
Leveraging Generative AI for Predictive
Maintenance:
Building a Knowledge Base for Fault Diagnosis

Master’s Program in Systems, Control and Mechatronics
Master’s Program in Complex Adaptive System

XINYING WANG
XIAOYING LIU

DEPARTMENT OF INDUSTRIAL AND MATERIALS SCIENCE

CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2025
www.chalmers.se

www.chalmers.se




Master’s thesis 2025

Leveraging Generative AI for
Predictive Maintenance:

Building a Knowledge Base for Fault Diagnosis

XINYING WANG
XIAOYING LIU

Department of Industrial and Materials science
Division of Production Systems

Chalmers University of Technology
Gothenburg, Sweden 2025



Leveraging Generative AI for Predictive Maintenance:
Building a Knowledge Base for Fault Diagnosis
XINYING WANG
XIAOYING LIU

© XINYING WANG, XIAOYING LIU 2025.

Supervisor: Siyuan Chen, Chalmers University of Technology
Examiner: Anders Skoogh, Chalmers University of Technology

Master's Thesis 2025
Department of Industrial and Materials Science
Division of Production Systems
Chalmers University of Technology
SE-412 96 Gothenburg
Telephone +46 31 772 1000

Cover: System architecture diagram illustrating the integration of manual docu-
ments, event logs, and synthetic sensor data into a retrieval-augmented generation
pipeline for predictive maintenance using Large Language Model.

Typeset in LATEX, template by Kyriaki Antoniadou-Plytaria
Printed by Chalmers Reproservice
Gothenburg, Sweden 2025

iv



Abstract

Fault diagnosis is a complex challenge for industrial production. This thesis de-
velops and evaluates a predictive maintenance assistant integrating large language
models (LLM) with retrieved-generation techniques (RAG). By constructing a uni-
�ed knowledge base comprising sensor data, event logs, and equipment manuals, the
system enhances fault diagnosis in industrial settings.
The system analyzes sensor data and links it to event logs, matching sensor data with
faults. Meanwhile, it connects faults with equipment manuals via RAG, forming a
uni�ed knowledge framework. It generates readable and accurate fault diagnostics
via LLMs and searching relevant technical documents. It is adaptive, transferable,
and capable of integrating speci�c knowledge.
Experiments conducted using a simulated drone assembly production line demon-
strate signi�cant improvements in diagnostic accuracy, interpretability, and relia-
bility, e�ectively addressing common issues such as hallucinations and unsupported
claims found in traditional LLM applications. The �ndings highlight the practical
feasibility of deploying advanced AI-driven predictive maintenance solutions, empha-
sizing the importance of semantic richness and structured knowledge integration.

Keywords: Predictive Maintenance, Large Language Models, Retrieval-Augmented
Generation, Knowledge Base, Fault Diagnosis, Industrial AI, Data Integration,
Knowledge Graph.
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1
Introduction

This chapter introduces the conceptual framework and research objectives of the
thesis, which studies the assistance of smart decision making in industrial predictive
maintenance with arti�cial intelligence (AI). It focuses on the synergistic integra-
tion of generative AI technologies, speci�cally large language models (LLM), with
retrieval augmented generation (RAG) techniques to achieve smart decision making.

1.1 Background

In industrial production, to keep high e�ciency and safety in operation, it is crucial
to conduct equipment failure diagnosis and maintenance. In the era of Industry 4.0,
the data-driven predictive maintenance (PdM) proves to be more e�ective compared
with conventional �xed schedules and breakdowns waiting. It excels at promptly
forecasting equipment failures and scheduling maintenance[1]. Modern PdM sys-
tems constantly monitor asset health via some physical parameters such as vibra-
tion, temperature, or acoustic sensors. These data can be subsequently used for
analytics to detect anomalies and predict future failures[2]. In this manner, PdM
optimizes the performance and improves the lifespan of equipment, thus reducing
unplanned downtime and maintenance costs[3]. In practice, it bene�ts the techni-
cians by providing real-time information about potential equipment faults [4]. The
data-driven approach contrasts with traditional preventive schedules by its sensitive
reaction to the actual condition of assets[5]. However, in most cases, the automotive
decision making of PdM is restricted by various types of uncurated data sources and
knowledge that are stored in unstructured documents, which limits [6].

Most recently, several studies reported that AI techniques (from machine learning
to today's generative AI) enable more advanced PdM solutions. AI assists PdM by
fusing rich sensor and diagnostic data, which further improves machine uptime and
reliability. As an example, PdM has been successfully applied in the automotive
industry, by predicting component breakdowns and scheduling pre-failure repairs
based on analysis of vehicle sensor data. occur[7][8].Recent advances in generative
AI, notably LLMs, suggest new possibilities for improvement of PdM. Despite orig-
inally designed for natural language processing (NLP), LLMs can be repurposed
for applications in industrial settings[9]. For example, LLMs can be utilized to
process unstructured maintenance logs or technical manuals and subsequently gen-
erate human-readable notes. LLMs have already been applied in the diagnostics
and predictive maintenance tasks in the automotive sector. Moreover, generative

1



1. Introduction

models like LLMs can fuse sensor streams and textual knowledge (e.g. past failure
reports) to produce a more comprehensive maintenance schedule. However, LLMs
alone have several limitations that may hamper the industrial application. For the
most important one, they tend to �hallucinate� facts or get trapped by date domain
speci�c knowledge. For application in the maritime industry, LLMs often require
considerable modi�cations to meet the speci�c demands[10].

To address the limitations listed above, retrieval augmented generation was pro-
posed, which combines a standard LLM with a retrieval step. In RAG, before
generating an answer, the LLM �looks up� relevant information from an external
knowledge base or document set [11]. As for application in industry, the external
queries become the database of equipment manuals, maintenance logs, or sensor
archives, which can be utilized to re�ne a PdM system with RAG. This ensures
that the decision of LLM is grounded in real technical data.[9]. This makes RAG
especially an attractive scheme to deploy LLM for predictive maintenance. Notably,
RAG allows the model to incorporate the latest domain knowledge (e.g., component
speci�cations or historical failure modes) without the need for retraining. Besides
RAG, knowledge augmented generation models have been proposed more recently,
which further integrate structured domain knowledge (such as knowledge graphs)
with LLMs[12]. In contrast with RAG, which utilizes unstructured data, KAG com-
bines the reasoning capabilities of knowledge graphs, such as numerical relations,
rules, and temporal logic, with the language understanding of LLMs. The combina-
tion of LLM with RAG or KAG approaches is a promising way to fuse sensor data,
engineering knowledge, and natural language, building the theoretical foundation
for this study[13].

1.2 Purpose

The purpose of this research is to develop and evaluate a novel model that integrates
a large language model with retrieval augmented generation techniques for industrial
fault diagnosis. The model aim to enhance maintenance decision making by enabling
more accurate fault diagnosis, context rich diagnostics, and proactive recommenda-
tions tailored to an industrial setting. By combining an LLM's reasoning ability with
domain speci�c knowledge retrieval, the model provides maintenance engineers with
interpretable and trustworthy insights that improve operational reliability while re-
specting practical constraints such as data privacy and limited computing resources.

1.3 Aims

This thesis aims to construct an end to end pipeline that converts troubleshooting
logs and sensor measurements into readable maintenance reports, and deploy an
interactive LLM based assistant that ingests those reports along with manual book
documents to provide actionable diagnostics.

