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Abstract: To improve the support of engineering knowledge resources for fault diagnosis and intelligent
maintenance, this paper proposes a fault diagnosis-oriented data-driven embedding fine-tuning and domain-
aware hybrid retrieval method. The proposed framework is intended for industrial fault diagnosis and intelligent
operation and maintenance and is instantiated and validated in wind turbine operation and maintenance. Domain-
specific training data are constructed to fine-tune the embedding model, enhancing its representation of fault
concepts, failure mechanisms, and maintenance knowledge. Query expansion, dense retrieval, sparse retrieval,
and domain term matching are then integrated with weighted fusion and cross-encoder re-ranking to obtain
relevant and low-redundancy diagnostic contexts. Compared with the general retrieval-augmented generation
(RAG) baseline, the proposed method increases Recall@5 by 57.33 percentage points, achieves an MRR of 98%,
increases the key-point coverage rate by 4.8 percentage points, reaches a factual support rate of 97.83%, and
reduces the hallucination rate to 2.17%. These results demonstrate its effectiveness in improving retrieval accuracy
and generation reliability for fault diagnosis and maintenance decision-making in the wind turbine operation and

maintenance scenario.
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I. INTRODUCTION

With the continuous development of industrial systems
toward greater intelligence and efficiency, higher require-
ments have been placed on data processing capability, fault
analysis efficiency, and intelligent decision-making in pro-
duction operation, equipment maintenance, and technical
services [1]. As an important enabling technology for indus-
trial upgrading, artificial intelligence can optimize operation
monitoring, fault diagnosis, and maintenance management
processes in industrial systems through automated proces-
sing, intelligent decision-making, and data-driven analysis,
thereby improving system operating efficiency and reducing
maintenance costs [2]. In complex industrial environments,
equipment conditions are often affected by variations in
operating conditions, environmental disturbances, multi-
source data coupling, and uncertainties in operational states
[3]. Therefore, traditional analysis methods that rely on
manual experience and static rules can hardly meet practical
engineering requirements in a timely and accurate manner
[4]. In contrast, artificial intelligence can rapidly analyze
large amounts of operational data and domain knowledge,
thereby providing effective support for fault identification,
risk warning, and operation and maintenance decision-
making [5].

In recent years, large language models, with their strong
capabilities in language understanding, knowledge reason-
ing, and text generation, have emerged as a promising
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technical approach for industrial knowledge services and
intelligent operation and maintenance [6]. However, the
training data of general-purpose large language models are
mainly derived from open-domain corpora, and these models
usually lack deep modeling of domain-specific industrial
knowledge, technical terminology, and engineering scenar-
ios [7]. When applied to highly specialized engineering
problems, they are prone to issues such as biased interpreta-
tion of technical terms, inaccurate responses, insufficient
factual support, and generated results that are disconnected
from actual operating conditions [8]. This is especially
important in industrial operation and maintenance, where
equipment, faults, safety procedures, and maintenance work-
flows are highly specialized and context-dependent [9].
Therefore, integrating industrial domain knowledge into
large language models has become a key challenge for
accurate, reliable, and traceable industrial intelligence [10].

At present, methods for adapting large language
models to specific domains mainly include model
fine-tuning [11], prompt engineering [12], and retrieval-
augmented generation (RAG) [13]. Among these methods,
model fine-tuning can enhance domain knowledge acquisi-
tion but requires substantial high-quality data and compu-
tational resources. Prompt engineering is flexible yet highly
dependent on manual expertise and prompt quality. In
contrast, RAG introduces external domain knowledge
through knowledge bases, improving response accuracy,
interpretability, and traceability without extensive model
retraining [14]. Its plug-and-play nature makes it particu-
larly suitable for intelligent question answering and deci-
sion-support tasks in knowledge-intensive industrial
scenarios [15].
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The key to RAG is to effectively match user queries
with relevant documents in an external knowledge base and
provide reliable context for the generative model. However,
conventional RAG methods mostly rely on general-purpose
embedding models and single-vector-similarity-based
retrieval, making it difficult to fully represent technical
terms in industrial domains. As a result, the retrieved results
may deviate from the user’s true intent.

