

trained with the same LLM agent. In the vertical comparison, we introduced a
baseline experiment that generates state representations based on a random algo-
rithm in order to assess the training performance of the same DRL agent when
paired with different LLM agents. Evaluation metrics include average reward per
episode and speed of convergence. All of the agents’ training parameters remained
the same throughout these comparative tests.
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4
Results

Our experiment was conducted in three phases: First, we implemented a simulation
model in the digital twin layer to automatically generate fault reports in a simulated
environment. Then, we investigated how to use LLMs to analyze these reports
and produce usable digital representations. Finally, we tested three different DRL
algorithms in a complete closed-loop experiment.

4.1 Generation of Maintenance Report from Sim-
ulation Model

Figure 4.1 shows the way we implemented the automatic export of fault reports. The
lab currently has three machines, all generating error logs during simulation in the
same standardized format. Each log entry includes: the faulty machine identifier,
error type, fault start time, fault end time, and the platform’s predicted time interval
until the next occurrence of the same fault. Figure 4.2 displays a screenshot of the

Figure 4.1: The screenshot of the method to export the fault report.

output fault report. A Python daemon thread persistently monitors the target
file, fetching incremental updates from the last recorded cursor position when new
data becomes available. The system then automatically annotates the data with
diagnostic causes and repair solutions, emulating human troubleshooting workflows.
The resulting complete maintenance report is presented in Figure 4.3.
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Figure 4.2: The screenshot of fault report.

Figure 4.3: The screenshot of maintenance report.

4.2 Output from Generative AI Layer

We employed three different LLM models for our experiments, all utilizing the small-
est available versions of each model. This decision was made not only due to com-
putational resource constraints but also because our task was relatively simple - the
input data contained only 9 columns, and for each component we sampled only the
most recent 10 entries for training. Even the smallest LLM models proved sufficient
to validate our proposed framework. All three models were trained using identical
parameters and prompts. For each training batch, we compiled historical data from
the three machines into arrays containing three prompts. These were then tokenized
collectively before being processed by the large language models for analysis. The
expected output is shown in Figure 4.4.
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Figure 4.4: The output of LLMs.

4.3 Output from Deep Reinforcement Learning
Layer

To evaluate the training performance of different DRL agents under the outputs of
various LLMs, we also established a baseline model. This model generates machine
state values based on experience for the DRL to read. Serving as a control, the
baseline model helps quantify the performance differences of DRL agents influenced
by different LLM outputs.

We compared their performances during training over 500 episodes, each with a
maximum of 100 steps. We evaluated the average reward per episode, which reflects
the overall performance and learning effectiveness, as well as the number of steps
taken to reach the goal state in each episode, which indicates the convergence speed.

Experimental results show that, in the horizontal comparison experiments, the Phi
model demonstrated significant advantages across all three DRL agents, with es-
pecially outstanding performance when paired with the PPO agent—the average
reward during training was noticeably higher than with other models (as shown in
Figure 4.9). In the vertical comparison experiments, PPO outperformed DDQN and
SAC by a large margin in the maintenance prioritization task, achieving higher re-
wards and a more stable training process. After introducing the Phi model, PPO’s
training performance was further improved, with both the obtained rewards and
the average number of steps required to reach the goal state becoming more optimal
and stable, as shown in Figure 4.11. In contrast, DDQN and SAC agents did not
show significant improvements in reward after integrating LLMs, and the overall
gains were limited. By averaging the average reward, as shown in the Table 4.1,
the combination of the PPO and Phi models achieves the best performance, with
highest score 0.829.

Notably, all models demonstrate stable learning trajectories after the initial data-
scarce phase. The observed early-stage volatility rapidly subsides, with policies con-
verging to steady-state performance within 100 training epochs. This stabilization
confirms that LLM integration effectively resolves the cold-start problem inherent
in conventional DRL-digital twin systems.
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Llama-3.2-1b Phi-3.5-mini DeepSeek-R1-Distill-Qwen-1.5B
DDQN 0.817 0.818 0.816
SAC 0.785 0.788 0.783
PPO 0.819 0.829 0.818

Table 4.1: Performance comparison across different LLMs and RL algorithms.

Figure 4.5: The figure shows the average reward and the train steps per episode
during training for the DDQN agent when interacting with three different LLM
models and the baseline model.