2



1. Introduction

1.4 Research Question

This thesis seeks to answer the following research questions (RQs):

ˆ RQ1: How can a comprehensive knowledge database be constructed by inte-
grating heterogeneous data sources from various types of machines for appli-
cation of generative AI?

ˆ RQ2: How can large language models and retrieval-augmented generation
techniques be e�ectively integrated to enhance fault diagnosis support in com-
plex systems?

1.5 Scope and Delimitations

This research was conducted over a brief period (February�June 2025), imposing
practical constraints on experiment scope and system development. As a result,
certain design decisions (e.g., model selection and parameter tuning) had to be
made under time pressure, foregoing extended iterative testing or optimizations.

A key challenge was the unavailability of real-world industrial event logs due to data
access and con�dentiality issues. To mitigate this, synthetic event logs were gener-
ated using Siemens Plant Simulation to approximate factory operations. However,
the synthetic events from the simulation did not directly correspond to the struc-
ture or semantic context of the real measurements and required preprocessing to be
mapped.

Another limitation arises from the computing environment typical of many factories.
Industrial plants often rely on modest hardware. This constraint limits the size and
complexity of deployable language and retrieval models. Designing for these modest
resources requires trade-o�s between model performance and computational cost,
prioritizing lightweight architectures and optimized work�ows.

1.6 Outline

This thesis is organized into six main chapters, followed by appendices, to systemat-
ically address the research objectives. Chapter 1 introduces the research, outlining
the background, problem statement, purpose, aims, research questions, and scope.
Chapter 2 provides a comprehensive theoretical background, reviewing key concepts
in predictive maintenance, Large Language Models, Retrieval-Augmented Genera-
tion, Knowledge-Augmented Generation, the LangChain framework, and the current
state-of-the-art in LLMs for predictive maintenance. Chapter 3 details the method-
ology, describing the system overview, the overall research framework, data collection
and preprocessing techniques for equipment manuals, event logs, and sensor data,

3



1. Introduction

and the implementation of the RAG and KAG pipelines. Chapter 4 presents the
results of the study, including �ndings on data integration and preprocessing, the
performance evaluation of the RAG and KAG systems, and a comparative analysis
of their e�ectiveness. Chapter 5 discusses these results, providing interpretations,
answering the research questions, considering the implications and limitations of the
study, and suggesting directions for future work. Finally, Chapter 6 concludes the
thesis by summarizing the key �ndings, reiterating the contributions to the �eld of
AI-driven predictive maintenance, and highlighting the overall signi�cance of the
research. The appendices o�er supplementary materials, including system con�gu-
rations, illustrative examples, and data processing code.

4



2
Theoretical Background

2.1 Maintenance

In the industrial context, maintenance is broadly de�ned as �the combination of
all technical, administrative and managerial actions during the life cycle of an item
intended to retain it in, or restore it to, a state in which it can perform the required
function�[14]. While maintenance inherently encompasses repairs, this de�nition
highlights the proactive measures to keep equipment operating soundly and safely.
Modern industrial maintenance strategies are typically categorized as corrective or
preventive maintenance. The former refers to reactive �xes after failures, and the
latter refers to scheduled maintenance to avert failures. Recently, there has been
a growing emphasis on predictive maintenance. It is a proactive approach using
condition monitoring and data analytics to predict equipment failures early[15]. By
constantly acquiring sensor data and assessing machine health, predictive mainte-
nance schedules interventions just-in-time. It minimizes unplanned downtime and
maintenance costs, thus maximizing asset availability.

Figure 2.1 A schematic comparison of reactive (action only after failure), periodic
preventive (scheduled actions), and data-driven predictive (intervene based on health
estimates) approaches.
The timeline diagram (Figure 2.1) displays how reactive �xes follow a failure event,
preventive tasks recur at �xed intervals, and predictive maintenance leverages sens-
ing (iconized by the magni�er) to schedule repairs before failure. These strategies
form a continuum balancing downtime risk and cost.

2.1.1 Current Practices

In predictive maintenance, a key component is e�ective fault diagnosis, which gen-
erally consists the following four stages[17]: (1) fault detection � recognizing the
occurrence of a deviation or anomaly indicative of a fault event; (2) fault isolation
� pinpointing the originating component or subsystem that causes the fault event;
(3) fault identi�cation � determining the exact nature and characteristics of the
fault, usually including type, size, and timing; and (4) fault evaluation � assessing
the severity and implications of the fault, especially its potential e�ect on system
performance or lifespan.

5



2. Theoretical Background

Figure 2.1: Schematic timeline of Reactive, Preventive and Predictive
maintenance actions relative to machine operation. [16].

Figure 2.2: Flowchart illustrating the sequential stages in fault diagnosis.
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2. Theoretical Background

For decades, fault diagnosis has mainly employed analytical and signal-processing
methods. Model-based (analytical) approaches build mathematical models of sys-
tem behavior. Typical methods include observers or parameter estimation schemes
that analyze the di�erences between measured and expected signals as the crite-
rion to detect anomalies[18][19]. In contrast, signal-based methods (data-driven or
feature-based) explore the statistics in raw sensor data to extract fault signatures.
Representative analysis tools in signal-based methods include time-frequency analy-
sis, spectrum analysis, and wavelet transforms. Besides the two methods, emerging
knowledge-based techniques encode expert rules or use fuzzy logic to reason about
faults. Ji et al. systematically summarized and compared the three mainstream
diagnostic methods mentioned above. For well-characterized systems, analytical
models and classical signal-processing methods function e�ectively. However, when
dealing with nonlinear systems and high-dimensional data, the two traditional meth-
ods would be incompetent. The reason is that they typically focus on speci�c fault
patterns without extensive domain knowledge. This problem can potentially be
solved by knowledge-based methods. [20][21].

2.1.2 AI in Fault Diagnosis

Over the past two decades, machine learning (ML)[22] and deep learning (DL) have
transformed predictive maintenance and fault diagnosis. Data-driven ML models
such as support vector machines, random forests, and gradient boosting are success-
fully applied in fault diagnosis. After training on historical sensor and operational
data, these models can recognize fault patterns or predict failures with high ac-
curacy[20]. More advanced deep neural networks learn hierarchical features from
raw time-series data seamlessly and signi�cantly improve the performance on large
datasets. Serradilla et al. reasoned that the prevalence of DL methods in predictive
maintenance as their capabilities in handling the growing volume of industrial data.
This is particularly bene�cial for addressing tasks such as anomaly detection, root-
cause analysis, and remaining lifespan. [23]. These AI-based models have achieved
state-of-the-art results across several fault diagnosis domains. However, they require
a large amount of labeled data and lack interpretability. Consequently, researchers
have been exploring hybrid and explainable approaches combining physical models
with learning algorithms, to address the problem mentioned above[24].