To address these issues, this study proposes a fault
diagnosis-oriented RAG method that combines domain-
specific embedding fine-tuning with domain-aware hybrid
retrieval. Wind turbine operation and maintenance is used for
validation. Domain knowledge is used to fine-tune the
embedding model, while query expansion, dense and sparse
retrieval, term matching, weighted fusion, and cross-encoder
re-ranking are integrated to improve retrieval coverage,
relevance, and domain consistency, providing more accurate
contextual support for generation. The main contributions of
this study are summarized as follows:

(1) This study proposes a domain-specific embedding
fine-tuning method to improve the representation of
wind turbine equipment terms, fault symptoms, and
maintenance semantics.

(2) A domain-aware hybrid retrieval mechanism is devel-
oped by integrating semantic retrieval, keyword
retrieval, term matching, and re-ranking to improve
retrieval accuracy and consistency.

(3) The proposed RAG framework enhances the reliabil-
ity of question answering and decision support in
wind turbine operation and maintenance, while pro-
viding a transferable framework for other industrial
fault diagnosis scenarios.

Il. RELATED WORKS

A. RAG FOR INDUSTRIAL KNOWLEDGE
SERVICES

RAG provides an effective technical route for applying large
language models to industrial knowledge services. Lin et al.
[16] proposed MAKG, a Multi-Agent and Synergistic Knowl-
edge Graph framework that integrates RAG with a multi-
agent system for intelligent industrial equipment mainte-
nance. The MAKG framework enables large language model
agents to collaborate by drawing on information from a
diverse knowledge base and generating coordinated responses
to equipment faults. Chen et al. [17] proposed a RAG-based
interactive industrial knowledge management system that
supports technical service queries and internal regulation
searches by retrieving and generating answers from hetero-
geneous industrial documents. Bahr er al. [18] proposed a
knowledge graph-enhanced RAG framework for Failure
Mode and Effects Analysis (FMEA) data, aiming to improve
semantic question answering and failure-analysis support by
standardizing FMEA information, constructing an FMEA
knowledge graph, and generating vector embeddings from it.

These studies demonstrate the value of RAG for
improving knowledge access and decision support in indus-
trial scenarios; however, their effectiveness still depends
heavily on retrieval quality, especially when dealing with
domain-specific terminology, heterogeneous documents,
and complex fault descriptions, which motivates further
research on domain-specific embedding fine-tuning and
knowledge-enhanced retrieval.

B. DOMAIN-SPECIFIC EMBEDDING FINE-
TUNING AND KNOWLEDGE-ENHANCED
RETRIEVAL

The retrieval module largely determines the reliability of
RAG systems. In industrial scenarios, general-purpose em-
beddings often fail to capture specialized terminology, fault
semantics, and maintenance knowledge, making domain-
specific embedding fine-tuning and knowledge-enhanced
retrieval essential for improving retrieval relevance, factual
grounding, and generation reliability. Liu ez al. [19] proposed
an agent-driven framework for automated Design for Assem-
bly (DFA) evaluation, in which a domain-specific DFA-
Large Language Model (LLM) is fine-tuned through
domain-specific continual pretraining and DFA instruction
data and integrated with an Asset Administration Shell
(AAS)-based hybrid retrieval system to improve the accuracy
and factual reliability of engineering assessments. Luo ef al.
[20] proposed Causal Reasoning and Game-Theory-Inspired
Strategy (CRGS)-RAG, a RAG framework that combines
causal reasoning fine-tuning with a game-theory-inspired
knowledge fusion strategy to improve evidence selection
from noisy retrieved documents and enhance robustness
when integrating internal parametric knowledge with exter-
nal retrieved knowledge. Wang et al. [21] proposed a
scientific RAG framework that integrates contrastive learn-
ing and multi-level retrieval to improve multi-element, cross-
document evidence retrieval from text, tables, formulas, and
figures, while incorporating Chain-of-Thought reasoning for
coherent knowledge synthesis and constructing the SciLitQA
dataset for evaluation. Overall, existing studies have
enhanced RAG reliability through domain adaptation,
knowledge-enhanced retrieval, and evidence fusion. How-
ever, they remain limited in industrial fault semantic model-
ing, domain-aware hybrid retrieval, and retrieved-context
quality control.

lll. RESEARCH METHODS

A retrieval-augmented knowledge generation framework is
proposed for industrial fault diagnosis and intelligent oper-
ation and maintenance, as illustrated in Fig. 1. In this study,
wind turbine operation and maintenance is selected as a
representative scenario for framework instantiation and
experimental validation. In the wind turbine case study,
the framework constructs an external knowledge base from
maintenance manuals, technical documents, and domain-
specific materials. These documents are cleaned, chunked,
and vectorized to construct a retrievable knowledge base.
Domain-specific data are further used to fine-tune the
embedding model, enabling it to more accurately represent
the semantic relationships among technical terminology,
equipment structures, fault descriptions, user queries, and
knowledge texts in the target domain.