4.4 Reflection

This experiment aims to support prescriptive maintenance decisions in industrial
environments by dynamically optimizing maintenance workflows through AI-driven
insights. The DRL agent generates maintenance priority actions based on real-time
LLM state representations and equipment operating conditions. After execution,
the digital twin’s reward function calculates a reward value reflecting the virtual
model’s performance post-action. Higher rewards indicate greater DRL learning
efficiency, more reliable decision outcomes, and closer alignment with prescriptive
maintenance objectives.

Experimental results show SAC maintained stable performance at 0.78 reward but
gained no improvement from LLM-enhanced states, indicating its inability to lever-
age semantic representations. DDQN showed marginal gains when combined with
the Phi model, yet lacked decisive advantages over baselines, suggesting LLMs only
minimally enhanced its learning efficiency. In contrast, PPO demonstrated signif-
icant improvement when integrated with LLM state representations, particularly
with the Phi model, achieving a substantially higher average reward of 0.829. This
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Figure 4.6: The figure shows the number of steps per episode taken to reach the
goal state during training for the DDQN agent when interacting with three different
LLM models and the baseline model.

confirms PPO’s policy-gradient architecture uniquely harnesses the semantic rich-
ness of LLM outputs, enabling faster convergence, more robust learning, and superior
decision quality in complex industrial settings.

The three algorithms employed in this experiment demonstrated relatively stable
average performance over 500 training episodes. This stability indicates that the se-
lected hyperparameter configurations operate within robust operational ranges for
each algorithm, avoiding extreme fluctuations due to minor adjustments.

For DDQN, key hyperparameters include the learning rate, target network update
interval, and epsilon parameters governing exploration. A higher learning rate accel-
erates convergence but often causes significant reward volatility, while a lower rate
enhances training stability at the cost of slower progress. The target network update
frequency is equally critical: infrequent updates slow learning, whereas excessive up-
dates induce instability. Epsilon parameters balance exploration and exploitation,
slow decay prolongs suboptimal exploration, while rapid decay risks inadequate early
exploration and persistent randomness, reducing average rewards.

In the discrete-action SAC implementation, sensitivity primarily manifests in the
entropy target, temperature coefficient α, soft update coefficient τ , and learning
rates for actor/critic networks. Misconfiguration of entropy targets or automatic
entropy adjustment mechanisms may yield overly random policies or insufficient ex-
ploration. The soft update coefficient τ dictates how quickly target networks track
primary networks, directly influencing training stability and adaptability.
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Figure 4.7: The figure shows the average reward during training for the SAC agent
when interacting with three different LLM models and the baseline model.

PPO exhibits significant sensitivity to the policy clip range, entropy coefficient,
learning rate, and training iterations per batch. The clip range constrains diver-
gence between old and new policies to ensure stable updates; improper settings may
suppress policy improvement or cause divergence. The entropy coefficient directly
controls exploration: high values encourage exploration but hinder convergence,
while low values promote premature exploitation of suboptimal policies. Learning
rates and training iterations per batch require careful balancing to avoid underfit-
ting or overfitting.

Despite the algorithms reporting similar average rewards in this experiment, we ob-
served that even slight deviations from empirically optimal hyperparameter ranges
could cause substantial performance degradation or training instability.
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Figure 4.8: The figure shows the number of steps per episode taken to reach the
goal state during training for the SAC agent when interacting with three different
LLM models and the baseline model.

Figure 4.9: The figure shows the average reward during training for the PPO agent
when interacting with three different LLM models and the baseline model.
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Figure 4.10: The figure shows the number of steps per episode taken to reach the
goal state during training for the PPO agent when interacting with three different
LLM models and the baseline model.

Figure 4.11: The figure shows the average reward during training for the Phi
model when interacting with three different DRL agents.
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Figure 4.12: The figure shows the average reward during training for the DeepSeek
model when interacting with three different DRL agents.

Figure 4.13: The figure shows the average reward during training for the Llama
model when interacting with three different DRL agents.
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5
Discussion

5.1 Answers to Research Question

RQ 1: How can LLMs convert real-time maintenance reports into valu-
able state representations suitable for deep reinforcement learning algo-
rithms?

In our experimental scenario, the data includes both structured fields (such as
equipment start time, end time, and operational status—which require the LLM
to possess certain logical reasoning capabilities) and unstructured textual feedback
from frontline engineers and maintenance experts. Directly inputting structured
data into the LLM often results in inaccurate comprehension of field relationships
and may even cause parsing errors when processing formats like CSV. To address
this issue, we adopted a schema-guided prompting method to preprocess and format
input data, enhancing the LLM’s ability to understand structured information and
improving output accuracy.