In recent years, large language models were proposed, which are basically very large
neural networks pretrained on vast corpora. LLMs have opened new frontiers for AI-
assisted maintenance. Initially, LLMs designed for the language task were not a di-
rectly applicable tool for sensor-based diagnostics. However, their ability to capture
complex patterns and knowledge has sparked exploration in maintenance contexts.
Recently, researchers have begun to �ne-tune or modify LLMs for speci�c fault diag-
nosis tasks. LLMs were even fed with time-series sensor readings by encoding signals
as text tokens[25]. Early results show that certain LLMs can achieve competitive or
even better fault detection accuracy compared with specialized deep learning. The
advantages of LLMs originate from their capacity to integrate multiple data sources
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and contextual information[26]. Moreover, LLMs are more human-friendly, as they
produce intelligible maintenance reports and anomaly interpretations. This greatly
assists engineers in the industry[27]. This trend paves a broader road toward AI-
augmented maintenance, where advanced models provide both the fault prediction
and its explanation and contextualization.

Nonetheless, the application of LLMs for industrial maintenance is still immature.
The solution of key challenges like adapting them to speci�c domains and ensur-
ing reliable, trustworthy outputs needs more e�ort. These issues drive the work
presented in the rest of this thesis.

2.2 Large Language Models

Large Language Models have emerged from decades of natural language process-
ing (NLP) research. Early work at the mid-20th century developed statistical lan-
guage models (LMs) such as n-grams to predict word sequences[28]. The 2000s saw
neural LMs, using embeddings and recurrent neural networks (RNNs) [29][30] to
learn word probability distributions. A watershed was the Transformer architec-
ture, mainly composed of the attention operation that enabled massive pre-trained
LMs [31][32]. Pre-training on web-scale text and �ne-tuning on tasks (the PLM
paradigm) produced �exible models. Starting around 2018, OpenAI's GPT series
exempli�ed the �foundation model� approach: GPT-1 and GPT-2 showed the value
of scaling law, and the subsequent GPT-3 (175B parameters) demonstrated few-shot
learning. More recently, GPT-4 (Mar 2023) and other similar models integrate data
on a larger scale and reach near-human pro�ciency on many benchmarks[33]. In
summary, LLMs trace a path from statistical n-grams in the 1990s through neural
architecture like RNNs in the early 2000s, to modern Transformer-based models
since 2017, culminating in today's large pretrained models. These models can gen-
erate coherent text and follow complex instructions[34].

2.2.1 Application Areas of LLMs

LLMs now power a wide range of tasks[34]. Key applications include the following
areas. Text Generation and Dialogue: Generative chatbots (e.g., ChatGPT) can
compose essays, summaries, and converse with users. They excel at tasks like ques-
tion answering and text summarization[35]. Knowledge Reasoning: Advanced LLMs
perform multi-step reasoning on complex questions. For example, GPT-4 scores at
the top 10% on a simulated bar exam[33], and models can solve logic/math prob-
lems via chain-of-thought prompting[36]. Coding Assistance: Models �ne-tuned on
code (e.g., OpenAI's Codex) translate natural language to programs. Codex (de-
rived from GPT-3) powers GitHub Copilot and can generate code snippets from
prompts[37]. Specialized Domains [38]: LLMs assist in technical �elds by sum-
marizing information or drafting reports. They can also handle multimodal tasks
(processing images alongside text in models like GPT-4[33] or Google's Gemini[39]).
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These capabilities derive from pretraining on vast datasets and the models' gener-
ality, enabling them to be adapted to diverse tasks by prompt design or �ne-tuning.

2.2.2 Comparative Overview of Selected LLMs

Table 2.1: Major LLMs (until 2025): Metadata Summary

Model Release Date Company Country Type Open
Source?

GPT-4 Mar 2023 OpenAI USA General No (closed)

Llama 3 Apr 2024 Meta USA General Yes (open)

DeepSeek-R1 Jan 2025 DeepSeek-AI China Specialized
(reasoning)

Yes (MIT Li-
cense)

Claude 3 Mar 2024 Anthropic USA General No (closed)

Gemini Dec 2023 Google Deep-
Mind

USA Multimodal No (closed)

PaLM 2 May 2023 Google USA General No (closed)

Mixtral Dec 2023 Mistral AI France Sparse MoE Yes (Apache
2.0)

Qwen 3 Apr 2025 Alibaba Cloud China General Yes (Apache
License)

Falcon Mar�Nov 2023 TII UAE General Yes (permis-
sive)

Table 2.2: Major LLMs (until 2025): Technical Capabilities and Performance

Model Main Capabilities Reasoning Ability Accuracy /
Benchmarks

GPT-4 Multimodal input
(text + image);
broad NLP skills

Very high � near-human
level[33]

SOTA on several
benchmarks (e.g.,
bar exam top 10%)

Llama 3 Text generation,
coding, long-context
reasoning

Improved over Llama
2[40]

Matches GPT-4 on
many tasks

DeepSeek-R1 Reasoning, math,
code

Very high � comparable
to GPT-4[41]

GPT-4 level on log-
ical reasoning and
coding[41]

Claude 3 Content creation,
safe alignment,
document analysis

Very high � human-level
on MMLU[42]

SOTA on many
expert-level tasks
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Model Main Capabilities Reasoning Ability Accuracy /
Benchmarks

Gemini Multimodal (text,
image, audio);
multilingual

Very high� 90%+ on
MMLU[39]

Surpasses GPT-4 on
some benchmarks

PaLM 2 Multilingual under-
standing, code, log-
ic/math

High � expert-level
logic[43]

Top on many lan-
guage/coding tasks

Mixtral Long-context, multi-
lingual, sparse MoE

High � exceeds GPT-
3.5[44]

Strong cost/perfor-
mance tradeo�

Qwen 3 Code, math, multi-
lingual (119 langs)

High � strong on reason-
ing[45]

Best open-source on
many leaderboards

Falcon Large-scale gener-
ation, open-source
tuning

High � near GPT-4
level[46]

Among top-
performing open
models

2.2.3 Model Selection: Llama3 and DeepSeek-R1

We select Llama 3 and DeepSeek-R1 in this study, considering their complementary
advantages. Both models are open-source, enabling inspection and on-premise de-
ployment. Meta's Llama 3 (8B or 70B parameters) demonstrates enhanced reasoning
and coding abilities[noone2024Llama3 ] and is released with permissive licenses for
research use. It serves as a strong general-purpose model with multi-task capabili-
ties. DeepSeek-R1 is explicitly designed for enhancing logical reasoning. It achieves
competitive performance with GPT-4-level models on math and coding tasks[41]
and is released under an MIT license. Moreover, DeepSeek-R1 can be distilled into
much smaller sub-models (e.g., 7B or 14B parameters) with uncompromised chain-
of-thought ability, which is crucial in our study. Therefore, the combination of Llama
3 and DeepSeek-R1 provides a balance of high reasoning accuracy and lightweight
deployment. These features are suitable for �ne-tuning and embedding in edge or
industrial systems, which this study focuses on.

2.2.4 Introduction of Deepseek

DeepSeek-R1 is a large Mixture-of-Experts (MoE) language model built on the
DeepSeek-V3 base[47]. It contains 671B total parameters, of which 37B are ac-
tive per token generation[41]. The model is composed of a Transformer architecture
with multiple expert sub-networks, enabling parameter up-scaling while only acti-
vating a subset of experts for each input. This design yields a very high capacity
(with up to 671B learned weights) but keeps a high inference e�ciency (computation
is on 37B parameters per token).
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Figure 2.3: DeepSeek-R1 architecture overview. The model uses a
Mixture-of-Experts (MoE) routing structure, where only a subset of expert

networks are activated per input. This reduces compute while maintaining high
model capacity.