After receiving a user query, the system first prepro-
cesses and expands it with domain terms, synonymous
expressions, and related concepts to improve candidate recall.
It then applies a domain-aware hybrid retrieval mechanism,
where dense retrieval captures semantic relevance and sparse
retrieval strengthens exact keyword matching. A domain term
matching score is further introduced and fused with the
retrieval scores to evaluate candidate chunks more compre-
hensively. Finally, a cross-encoder re-ranks the candidates to
select highly relevant, informative, and low-redundancy
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Fig. 1. Flowchart of RAG based on fine-tuning of embedding models.

contexts, which are combined with the query and input into
the large language model to generate accurate, professional,
and traceable operation and maintenance responses.

A. EMBEDDING MODEL FINE-TUNING
GUIDED BY DOMAIN QUESTION-ANSWER
DATA

To improve the retrieval model’s semantic representation of
wind turbine operation and maintenance knowledge, a
domain question-answering-driven embedding fine-tuning
method is proposed, as shown in Fig. 2. The method first
generates domain-specific question—answer samples from
topic information and local knowledge documents and then
constructs high-quality data through document-constrained
generation. Finally, question—positive context pairs are used

for contrastive fine-tuning, enabling the embedding model to
better capture semantic relations among technical terms, fault
descriptions, and maintenance knowledge fragments.

1). CONSTRUCTION OF DOMAIN QUESTION-ANSWER
SAMPLES. To alleviate the shortage of labeled question—
answer data in the field of wind turbine operation and
maintenance, this study first constructs a domain topic
set and employs a local large language model to generate
initial question—answer samples. The domain topic set is
defined as follows:

Tz{thtZs ’ti} (1)
where #; denotes the i-th wind turbine operation and
maintenance topic.

For each topic, the corresponding domain knowledge
background z; is first generated, and then several question—
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Fig. 2. Framework diagram of multi-turn question answer generation model.
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answer samples are generated under the constraint of this
background:

3= G¢(ti) (2)

where G, (-) denotes the generation function of the local
large language model. Accordingly, the initial domain
question—answer set can be obtained as:

00 = {aia;.2:} 3)

The initial question—answer set is used to transform
domain knowledge into structured samples in the form of
“question—answer—background,” enabling the model to
learn typical expressions of wind turbine operation and
maintenance problems as well as the corresponding answer
organization patterns. On this basis, the initial question—
answer set is further used to perform domain adaptation for
the mT5 generative model. Let x; = [g;,z;] denote the input
sequence and y; = a; denote the target output. The training
objective of the generative model can then be expressed as:

(Dgal il

gen = Zzlog Py ylk'Y! <ksX ) “4)

where 6 denotes the parameters of the generative model and
Vi denotes the k-th token in the target answer sequence.

2). REFINEMENT OF DOCUMENT-CONSTRAINED QUES-
TION-ANSWER DATA. Although the initial question—
answer samples can reflect the expression patterns of
domain-specific problems, their content is mainly generated
by the model and may still deviate from the texts in the real
knowledge base. To improve the factual constraints and
knowledge traceability of the training data, this study further
introduces local domain documents and constructs high-qual-
ity question—answer samples based on the document content.
Let D denote the original domain document set. It is
divided into multiple knowledge fragments using a text
segmentation function, which can be expressed as:

C=S8(D) ={ci.co, -+ ¢} )

where c¢; denotes the i-th document knowledge chunk. For
each knowledge chunk, the model first generates a question
q; related to its content and then generates an answer a;
based on the same knowledge chunk.

Each answer is grounded in its corresponding knowl-
edge chunk to ensure source consistency. Low-quality
samples, including short, duplicate, unsupported, or
prompt-contaminated entries, are then removed to obtain
the final document-constrained question—answer set:

an = F({(qi’ai’ci) 1L:l) (6)

Compared with the initial question—answer samples,
the document-constrained question—answer data not only
include possible question forms that users may raise but
also retain the original knowledge chunks on which the
answers depend.