To ensure the reliability of decision-making, we first standardize the raw data and
clearly define the criteria for performance evaluation. We then reconstruct the struc-
tured data into natural language prompts—for example, converting the “start time”
and “end time” fields into descriptions like “The equipment malfunctioned at [time]
and was repaired at [time].” These natural language prompts are then combined with
synthetic data generated by the virtual simulation platform (such as “predicted time
to next failure”) and input into the LLM. Then LLM must accomplish two key tasks:
first, to reason about the variation trends in the time intervals between start and
end times across different records, thereby assisting in the assessment of equipment
operating cycles and fault patterns; and second, to extract critical information from
expert notes and other unstructured texts, such as hardware fault descriptions or
abnormal alarms, further determining whether the equipment is in a stable or ab-
normal state.

The LLM-empowered state representation method we adopt theoretically aligns
closely with the LESR (LLM-Empowered State Representation) framework dis-
cussed in related literature[78]. Both approaches address the challenge of trans-
forming heterogeneous industrial data into representations usable by reinforcement
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learning agents. LESR pioneered the autonomous generation of state encodings
and intrinsic rewards using language models, while our schema-guided prompting
technique builds upon this foundation with customized extensions tailored to the
specific data constraints of manufacturing. The core commonality between the two
lies in viewing LLMs as ’semantic interpreters’ rather than mere feature extractors,
bridging the gap between raw industrial data and decision-ready representations.

RQ 2: How do different DRL models perform when trained with high-
dimensional state representations?

Compared to prior research where PPO integrated with digital twins achieved an
average reward of 0.6[1], our experimental results demonstrate significantly superior
performance. The LLM-empowered PPO-digital twin system consistently attained
average rewards exceeding 0.8. These findings further validate that PPO’s on-policy,
policy-gradient architecture uniquely leverages LLM-enhanced state representations
to deliver exceptional outcomes in high-dimensional industrial environments.

In our experiments, we additionally implemented two other algorithms, DDQN and
SAC, which are off-policy methods, for comparative analysis. PPO consistently out-
performed both DDQN and SAC, which aligns with the TranDRL framework’s con-
clusions where PPO similarly emerged as the optimal algorithm for LLM-enhanced
reinforcement learning[77]. This superiority stems from PPO’s on-policy, policy-
gradient methodology, which updates policies exclusively using the most recently
collected data. This enables superior adaptation to high-dimensional, discrete, and
dynamically changing state spaces. Conversely, value-based off-policy methods like
DDQN and SAC are more susceptible to value estimation bias and training insta-
bility in high-dimensional environments.

Additionally, the Phi model with 3.82B parameters demonstrates significantly better
training performance compared to the 1.24B-parameter llama-3.2-1b model and the
1.78B-parameter DeepSeek-R1-Distill-Qwen-1.5B model. This advantage is mainly
due to Phi’s larger parameter scale, as well as its use of a high-quality, large-scale
training dataset (up to 3.3 trillion tokens), and rigorous data selection and multi-
stage optimization during training and safety alignment. As a result, the Phi model
delivers superior training and inference performance.

Experimental results demonstrate that the Phi model provides PPO with state in-
puts richer in semantic information and structural features, enabling faster and
more accurate learning of optimal policies. However, the study did not individually
optimize DRL hyperparameters for different LLMs, which would be a significant lim-
itation given reinforcement learning’s sensitivity to parameter configuration. This
lack of personalized tuning risks underestimating the capabilities of larger LLMs[89].
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5.2 Contribution of This Study
This study explores methods for LLM-empowered DRL state representation. By
LLMs, the proposed approach efficiently transforms multi-dimensional machine states,
including both structured operational parameters and unstructured human feedback,
into semantically rich state representations interpretable by DRL agents. This ap-
proach significantly enhances DRL learning efficiency, addressing issues of insuffi-
cient state space representation, unreliable learning outcomes, and cold-start prob-
lems. The introduction of LLMs effectively bridges the gap between historical data,
expert knowledge, and executable maintenance strategies, providing a feasible ex-
ploration for truly smart decision-making systems.

In comparative experiments with different types of DRL models, we found that
on-policy methods like PPO perform better in high-dimensional, semantically com-
plex state spaces. PPO can continuously optimize its policy using the most recently
collected data, allowing it to better adapt to the dynamic state distributions gener-
ated by LLMs, resulting in more stable training processes and higher reward scores.
In contrast, off-policy methods such as DDQN and SAC are more susceptible to
value estimation bias and slower adaptation, making them less effective than PPO
in complex environments. In addition, lightweight LLMs like Phi, which have more
training parameters, can provide PPO with richer and more accurate state repre-
sentations, further enhancing PPO’s performance in complex tasks.