DeepSeek-R1 supports an extended context window of 128K tokens, which is achieved
by a two-phase context length expansion after pre-training. This feature allows it
to process long documents or dialogues[48]. It was pre-trained on a massive multi-
domain corpus on the order of 14�15T tokens, and then underwent a specialized
multi-stage training pipeline emphasizing reinforcement learning (RL) to enhance
reasoning.

Notably, DeepSeek-R1-Zero was �rst trained purely with RL without supervised
�ne-tuning to encourage chain-of-thought reasoning. Subsequently, DeepSeek-R1 in-
corporated a �cold start� phase with curated data before the RL �ne-tuning stage.
The use of RL with rule-based rewards for accuracy, format, and language con-
sistency led to emergent behaviors like self-veri�cation and long reasoning traces.
DeepSeek-R1 achieves state-of-the-art performance on complex tasks comparable to
OpenAI's proprietary models (OpenAI-o1 series)[49].

In summary, DeepSeek-R1 leverages a massive MoE Transformer with hundreds of
billions of parameters, 61 layers of experts. It is augmented by RL-based train-
ing, yielding a model highly specialized for logical reasoning and problem-solving.
Figures 2.3 and 2.4 illustrate the DeepSeek architecture and training pipeline, re-
spectively, highlighting its MoE layers and RL �ne-tuning stages.
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Figure 2.4: DeepSeek-R1 training pipeline. The multi-stage training includes
Cold Start, Reasoning-oriented RL, supervised �ne-tuning (SFT), and RLHF

across scenarios.

2.2.5 Introduction of Llama3

Llama3 is Meta AI's third-generation LLM, designed as a dense Transformer without
MoE to maximize training stability. The largest Llama3 model has 405B parame-
ters and was trained with a context window up to 128K tokens. Its capacity is a
signi�cant jump from Llama2's 4K context[meta2024Llama3 ].

Its architecture is a decoder-only Transformer with 126 layers, a model dimension of
16,384, and 128 attention heads. Unlike MoE models, Llama 3's dense architecture
activates all the weights for each token, which requires a massive computational
cost and advanced parallelism techniques for training. To train Llama3, thousands
of GPUs across multiple pods were used.

Llama 3 was pre-trained on a diverse, large-scale corpus of about 15.6T tokens of
text that includes multilingual data and code[gratta�ori2024Llama ]. An initial
training with 8K token sequences was followed by a continued pre-training stage to
extend context to 128K tokens. During this stage, a strategy that gradually adapts
the model to longer sequences without loss of performance was applied. The model
was then �post-trained� with supervised �ne-tuning, preference alignment (e.g., di-
rect preference optimization), and instruction tuning, as well as tool-use integration
for issues like code execution and reasoning.
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Figure 2.5: Comparison of Transformer vs Llama-3 architecture. Llama replaces
softmax normalization with RMSNorm, adds SwiGLU feedforward blocks, and
uses rotary positional embeddings with grouped attention for scalability.[50]

Llama 3 primarily aims at multilingual communication support, high-quality coding
assistance, reasoning ability, and even basic tool use (via text-based tool APIs) out-
of-the-box of Huggingface. Indeed, evaluations show Llama 3.1's 405B-parameter
model achieves performance on par with GPT-4 across a broad range of tasks. It can
solve complex math and logic problems, answer in multiple languages, and follow
user instructions e�ectively[51].

2.3 Introduction of Retrieval-Augmented Gener-
ation

Retrieval Augmented Generation is a framework that combines LLMs with external
knowledge bases to improve the accuracy and knowledge richness of the generated
results[52]. RAG models consist of parameterized and non-parameterized memory,
with the former denoting the knowledge learned by the model itself and the latter
denoting external knowledge bases that can be queried[53].

Speci�cally, RAG introduces a retriever component into the language text genera-
tion process. In the retrieval process, after receiving user input such as a question,
the model retrieves relevant information fragments from external knowledge sources
such as document collections or databases. Then, the external knowledge is provided
as an additional context to the generation model. With the retriever scheme, RAG
is able to break the limitations of LLMs that solely rely on the implicit knowledge
of model parameters. RAG enables the incorporation of the latest, domain-speci�c,

13



2. Theoretical Background

or more detailed explicit knowledge into the answer generation process.

In practice, this retrieval-generation fusion architecture demonstrates several sig-
ni�cant advantages: (1) Reduction of hallucinations: Since the model references
retrieved real data during generation, the risk of fabricating false content termed
as �hallucinations� is signi�cantly reduced[54]; (2) Enhancement of the controlla-
bility: Retrieved evidence fragments can serve as the basis and references for the
model's responses, thereby providing traceability and trustworthiness of results; (3)
Facilitation of the knowledge updating: Non-parameterized knowledge bases can be
dynamically expanded or modi�ed, and models can acquire new knowledge without
retraining; (4) Reduction model size: With external knowledge support, even smaller
LMs can perform complex tasks in speci�c domains since the required information
can be found externally[55].

2.3.1 Development of Retrieval Augmented Generation

The idea of RAG originates from the gradual evolution of the �retrieval-reading�
paradigm in tasks such as open-domain question answering. Early open-domain
question-answering systems (also called Open-Domain QA) typically adopted a two-
stage framework. First, information retrieval techniques were used to �nd relevant
document segments from large-scale corpora (e.g., Wikipedia). Afterwards, read-
ing comprehension models were employed to extract or generate answers from these
segments. As a classic example, Chen et al. proposed the DrQA system in 2017.
It uses TF-IDF retrieval to obtain candidate Wikipedia article paragraphs. Then,
a neural network reader is used to locate the answer text[56]. Such systems have
demonstrated the e�ectiveness of combining retrieval with language understanding
models. Subsequently, with the rise of pre-trained LMs, researchers began to ex-
plore end-to-end training that combines pre-trained question-answering models with
di�erentiable retrieval modules. For example, the ORQA[57] and REALM[58] mod-
els that appeared in 2019-2020 integrated pre-trained models such as BERT with
semantic vector retrieval, enabling the model to update its internal representations
during the retrieval process. They achieve better results in open-domain question
answering. Afterwards, RAG was formally proposed by Lewis et al. in 2020[52].

Compared to previous works, RAG integrates generative pre-trained models with
retrievers for the �rst time to handle knowledge-intensive generative tasks. RAG
models use pre-trained sequence-to-sequence generation models as �parameterized�
memory and dense vector indexes pre-built from large-scale text corpora as �non-
parameterized� memory. The neural retriever functions through the calculation of
the inner product similarity. Lewis et al. incorporated the retrieved documents as
latent variables into the generation process through a probabilistic model. They
achieved state-of-the-art results on tasks such as natural question answering, dia-
logue, and generating yearbooks. This series of advancements laid the foundation
for modern RAG technology: under the �large model + retrieval� paradigm, by
�exibly incorporating external knowledge, the model's performance in open-domain
and domain-speci�c question-answering tasks was signi�cantly improved.
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2.3.2 Multiple Applications of Retrieval Augmented Gen-
eration

Medical question-answering and clinical decision support are key applications of
RAG. For example, Mashatian et al. developed a conversational assistant for dia-
betes foot care in 2024. They deployed a RAG model that provides patients with
medical knowledge question-answering services[58]. The system utilizes a retrieval
module to extract relevant facts based on the data source of medical literature and
guidelines. This information is then processed by a large-scale generative model to
generate clear and understandable explanatory answers for patients. By incorpo-
rating evidence retrieval, the assistant can provide more accurate and contextually
relevant medical advice compared with the previous methods. It mitigates the risk
of the model's incorrect feedback of medical information based solely on training
memories. Experiments demonstrate that compared to models without external
knowledge, RAG models can provide more reliable medical knowledge to non-expert
users in a more controllable manner.