3). EMBEDDING MODEL FINE-TUNING BASED ON
CONTRASTIVE LEARNING. After constructing the docu-
ment-constrained question—answer set, the data are used for
domain-specific fine-tuning of the embedding model. The
retrieval stage aims to identify knowledge chunks most
relevant to user queries, rather than directly generating
answers. Therefore, during the training of the embedding
model, the question g; and its corresponding knowledge

chunk c; are constructed as a positive sample pair, while the
answer ¢; is not directly used as the retrieval target.
Letf(-) denote the embedding model. The question and
the corresponding knowledge chunk are encoded separately
and then normalized using L, normalization, yielding:

Bo= fo(di)

= S\ 7
“ =l @

7 fw( l)
" = o)l

Within a batch, the similarities between all question
vectors and knowledge chunk vectors are calculated as
follows:

®

=1 hTh 9)

where 7 denotes the temperature scaling coefficient.

Based on the obtained similarity matrix, the embedding
model is optimized using a contrastive learning loss with in-
batch negative samples:

emb - __Zl

where B denotes the batch size.

For reproducibility, the embedding model is fine-tuned
with an in-batch contrastive learning objective using docu-
ment-grounded question—context pairs, and the detailed
training configuration is summarized in Table L.

This loss function helps the embedding model learn
domain-specific semantic matching by pulling positive
pairs closer and pushing non-matching pairs apart.

exp(s;)

B — 10
Toepsy)

B. DOMAIN-AWARE HYBRID RETRIEVAL
MECHANISM

As shown in Fig. 3, the domain-aware hybrid retrieval
mechanism improves wind turbine maintenance knowledge
retrieval by combining query expansion, dense semantic
retrieval, and sparse keyword retrieval [22]. A domain term
consistency score is then introduced to enhance profes-
sional relevance, and the final results are obtained through
weighted fusion and cross-encoder re-ranking [23]. This
method jointly models semantic similarity, keyword match-
ing, and domain term consistency to improve retrieval
coverage, accuracy, and context quality.

Table I. Training configuration for embedding model
fine-tuning

Parameter Configuration
Base model BGE-base-zh
Embedding dimension 768
Pooling [CLS] token
Normalization L2 normalization
Batch size 16
Learning rate 2%x107°
Max sequence length 256
Optimizer AdamW
Gradient clipping 1.0
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Fig. 3. Schematic diagram of the vector indexing process.
1). QUERYRECALL. For the original user query ¢, query
expansion is first performed to obtain a query set containing Syparse(0.D) Z IDF (¢t

domain terms, related concepts, and synonymous expres-
sions:

An} (In

where g,, denotes the expanded query expression. Through
query expansion, the user’s natural language question can
be transformed into a retrieval form that is more consistent
with the expression patterns of the domain knowledge base,
thereby improving the coverage of the initial recall stage.

In the dense semantic retrieval stage, the embedding
model is used to map the query and document chunks into
the same vector space. Let g denote the query vector and d;
denote the candidate document chunk vector. The semantic
similarity between them is calculated as:

Z,N 1 974
N N d2
Z =1 q] Z] 1

This score measures the proximity between the query
and the document chunk in the semantic space, thereby
capturing latent semantic associations across different
expressions.

To enhance the matching capability for explicit infor-
mation such as equipment names, fault locations, and
technical terms [24], sparse keyword retrieval is introduced.
This process is implemented based on keyword extraction
and an inverted index, and BM25 is used to calculate the
matching score between the query Q and the document
chunk D:

Q = {QO’QI’QZ’ e

Sdense 6], (12)

teQ
TF(t.D)(k; + 1)

TF(1,D) + k, (1 —b+b

13)
1D )
avgdl

where ¢ denotes a keyword in the query, TF(z,D) denotes
the term frequency of keyword (t) in the document chunk,
IDF (t) denotes the inverse document frequency, |D| is the
length of the document chunk, avgdl is the average length of
all document chunks, and k; and b are tuning parameters.
Dense semantic retrieval focuses on semantic-level simi-
larity, whereas sparse keyword retrieval emphasizes exact
matching at the term level. Together, they form a comple-
mentary dual-channel recall mechanism.

2). FUSION RANKING. After the initial candidate docu-
ment chunks are obtained, a domain term consistency score
is calculated to constrain the domain-specific relevance of
the retrieval results. Let 7 o denote the set of domain terms
identified in the query and 7, denote the set of domain
terms contained in the candidate document chunk. The
domain term matching score is defined as:

Z‘tGTQ w,+ &€

where 7 denotes a domain term, w, denotes the weight of
term, and ¢ is a smoothing factor. This score is used to
measure the matching degree between the candidate docu-
ment chunk and the user query.