5.3 Limitation
First, the LLMs selected in our current experiments are lightweight versions with
a limited number of parameters. Although previous research has shown that larger
models possess stronger knowledge representation and reasoning abilities, due to
resource constraints, we have not yet verified whether DRL’s learning efficiency
and decision accuracy would be further enhanced with larger-scale LLMs (such as
those with billions or tens of billions of parameters) that have greater knowledge
reserves[90].

Second, due to computational and platform limitations, the number of DRL train-
ing episodes in this study is relatively small and does not cover larger-scale training
scenarios. Previous literature has pointed out that sample efficiency and training
scale have a significant impact on DRL performance [91]. In the future, it would be
valuable to increase the number of training episodes to 100,000 or more to observe
whether the average return and policy convergence speed can be further improved,
providing a more comprehensive evaluation of the sample efficiency and generaliza-
tion ability of the integrated model.

Third, our experiments did not perform hyperparameter optimization specifically
tailored for different LLM architectures within the DRL framework. Given reinforce-
ment learning’s well-established sensitivity to parameter configurations—where even
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minor adjustments can cause up to a 50% reward reduction in LLM-enhanced sys-
tems, this oversight risks weakening knowledge retention capabilities[89]. However,
since the experiments primarily used small models with similar parameter scales, the
resulting performance impact was not substantial. Nevertheless, when integrating
larger LLMs (such as 70B+ parameter models), which fundamentally differ from
lightweight architectures like Phi in gradient complexity, output stability, and rep-
resentation density, personalized tuning of learning rates, entropy coefficients, and
clipping thresholds becomes essential.

5.4 Future Work
The representation of action spaces will emerge as one of the primary research di-
rections in the future. This innovative approach can effectively address the action
dimensionality challenges faced by traditional reinforcement learning in complex in-
dustrial scenarios, while providing new theoretical frameworks and technical path-
ways for optimizing intelligent maintenance systems.

Furthermore, the integration of multi-agent collaborative architectures enables ef-
fective handling of complex decision-making problems involving multi-equipment
coordination in production lines. Within such frameworks, each agent specializes in
learning action representations for specific equipment, while achieving information
exchange through dedicated communication protocols. This allows for intelligent
maintenance operations in sophisticated manufacturing environments.

Finally, incorporating Retrieval-Augmented Generation (RAG) technology facili-
tates the development of specialized knowledge bases for maintenance prioritization
decisions. These knowledge repositories further enhance LLMs’ capability to gener-
ate more precise and accurate state-action representations.
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Given the exceptional capabilities of LLMs in processing textual data, combined with
the widespread adoption of DRL and digital twin technologies in intelligent man-
ufacturing, this paper proposes an LLM-driven DRL digital twin system solution.
This approach effectively integrates unstructured expert feedback with structured
equipment operational data, transforming them via LLM into state representation
data usable by DRL, successfully addressing the challenge faced by traditional DRL
digital twin systems that cannot directly process unstructured human feedback data.

Based on our experimental results, on-policy methods like PPO demonstrate out-
standing performance in high-dimensional, semantically complex state spaces, espe-
cially when integrated with high-parameter, lightweight LLMs such as Phi, achieving
faster convergence and better decision-making outcomes. The proposed approach
not only effectively utilizes real-time data and human feedback to achieve excel-
lent decision quality but also addresses the cold-start problem faced by traditional
DRL-digital twin systems, enabling rapid convergence and stable learning processes.

The LLM-DRL integrated solution proposed in this study can be further validated
in the future by incorporating larger-scale, multi-source industrial data from more
complex environments. This will verify the system’s decision-making robustness and
generalization capabilities in actual dynamic industrial settings. Simultaneously,
systematic exploration of LLMs with different parameter scales can be conducted to
assess their impact on state representation quality and intelligent decision-making,
while investigating the relationship between model complexity and performance im-
provement. Building on the excellent results achieved in state representation, fu-
ture work could leverage LLMs’ natural language generation capabilities to expand
the maintenance action space. When combined with LLM-driven adaptive reward
mechanisms, this enables dynamic policy optimization. Furthermore, by integrat-
ing domain-specific knowledge graphs, the system can generate more fine-grained
and targeted fault resolution solutions, thereby enhancing decision reliability and
transparency.
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