Legal scenarios demand extremely high accuracy and answers grounded on evidence,
making RAG a suitable candidate for applications such as question-answering and
assistants in the legal context. LegalBench-RAG benchmark [59] constructed a
searchable knowledge base of laws, regulations, and case law, and combined it with
a generative legal LLM. This enables the system to locate precise legal provisions
or case law references when answering legal queries and generate conclusive answers
with citations. Such systems signi�cantly reduced the probability of large mod-
els misquoting legal provisions or making unfounded assumptions, ensuring that
answers are both legally grounded and explanatory. Additionally, retrieving �ne-
grained legal text fragments rather than entire documents can help reduce forget-
ting or confusion caused by overly long context while maintaining contextual clarity.

Besides, RAG has also demonstrated signi�cant potential in the industrial sector
for predictive maintenance and knowledge management. Conventionally, engineers
often need to quickly retrieve the most critical information from extensive technical
manuals and maintenance records to maintain and diagnose complex equipment.
The RAG model has greatly assisted and simpli�ed this process. For example, a
smart maintenance question-answering system at a nuclear power plant employs
an RAG architecture for maintenance assistance[60]. It is built by converting a
large volume of internal maintenance documents into embedded vectors, which are
then indexed o�ine. The system's retrieval module extracts relevant sections from
the knowledge base if inquired, releasing on-duty engineers from complex selection.
Subsequently, an LLM is employed to generate professional responses. This system
works by combining a privately deployed large model with local document retrieval.
This approach eliminates the risk of exposing sensitive data to external APIs. Si-
multaneously, this approach bridges knowledge gaps arising from the attrition of
expert experience. In a practical industry context, when compared to conventional
methods reliant on manual document searches, the integration of RAG into main-
tenance assistance systems greatly reduces the total response times. By delivering

15



2. Theoretical Background

solutions grounded in veri�able references, it bolsters the reliability of outcomes
while improving the e�ciency of intelligent decision-making processes..

2.3.3 Retrieval Augmented Generation's System Structure

The RAG system typically consists of several functional modules that collaborate
to complete the retrieval and generation process. The overall process of retrieval-
generation collaboration is vividly shown in Figure 2.6.

Figure 2.6: High-level architecture of the RAG system.[61]

The framework initially receives the user's natural language query and subsequently
conducts semantic retrieval to extract pertinent text fragments from a vector database,
which serve as contextual references. These fragments, along with the original query,
are fed into an LLM to generate a response. The generated output is then processed
further and returned to the user as feedback.

The retriever is responsible for transforming the input query into a vector represen-
tation and identifying the K candidate texts with the highest semantic similarity in
the index. This index is typically hosted by a pre-built vector database, which stores
vector embeddings of all document fragments in the knowledge base. These vectors
are usually encoded by a pre-trained embedding model (Embedder, such as BERT
or Sentence Transformer), ensuring that semantically related texts are positioned
closely in the vector space. The retriever then conducts an e�cient nearest-neighbor
search using inner product or cosine similarity across the query and document vec-
tor spaces to locate the most relevant text passages. Next, the generator takes the
retrieved K texts, which are usually concatenated with the original question with
additional context. Then they are used as input to generate answers that incorpo-
rate external knowledge[61].

In contemporary RAG implementations, the generator typically leverages pre-trained
sequence-to-sequence Transformer large models (e.g., BART, T5, etc.) proceed-
ings.neurips.cc. During end-to-end training, the retrieval module and the generator
module are jointly optimized, enabling the model to learn optimal selection of the
most relevant documents and e�ectively incorporate the retrieved content into the re-
sponses. Overall, RAG systems seamlessly integrate information retrieval techniques
with generative models: the retrieval module expands the model's �view,� while the
generation module synthesizes the retrieved knowledge into coherent, natural lan-
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guage outputs. In this process, indexing and embedding models ensure e�cient
access to knowledge, the retriever selects pertinent information, and the generative
model provides language understanding and generation capabilities. These modules
complement each other to achieve high-quality knowledge-enhanced text generation.

2.3.4 Introduction of Knowledge-Augmented Generation

Knowledge-Augmented Generation is a newly proposed framework developed on the
basis of RAG. It is designed to further empower generative models to leverage log-
ical reasoning and structured knowledge. Unlike RAG, which primarily relies on
unstructured text fragments, KAG explicitly integrates knowledge graphs (KGs)
and rule-based reasoning mechanisms. This advancement stems from the higher re-
quirements for logical consistency and domain-speci�c expert rigor. RAG retrieval
relies on vector similarity, which poses challenges in ensuring the logical coherence of
retrieved results. This approach frequently encounters di�culties when addressing
knowledge logic challenges, such as numerical computations, temporal inferences,
and hierarchical relationships. As an example, in scenarios such as �nancial state-
ment analysis and legal contract review, answering user queries necessitates models
with capabilities for mathematical calculations, relationship matching, and adher-
ence to business rules, to ensure good accuracy. RAG, which relies solely on text
retrieval, may fail to ensure compliance with these complex logical constraints. To
mitigate this, KAG introduces structured knowledge representation and reasoning
components into its framework. KAG represents domain knowledge as a graph struc-
ture where nodes represent entities/concepts, and edges represent relationships. The
domain knowledge is then combined with domain-speci�c rules and constraints to
provide an enhanced solution that balances semantic relevance and logical accuracy.
[12]

Figure 2.7: KAG framework: Builder, Solver and Model components (adapted
from[12]).
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The KAG framework typically consists of three core components: (1) Knowledge
Construction Module (KAG-Builder), which is responsible for transforming raw
domain knowledge into a graph format and establishing a bidirectional indexing
system. For example, information extraction from professional documents yields
entity-relation triples, which are used to construct a domain knowledge graph while
maintaining links between graph nodes and the original text segments. This en-
ables both the retrieval of textual evidence from graph nodes and the localization
of knowledge units in the graph from text. (2) Knowledge Solving Module (KAG-
Solver): This module handles online reasoning by combining retrieval and symbolic
processing. On one hand, it retrieves relevant knowledge from the graph and text
indexes, similar to a RAG retriever. On the other hand, it leverages a logical rea-
soning engine to process the relationship chains and rules in the knowledge graph.
Notably, KAG employs a logical-form-guided reasoning scheme, generating sym-
bolic expressions (e.g., SPARQL queries, inference rule sequences) for queries and
executing them on the knowledge graph to derive implicit answers. This symbolic
reasoning addresses the limitations of vector retrieval, enabling the system to tackle
multi-step reasoning-oriented tasks, such as numerical comparisons and temporal
inference, with greater accuracy. (3) Knowledge-Augmented Model (KAG-Model),
which is the knowledge-integrated generative model component. KAG-Model typ-
ically builds upon large pre-trained models and enhances their capacity to utilize
knowledge graph information through specialized training strategies. For example,
it represents graph information in a format amenable to LLM understanding (e.g.,
through format conversion or annotated knowledge embeddings) and aligns model
outputs with graph reasoning results during training. This ensures that generated
responses are grounded in the evidence provided by the knowledge graph.