Sterm(Q:D) = (14)
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Considering that the dense semantic score, sparse
keyword score, and domain term score are distributed on
different numerical scales, this study first normalizes the
three scores and then performs weighted fusion to obtain the
comprehensive retrieval score:

S= agdense + ﬂgsparse + 7Sterm (15)

where S’de,m, S’Xpam, and S‘,erm denote the normalized
semantic similarity score, keyword matching score, and
domain term consistency score, respectively; and a, 3, and y
are the corresponding weight coefficients.

Finally, a cross-encoder [25] is employed to re-rank the
initial candidate results [26]. Let C denote the set of
candidate document chunks obtained after weighted fusion.
The cross-encoder jointly encodes the query Q and each
candidate document chunk D; and outputs the final rele-
vance score:

R =g,(Q.D;), D;€C (16)

where g, denotes the cross-encoder re-ranking model and
R; denotes the final relevance score of the candidate docu-
ment chunk D;. The candidate document chunks are re-
ranked according to R;, and the top-K document chunks are
selected as the input context for the generative model:

Ctopl( = TOPKD,-EC (Ri) a7

In the implemented system, cross-encoder re-ranking is
performed by Qwen2.5-3B-Instruct, which jointly reads the
user query and a numbered list of candidate passages within
a single prompt. After hybrid retrieval and domain-term
reweighting, the retained candidates are re-ranked, and the
final Top-5 passages are selected according to the model-
generated ranked index list. The detailed settings are sum-
marized in Table II.

Through the above process, the domain-aware hybrid
retrieval mechanism can further select knowledge chunks
that are most relevant to the user query, contain more
complete information, and have lower redundancy from

the initially retrieved results, thereby providing high-quality
contextual support for subsequent RAG.

IV. CASE STUDY
A. COMPARATIVE EXPERIMENTS

To verify the overall effectiveness of the proposed method,
comparative experiments are conducted against several
representative baselines, including the base large language
model, conventional RAG, embedding-model-fine-tuned
RAG, and conventional hybrid-retrieval RAG. This com-
parison is designed to evaluate the contribution of domain-
specific embedding fine-tuning and domain-aware hybrid
retrieval to retrieval quality and answer generation
performance.

To ensure a fair and unambiguous comparison, the roles
of the model components are specified as follows. Qwen2.5-
3B-Instruct is the locally deployed instruction-tuned causal
language model used for final answer generation in all
compared systems (M1-M5); in M5, the same model is
additionally used for query expansion and LLM-based can-
didate re-ranking. Keeping this generator unchanged across
systems ensures that performance differences mainly reflect
retrieval enhancement, embedding fine-tuning, and the pro-
posed M5 modules. mT5-small, fine-tuned as QA-mT?, is
used only in offline data preparation: it is trained on seed QA
pairs produced by Qwen and serves as a lightweight domain
QA generator during data construction but is not used for
final answer generation or online inference. Document-
grounded refined QA pairs for embedding training are
generated directly by Qwen from local domain documents.
BGE-base-zh is the backbone embedding model, fine-tuned
with question—context pairs for dense retrieval only and is not
involved in answer generation.

The five comparative models used in this study are
listed in Table III. M1 denotes the base large language
model without access to an external knowledge base. M2
represents standard RAG using only dense vector retrieval.
M3 incorporates embedding model fine-tuning on the basis
of M2. M4 adopts conventional hybrid retrieval by com-
bining dense retrieval and sparse retrieval. M5 is the
complete proposed method, which further integrates query

Table Il.  Settings of the cross-encoder re-ranking expansion, domain term matching, and LLM-based candi-
module date re-ranking.
Parameter Configuration 1). RETRIEVAL PERFORMANCE EVALUATION. To eval-
Model Qwen2.5-3B-Instruct uate the knowledge retrieval capability of different methods,
Tnput Query + numbered passages Recall@1, Recall@3, Recall@S, Preglslon@S, MRR, and
Candidat 15 nDCG@5 are used as evaluation metrics, and the results are

andidates presented in Table IV. Among these metrics, Recall@K
Output Top-5 measures the coverage of relevant documents within the
Decoding Greedy top-(K) retrieved results, reflecting the retrieval method’s

ability to provide sufficient candidate knowledge.
Table lll. Comparative methods and key module settings
Embedding Query Dense Sparse Term

Method fine-tuning expansion retrieval retrieval matching Re-ranking
M1 X X X X X X
M2 X X Vv X X X
M3 Vv X Vv X X X
M4 X X vV Vv X X
M5 v Vv v v v v
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Table IV. Retrieval performance of different comparative methods
Method Recall@1 Recall@3 Recall@5 Precision@5 MRR nDCG@5
Ml - - - - - -
M2 5.33 14.67 24.00 14.40 28.13 20.80
M3 24.00 58.67 70.67 42.40 78.80 68.25
M4 33.33 69.33 70.67 43.45 91.00 76.68
M5 32.00 73.33 81.33 48.80 98.00 83.44
Recall Metrics Precision / MRR / nDCG
100% M1 100% M1
M2 M2
80% M3 80% M3 I
s M4 I . M4
. M5 . M I
o 60% I o 60%
g g
o Q
w2 w2
40% 40% 1
20% & { I 20% I I I
0% L 0%
° Recall@1 Recall@3 Recall@5 ’ Precision@5 MRR nDCG@5
Metric Metric
Fig. 4. Comparison of retrieval performance metrics across different methods.
Precision@35 evaluates the accuracy of the top five results, Ml M2 M3 « M4 - M5
while Mean Reciprocal Rank (MRR) indicates the ranking 100%
position of the first relevant document. nDCG@5 further
considers both ranking position and relevance grade. 80%
Together, these metrics enable retrieval performance to be
analyzed in terms of recall capability, matching accuracy, g 60%
and ranking quality, providing an objective basis for com- 3

paring different methods.

To intuitively compare the retrieval performance dif-
ferences among different methods, the evaluation results
in Table IV are visualized, as shown in Fig. 4. The
visualization compares different methods across Recall@K,
Precision@5, MRR, and nDCG@5, which respectively
reflect retrieval completeness, result relevance, the ranking
position of the first relevant document, and overall ranking
quality. Compared with the tabular results, it more clearly
reveals the performance gaps among different methods and
the improvement trend from the baseline model to the
proposed method. In particular, the recall-related metrics
indicate whether the retrieval system can cover sufficient
domain knowledge, while MRR and nDCG@5 further
reflect its ability to rank highly relevant evidence in top
positions. Therefore, the visualization provides a direct basis
for analyzing how embedding fine-tuning, hybrid retrieval,
and re-ranking contribute to retrieval effectiveness.

All retrieval metrics of M1 are zero because M1 is a
pure language model baseline without a retrieval module
and thus cannot retrieve relevant content from the document
database. The overall performance of M2 is relatively low,
indicating that general-purpose embeddings have obvious
limitations in domain-specific retrieval. After introducing
the fine-tuned embedding model, M3 achieves a substantial
performance improvement, with Recall@1 reaching 24%
and MRR reaching 78.8%. M4 further improves the ranking
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Fig. 5. Comparison of retrieval performance metrics across
models.

quality through hybrid retrieval, increasing MRR to 91%.
M3 achieves the best performance in terms of both recall
depth and overall ranking quality, with Recall@5 of
81.33%, MRR of 98%, and nDCG@5 of 83.44%, which
verifies the effectiveness of the proposed retrieval strategy.
To further highlight the overall variation trends of
different methods across multiple retrieval metrics, a line
chart is additionally plotted, as shown in Fig. 5. The final
model, M5, achieves the best performance on most metrics.
The test questions are further divided into five categories,
namely basic principles, equipment structure, fault diagnosis,
safety specifications, and inspection and maintenance, to
examine the adaptability of the model across different
knowledge scenarios. The results are shown in Fig. 6.
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Fig. 6. Retrieval performance bubble matrix across multi-category question scenarios.
Table V. Objective evaluation metrics for generation performance
Abbreviation Full name Purpose

SemSim

KPC Key-point Coverage
FSR Fact Support Rate

HR Hallucination Rate
DTF1 Domain Term F1

Semantic Similarity Evaluates the semantic consistency between the generated answer and the reference answer
Evaluates whether the generated answer covers the key knowledge points
Evaluates whether the generated answer is supported by the retrieved context
Evaluates the proportion of unsupported generated content
Evaluates the accuracy of domain-specific terminology usage

The bubble chart further illustrates retrieval differences
across knowledge categories. M2 achieves limited and
uneven performance, indicating that general-purpose em-
beddings struggle to generalize to different wind turbine
maintenance scenarios. After embedding fine-tuning, M3
shows clear improvements across categories, with a more
balanced bubble distribution and better cross-category con-
sistency. M4 performs well in several categories due to the
combination of dense and sparse retrieval, but its results
remain uneven. In contrast, M5 presents larger and more
uniform bubbles, demonstrating more stable retrieval per-
formance and stronger cross-category generalization.