When generating responses, the KAG-Model synthesizes inputs from the retrieval
module, the reasoning engine, and the natural language query to produce answers
with both rich content and logical consistency. In summary, the KAG architecture
is more sophisticated but rigorous than RAG. KAG uni�es unstructured text and
structured knowledge, retaining the ability to retrieve rich corpus details. Simul-
taneously, it introduces formal knowledge constraints through knowledge graphs to
ensure that model outputs align with the objective rules. This ensures that model
outputs adhere to the objective rules and logical requirements of domain-speci�c
knowledge.

2.4 Introduction of LangChain

To implement RAG and KAG pipelines e�ciently, developers should rely on special-
ized development frameworks. This project employs LangChain, which is a popular
platform. LangChain is an open-source toolkit that provides standard components
for building applications empowered by LLMs[62]. It was created to simplify the
development of complex �LLM chains� including sequences of prompt processing,
model calls, and integration with external data. The core idea is that rather than
working with a raw LLM API in isolation, LangChain o�ers abstractions such as:
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Prompt templates (parametrized prompts for consistency and reusability), Memory
(to remember past interactions in a conversation), Retrievers and Vector Stores (to
do the document search part of RAG), Tools/Agents (to allow an LLM to invoke
external tools like a calculator or database), and Chains (pipelines that tie these
components together in logic �ows)[62].

Speci�cally, LangChain's RAG process �rst involves loading data such as manuals,
logs, and other multi-format documents. Then it splits the loaded documents into
chunks, embedding the split data into a vector space using an embedding model,
and �nally storing it in a vector store for subsequent retrieval. Figure 2.8[63] shows
the speci�c steps of this process:

Figure 2.8: LangChain indexing pipeline: loading, splitting, embedding, and
storing data in vector stores.

When a user submits a query, LangChain calls the retriever to extract the most
relevant document fragments from the vector store. Then it combines this infor-
mation into a context that is passed to the LLM to generate an accurate response.
Figure 2.9[63] describes this typical query and response process:

For example, using LangChain, developers can rapidly construct a �retrieval-augmented
QA chain� that handles the user query. It employs an embedding model to retrieve
the most relevant documents, and feeds both the query and the retrieved documents
into an LLM prompt to generate a grounded, context-aware answer. LangChain ab-
stracts away the boilerplate of these steps, allowing developers to focus on higher-
level design. This framework has gained prominence in the LLM ecosystem because
it streamlines the integration of LLMs with organizational data[62]. Instead of �ne-
tuning an LLM on a proprietary dataset, which is infeasible if the model is closed
or the data is frequently updated, LangChain enables runtime data injection via
retrieval. This approach is widely adopted in "LLM-powered data assistant ap-
plications" applications, o�ering a practical solution for leveraging domain-speci�c
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Figure 2.9: LangChain retrieval-augmented generation work�ow: retrieving
relevant document chunks based on the query and producing answers with an

LLM.

knowledge. It e�ectively implements RAG patterns, as AWS highlights, LangChain
�allows LLMs to access new datasets without retraining� and to build context-aware
work�ows like RAG that reduce hallucination and improve accuracy[62].[64]
The LangChain architecture is inherently modular with its core primary components
comprising: (1) Models (LLMs or chat models, which LangChain can interface with
uniformly, be it OpenAI's API or an open local model), (2) Prompts (including
prompt templates and output parsers to structure model I/O), (3) Indexes or vector
stores (for e�cient similarity search on document embeddings), (4) Retrievers (the
logic to query those indexes and fetch documents), (5) Memory (short-term memory
of interactions, useful in dialogue), and (6) Agents (which involve the LLM making
decisions to use tools in an iterative loop). These components can be assembled
into Chains, representing a full application pipeline from input to output[62]. For
instance, a maintenance chatbot chain might accept a user's fault description. Then
it retrieves relevant manual sections via a vector store, and feeds this context to an
LLM to generate a step-by-step troubleshooting guide. LangChain was selected as
the developing platform for this project since it drastically reduces the development
e�ort required to build such pipelines and is well-supported by an active community.

By adopting LangChain, we ensure that our implementations of RAG/KAG for
predictive maintenance are built on standardized frameworks rather than ad-hoc
solutions. Furthermore, LangChain's extensibility allows us to integrate custom
components if needed (for example, a custom knowledge-graph reasoning tool for
KAG). In summary, LangChain serves as the glue between LLMs and maintenance
data sources (equipment logs, knowledge bases). It enables the creation of an intel-
ligent assistant capable of answering technical queries reliably by combining trained
knowledge with retrieved factual informati[65].
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2.5 State of the Art in Large Language Models
for Predictive Maintenance

Research on leveraging LLMs for industrial predictive maintenance and fault diag-
nosis is gaining traction, despite it remains in a primary stage. Traditional pre-
dictive maintenance systems have predominantly relied on classical ML/DL models
(e.g., random forests, SVMs, CNNs, LSTMs) for anomaly detection and prognostics
tasks[25]. The recent advent of LLMs o�ers new opportunities in this �eld. Par-
ticularly, LLMs hold great potential in enhancing the intelligence of maintenance
systems by enabling them to interpret unstructured text, integrate multimodal data,
and generate explainable responses. Below, we survey several emerging applications
of LLMs in this domain.

2.5.1 Anomaly Detection and Fault Classi�cation

Researchers have investigated the use of LLMs to analyze raw sensor signals for
analyzing raw industrial sensor signals by encoding them as token sequences com-
patible with LLM processing. For example, Qaid et al. (2024) introduced FD-LLM,
a framework that adapts pre-trained LLMs to ingest time-series vibration data for
machine fault diagnosis[25]. In this approach, vibration signals are encoded ei-
ther as strings or as statistical feature tokens, enabling �ne-tuned LLMs to classify
fault types. Notably, their results showed that LLMs such as Llama 3 (and an
instruction-tuned variant) achieved strong fault detection performance, surpassing
state-of-the-art deep learning models in diverse scenarios. Moreover, there is a re-
markable �nding: it suggests that the rich representations learned by LLMs can
transfer to industrial sensor data analysis when properly encoded. In another study,
Hang et al. (2023) combined an open Chinese LLM (ChatGLM2-6B) with fuzzy
logic for electrical equipment fault diagnosis. This integration aimed to leverage
the LLM's contextual understanding alongside fuzzy reasoning for uncertainty han-
dling[66]. Early reports indicate that integrating an LLM improves the adaptability
and accuracy of fault diagnosis, as the LM can better interpret nuanced patterns
and linguistic descriptions of faults than traditional models. Similarly, in the space-
craft domain, researchers used �ne-tuned LLMs to diagnose satellite faults, treating
telemetry streams as a form of language. This approach allowed the model to con-
sider historical fault descriptions (as text) alongside live telemetry, mimicking an
expert's ability to recall similar past incidents[20]. These early works enhance the
potential of LLMs in anomaly detection: beyond pure classi�cation accuracy, LLMs
can provide rationales for detected faults (e.g., pointing to which sensor reading
behavior in�uenced the decision). This transparency addresses a key limitation of
deep black-box models, o�ering insights that are often critical for industrial decision-
making[67].