2). GENERATION QUALITY EVALUATION. This study
adopts five automated objective metrics to evaluate genera-
tion quality: SemSim, KPC, FSR, HR, and DTFI, as listed in
Table V. These metrics assess the generated answers in terms
of semantic consistency, key-point coverage, factual support,
hallucination level, and domain terminology usage. Specifi-
cally, SemSim is computed as the cosine similarity between
the sentence embeddings of the generated and reference
answers. KPC measures the proportion of predefined refer-
ence key points covered by the generated answer. FSR is
obtained by checking whether the atomic factual claims in the
generated answer are supported by the retrieved contexts,

Table VI. Generation quality evaluation results of
different comparative methods

Method SemSim KPC FSR HR DTF1
M1 75.91 26.47 91.21 8.79 41.66
M2 79.53 62.60 91.81 8.19 58.75
M3 80.22 65.80 95.43 4.57 63.28
M4 79.97 65.60 95.67 4.33 58.73
M5 80.85 67.40 97.83 2.17 64.76

while HR measures the proportion of unsupported claims.
DTF1 is calculated from the precision and recall of domain
terms extracted from the generated and reference answers.
Higher values of SemSim, KPC, FSR, and DTF1 indicate
better generation quality, whereas a lower HR indicates fewer
hallucinations. The final score of each metric is averaged over
all test questions.

Table VI and Figure 7 present the comparison results of
the five systems on five generation quality metrics. In terms
of semantic similarity, the M1 baseline system achieves a
score of 75.91%, which increases to 79.53% after retrieval
augmentation is introduced in M2. Supported by fine-tuned
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Fig. 7. Comparison of objective generation performance metrics across different methods.

embeddings and hybrid retrieval, M3 and M4 reach 80.22%
and 79.97%, respectively, showing only slight differences
compared with M2. The proposed method, M5, achieves
the highest value of 80.85%.

Key-point coverage is the most discriminative metric
among the five systems. M1 achieves only 26.47%, indicat-
ing that the large language model has difficulty covering
domain-specific knowledge points without retrieval support.
After retrieval is introduced, M2 increases substantially to
62.60%. M3 and M4 further improve this metric to 65.80%
and 65.60%, respectively, while M5 reaches 67.40%, veri-
fying the effectiveness of the proposed retrieval strategy in
improving knowledge coverage.

In terms of factual support rate and hallucination
rate, M1 obtains a factual support rate of 91.21% and a
hallucination rate of 8.79%. With improved retrieval capa-
bility, M2 slightly increases the factual support rate and
reduces the hallucination rate to 8.19%. M3 and M4 greatly
reduce the hallucination rate to 4.57% and 4.33%, respec-
tively, through more accurate retrieval. M5 achieves the
highest factual support rate.

For domain terminology F1, M3 and M5 achieve
63.28% and 64.76%, respectively, indicating that fine-
tuned embeddings positively contribute to the accurate
use of domain-specific terminology.

B. ABLATION EXPERIMENTS

To further examine the contribution of each module in M5,
ablation experiments were conducted by removing embed-
ding fine-tuning, query expansion, sparse retrieval, domain
term matching, and cross-encoder re-ranking, respectively.
Under the same data and evaluation metrics, retrieval
performance and generation quality were compared to
reveal each module’s impact on knowledge recall, ranking
quality, factual support, and domain-term accuracy. The
ablation settings are shown in Table VII.

1). RETRIEVAL  PERFORMANCE  EVALUATION.