2.5.2 Maintenance Report Generation

Another promising application avenue of LLMs lies in their ability to automate the
generation of machine condition reports[68][69]. In industrial settings, technicians
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manually draft narrative reports from inspections or parse through alarm logs to
synthesize incidents. LLMs, with their strength in language generation capabili-
ties, are well-suited to streamline the process here. For instance, an LLM can be
prompted to produce a summary of a week's worth of sensor alarms, highlighting
critical anomalies and recommended actions. Proof-of-concept studies have demon-
strated that LLMs like GPT-4 can be fed with a chronological list of events or
sensor readings. Then the LLMs can be asked to produce a concise incident report,
coherent incident reports akin to human-written maintenance logs, thanks to their
training on vast textual data. A notable example is the use of multimodal LLMs
for maintenance logging. Alsaif et al. (2023) proposed a framework where GPT-4
(multimodal preview) integrates numeric time-series data and contextual text (like
operator notes) to generate a fault explanation and maintenance suggestions[20].
The model can contextualize faults (e.g., �Pump 2 shows an abnormal vibration
spike around 14:00, likely indicating a bearing wear issue�) and schedule next steps.
It demonstrates how LLMs might auto-generate draft maintenance reports for engi-
neers to re�ne. While such generative usage holds promise, it also requires caution.
The LLM might hallucinate plausible-sounding causes or recommendations unsup-
ported by data. To mitigate this, researchers advocate grounding LLM outputs.
For instance, coupling generation with RAG ensures claims are backed by retrieved
sensor data or known failure modes. Nonetheless, LLMs' ability to transform raw
data into structured narratives can signi�cantly reduce documentation overhead.
This also ensures that insights from predictive maintenance systems are e�ectively
communicated to human decision-makers.

2.5.3 Interactive Maintenance Assistants

Perhaps the most exciting application of LLMs lies in developing conversational
assistants for maintenance personnel[70]. Such assistants could answer questions
like �What does error code E17 mean on Machine X?� or �How do I troubleshoot
a temperature spike in the hydraulic system?� by synthesizing information from
equipment manuals, historical maintenance records, and real-time data. This ap-
proach represents a specialized case of retrieval-augmented QA, where the knowledge
base comprises technical documentation and the LLM generates natural-language re-
sponses. Research in this area often employs RAG pipelines with LLMs (as discussed
in section 2.3). For example, Microsoft researchers have explored using ChatGPT
to assist factory technicians by augmenting it with a library of standard operating
procedures. This enables step-by-step guidance through repairs with references to
o�cial guidelines. In the aviation industry, a �virtual co-pilot� was developed us-
ing an LLM to help pilots or maintenance crews rapidly access procedures. Given a
query about a warning indicator, the system retrieves the relevant checklist from the
aircraft manual, and the LLM presents it in an easy-to-follow dialog format[20][71].
In another case, an LLM-based chatbot for an automotive assembly line was de-
signed to answer engineers' questions about machine malfunctions by correlating
error logs (parsed by the LLM) with known issues in a troubleshooting database[72].

These systems demonstrate that LLMs can serve as an intuitive interface between
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humans and complex technical knowledge. Instead of searching through massive
PDF manuals, a technician can simply query the AI assistant. Early user stud-
ies suggested this can signi�cantly speed up problem resolution and also help less-
experienced sta� in adhering to best practices (the assistant can ensure no diagnostic
step is missed, for instance). However, a critical challenge is ensuring the assistant's
responses are trustworthy�hallucinated instructions in safety-critical procedures
could pose signi�cant risks. To address this, state-of-the-art implementations main-
tain �human-in-the-loop� oversight, using the LLM to draft responses that are then
veri�ed against source documents (often with sources displayed to the user to foster
transparency and trust).

23



2. Theoretical Background

24



3
Methodology

3.1 System Overview and Scenario Design

This study is conducted using the lab-scale drone assembly line at the Stena Indus-
try Innovation Lab (SII-Lab), a national testbed for industrial digitization located
at Chalmers University of Technology [73]. Instead of a real production line, we
employ a virtual experimental setup: a digital twin of the drone assembly process
is built in Siemens Tecnomatix Plant Simulation to mirror the physical SII-Lab
system[74]. Figure 3.1 illustrates this hybrid setup, where the left side shows an
actual SII-Lab workstation and the right side displays its Tecnomatix simulation
model.The assembly line model includes four automated stations (three assembly
machines and one quality-inspection station) linked by a main conveyor.

To create a realistic maintenance scenario, failures are deliberately introduced in
three assembly machines during the simulation. It often su�er from slow fault diag-
nosis and repair, especially when newly hired technicians lack su�cient experience.
Maintenance knowledge is typically scattered across di�erent sources, including his-
torical event logs, sensor data, and manuals to making it di�cult for less experienced
sta� to act promptly.

Our method integrates a LLM with a RAG approach to analyze and respond to
these issues. In this LLM and RAG pipeline, the LLM continuously ingests event
log data from the digital twin and retrieves relevant information from equipment
manuals as needed.

To address the lack of annotated maintenance data, we constructed a hypothetical
smart maintenance scenario. This scenario is also used to test the capabilities of
the LLM+RAG hybrid model in a controlled environment. The major objective is
to investigate how a generative model could assist new technicians in the aspect of
integrating fragmented information sources, including manuals, event logs, and sen-
sor data. The test is also conducted even when trained on incomplete or synthetic
datasets.

Instead of trying to optimize production KPIs, the demonstrator produced by the
model focuses on providing a transferable methodology. First, it shows the method
to assemble a maintenance knowledge base that uni�es multiple data sources. Sec-
ond, it illustrates emulation of the complexity of real-world troubleshooting through
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Figure 3.1: (a) SII Lab Production Line (b) Tecnomatix PlantSimulation Virtual
Model [74][75].

simulation. Finally, it embeds the gathered knowledge into an LLM powered ques-
tion answering assistant. This simulation-driven approach o�ers a pragmatic com-
promise, that is, it circumvents the scarcity of comprehensive industrial data while
still yielding an explainable and testable reasoning pipeline.

Moreover, the simulation-driven strategy also provides a practical compromise be-
tween real-world constraints. This issue originates from the lack of access to full
industrial data and the need for explainable and testable maintenance reasoning
pipelines. In essence, we aim to answer whether a technician could ask an AI as-
sistant questions about a malfunctioning system. Subsequently, we investigate how
the AI should reason, retrieve, and respond using a combination of expert manuals,
event logs, and synthetic failure cases.

3.2 Overall Framework

To contextualise the proposed methodology, we �rst sketch the end-to-end informa-
tion �ow of the predictive-maintenance assistant. Figure 3.2 visualises this pipeline
and clari�es how raw shop-�oor data are progressively transformed into traceable an-
swers for technicians. The work�ow begins with a data-conditioning phase in which
sensor streams, event logs and PDF manuals are normalised into timestamped ta-
bles or cleaned text snippets, enabling uniform downstream handling. Once curated,
these artefacts are channelled into a dual-store knowledge layer: dense embeddings
populate a vector database that excels at semantic similarity search, while key enti-
ties and relations are lifted into a lightweight domain graph that captures equipment
hierarchy and fault causality. On top of this foundation sits an edge-deployable
generative model (a quantised blend of DeepSeek R1 and Llama3) whose retrieval
module can query either store depending on the nature of a user prompt. When a
technician issues a question, the utterance is embedded, matched against the vector
store, optionally expanded via the graph, and the retrieved evidence is injected into
the model's context window; the model then produces an answer explicitly anchored
to that evidence, together with source citations.
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Figure 3.2: Work�ow diagram of the proposed predictive-maintenance
methodology.
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A comparable retrieval-augmented pattern has recently proved e�ective in mainte-
nance advice systems�Han et al. (2024), for instance, convert turbine manuals into
structured chunks before retrieval to ground their LLM outputs [60]. Building on
that precedent, the sections that follow unpack each stage of Figure 3.2 in turn,
from preprocessing choices to on-maual inference constraints, and discuss how the
design supports explainability and low-latency deployment in industrial settings.

3.3 Data Collection and Data Preprocessing

3.3.1 Equipment Manual Book

This study utilizes the manual equipment data that originates from o�cial main-
tenance documents that can be found in the Haas CNC machine manufacturer[76].
These documents, primarily in the PDF format, include installation guides, trou-
bleshooting instructions, maintenance checklists, and component replacement pro-
cedures. Each document covers a speci�c system module of the industrial equipment
and contains both textual descriptions and schematic references.

Figure 3.3: Manual book preprocessing

To prepare this data for downstream processing, all manual pages were �rst con-
verted into plain text while preserving their original layout, section headers, and
page numbers. Non-textual elements, such as images, were extracted and stored
separately to maintain their association with the corresponding text segments. The
extracted text was then split into coherent chunks of approximately 400�500 tokens,
ensuring that logical paragraphs were not broken across boundaries. Each chunk was
annotated with metadata including the original �le name, page index, and identi�ed
component type.
To enhance structure and usability, the content was automatically classi�ed into
broader system categories (e.g., mechanical drive, control electronics, and lubri-
cation) and associated with failure-related entities such as components and fault
types. Representative maintenance suggestions and fault-handling procedures were
extracted from the descriptive sections and normalized into brief solution state-
ments. These were further grouped by subsystem, forming a semantically tagged
corpus suitable for retrieval or downstream question�answer generation.
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Table 3.1: DataFrame Row

Column Value

�le_name BMT65_75 � Turret Indexer Assembly � Troubleshooting
Guide.txt

title BMT65_75 � Turret Indexer Assembly � Troubleshooting Guide
part_name Turret Indexer Assembly
category Spindle & Drive
failure_type 1
solutions [array of solution steps]

Table 3.2: Brief Solution Statements

Part Name Turret Indexer Assembly

Solutions 1. Check the incoming air supply.
2. Check the voltage to the turret clamp or unclamp solenoid.
3. . . .

The result of this preprocessing phase was a structured repository of annotated,
chunk-level manual data, indexed by component, failure theme, and document con-
text. This corpus was used to support both knowledge base construction and model
training throughout the rest of the project.Detailed results can be found in the
Results section.

3.3.2 Event logs

The event logs used in this project are synthetically generated through a simula-
tion environment, as real-world industrial logs are inaccessible due to con�dentiality
restrictions. The generated simulated logs contain sequences of machine-level fault
events over a virtual production timeline. Each entry includes timestamps, compo-
nent identi�ers, and failure types. However, since the simulated log is independent
of the equipment manuals, the log entries are not initially aligned with any known
troubleshooting procedures or solution patterns.

To bridge the gap between simulation and practical scenarios, each fault event is
mapped to a relevant solution category derived from the processed equipment man-
uals, to enrich the data. The classi�cation is decided through shared labels such as
failure mode and a�ected subsystem. This enables each log entry to be associated
with a general maintenance recommendation. Detailed results can be found in the
Results section.

The implementation details of the data preprocessing pipeline are documented in
Appendix A.0.0.0.4.

29



3. Methodology

Table 3.3: Failure Event Record

Column Value

model_name *.Models.Model.Assembly3
failure_pro�le FailureA
start_time 8:56:00.3331
end_time 9:12:02.0050
failure_interval 1:04.4022
failure_type 1
solution_method 5
is_�xable 0

3.3.3 Operator knowledges

Due to the absence of practical operator feedback, synthetic operator knowledge
was generated to re�ect responses from technicians in the real world. For each en-
riched log entry, we automatically generated a natural language description. This
was done by reformulating two key elements, including the failure condition and
suggested action. The output was structured as a narrative, mimicking an operator
report. These descriptions included important contextual details, such as symptom
duration, predicted recurrence, and required interventions.

See Appendix A.0.0.0.4 for the implementation of operator-style feedback generation
using large language models.

3.3.4 Sensor data

Data collection and preprocessing

The dataset includes sensor measurements and faults of the virtual production line
based on the SII Lab real-world setup and its corresponding digital twin built with
Siemens Tecnomatix Plant Simulation. It contains continuous variables such as
the temperature and pressure of di�erent conponents, discrete variables such as the
open/closed sockets and the fault texts. The data covers a continuous 20-day period
of three machines, with each record collected once a minute.

The texts of the raw data mixed English and Swedish, and have been mapped ac-
cordingly. If the data in the text columns is empty or marked as NaN, it is considered
that the machine is operating normally.

Continuous variables of sensors measurements are selected to reduce computational
complexity.
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Table 3.4: Sensor Data Overview

Attribute Value Description

Total records 86,400
3 � 20 days�
1; 440minutes/day

Features (columns) 71

Sensor measurements (21),
System status �ags (6),
Fault texts (5),
Machine alarm �ags(5)

Unique fault types 41
Categorized from
fault_text_2 to fault_text_5

Time span 20 days Continuous monitoring period

Sampling frequency 1/min Per-minute recordings

Missing values 0.7% Forward-�lled from adjacent records

Key sensors include:Hydraulic pressure (pn7071), spindle temperature (tp3237), vi-
bration intensity ( sp1 veff_10hz_5khz )
Fault examples: Trajectory errors (65%), communication failures (22%), safety circuit
faults (13%)

Dynamic threshold

Machine Learning is a good method to detect and classify faults. However, normal
running data of the machines are much more than failure. It is imbalance between
the amounts of data. Thus conventional statistical methods is selected to calculate
the sensor thresholds. To simulate the real world complex industrial scenarios,
this method creates adaptive thresholds for each sensor measurements. It combines
Statistical Process Control (SPC) and actual factory needs, as demonstrated in
RAAD-LLM [9].
For each machines 2 f 1; 2; 3g and sensori , the dynamic thresholds are derived as
follows:
Mean calculation:

� s;i =
1

Ns

N sX

t=1

xs;i (t) (3.1)

whereNs is the number of data points in machines, and xs;i (t) denotes the sensor
i 's value at time t.
Standard deviation:

� s;i =

vu
u
t 1

Ns

N sX

t=1

(xs;i (t) � � s;i )
2 (3.2)

Threshold de�nition:

Upper Threshold (UTs;i ) = � s;i + 1:5� s;i (3.3)

Lower Threshold (LTs;i ) = � s;i � 1:5� s;i (3.4)

1.5s multiplier is a tighter bound than traditional 3 s control limits, enhancing sen-
sitivity to anomalies. Compared with static thresholds, dynamical thresholds can
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