Retrieval performance is evaluated using Recall@]1,
Recall@3, Recall@5, Precision@5, MRR, and
nDCG @5, which comprehensively reflect recall capability,
matching accuracy, and ranking quality. The results are

Table VII. Configuration of ablation models obtained by removing one module from the full M5 system
Embedding Query Dense Sparse Term
Method fine-tuning expansion retrieval retrieval matching Re-ranking
M5 v v v v v v
w/o-FT X Vv Vv Vv Vv Vv
w/o-QE v X v % v v
w/o-SR Vv v Vv X Vv Vv
w/o-DT Vv Vv Vv Vv X Vv
w/o-CE vV vV Vv vV vV X
Table VIIIl. Retrieval performance of different ablation models
Method Recall@1 Recall@3 Recall@5 Precision@5 MRR nDCG@5
M5 32.00 73.33 81.33 48.80 98.00 83.44
w/o-FT 26.31 51.45 61.33 36.80 79.85 61.86
w/o-QE 31.33 62.51 78.67 47.20 86.24 82.74
w/o-SR 28.31 52.65 62.67 37.60 77.81 62.67
w/o-DT 29.33 66.67 73.33 44.00 94.58 75.14
w/o-CE 31.20 54.67 64.12 38.40 74.89 63.98
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Fig. 8. Comparison of retrieval performance metrics across different ablation variants.

Table IX. Generation quality evaluation results of
different ablation variants

Method SemSim KPC FSR HR DTF1
M5 80.85 67.40 97.83 2.17 64.76
w/o-FT 79.22 62.61 95.73 4.27 61.53
w/0-QE 79.64 65.87 97.40 2.60 62.83
w/o-SR 79.82 65.89 97.38 2.62 60.71
w/o-DT 80.45 66.54 96.56 3.44 62.72
w/o-CE 79.24 62.62 9579 421 61.53

shown in Table VIII, with the corresponding visualization
presented in Fig. 8.

The retrieval ablation results show that removing any
component degrades M5 performance, confirming the com-
plementarity of the proposed modules. Removing embed-
ding fine-tuning or sparse retrieval markedly reduces recall,
precision, and ranking quality, indicating the importance of
domain semantic representation and keyword matching.
The absence of cross-encoder re-ranking causes the largest
MRR drop, highlighting its role in prioritizing relevant
evidence. Query expansion and domain term matching
further enhance recall stability and domain consistency.

I M5 HEEl woFT

Il v/ QE

2). GENERATION QUALITY EVALUATION. Generation
performance is evaluated using SemSim, KPC, FSR, HR,
and DTF1, which measure semantic consistency, key-point
coverage, factual support, hallucination level, and domain
terminology usage, respectively. The results are shown in
Table IX, and the performance differences among methods
are visualized in Fig. 9.

The generation-quality ablation results show that each
module contributes to answer reliability. M5 achieves the
best overall performance, with the highest SemSim, KPC,
FSR, and DTF1 and the lowest HR. Removing embedding
fine-tuning or cross-encoder re-ranking reduces answer
completeness and factual support, while removing sparse
retrieval or domain term matching weakens domain-term
accuracy. These results confirm that the proposed modules
jointly improve knowledge coverage, factual grounding,
hallucination suppression, and domain-specific expression.

V. CONCLUSIONS

To address the limited domain understanding of general-
purpose models, insufficient retrieval relevance, and weak
answer traceability in industrial fault diagnosis and intelli-
gent operation and maintenance, this study proposes a RAG
framework that integrates data-driven embedding fine-tun-
ing and domain-aware hybrid retrieval. The framework is
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Fig. 9. Comparison of objective generation performance metrics across different ablation variants.
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intended for industrial fault diagnosis and intelligent main-
tenance and is instantiated and validated in wind turbine
operation and maintenance as a representative application
scenario. By constructing document-constrained question—
answer data and combining query expansion, dense
retrieval, sparse retrieval, domain term matching, weighted
fusion, and cross-encoder re-ranking, the proposed method
improves knowledge recall, ranking quality, and generation
reliability. The ablation experiments further demonstrate
the effectiveness of each key module: embedding fine-
tuning enhances domain semantic representation, hybrid
retrieval improves both semantic and keyword-level
matching, and the integration of domain term matching and
re-ranking further strengthens retrieval relevance, factual
support, and answer traceability [27].

Nevertheless, the current study is mainly validated using
wind turbine-related textual knowledge resources, and
its scalability, cross-domain generalization, deployment
efficiency, and performance in complex fault scenarios
require further investigation [28]. Future work will focus
on adapting the framework to other industrial fault diagnosis
domains by reconstructing domain-specific knowledge
bases, terminology dictionaries, and fine-tuning datasets
[29]. In addition, dynamically updated knowledge bases,
lightweight retrieval and re-ranking mechanisms, and multi-
source multimodal information such as SCADA data, vibra-
tion signals, images, maintenance work orders, fault cases,
and expert experience will be further incorporated to improve
deployment efficiency and enhance diagnostic capability
under complex operating conditions.
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