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ABSTRACT

Modern industrial systems have grown increasingly extensive, complex, and hierarchical, with opera-
tions relying on numerous knowledge-based queries. These queries necessitate considerable human
resources while also requiring high levels of accuracy, subjectivity, and consistency, all of which critically
influence operational efficiency. To overcome these challenges, this study proposes an industrial
retrieval-augmented generation (RAG) method designed to enhance large language models (LLMs) using
domain-specific knowledge, thereby improving the precision of question answering. A comprehensive
industrial knowledge base was constructed from diverse sources, including journal articles, theses, books,
and patents. A Text classification model based on bidirectional encoder representations from transform-
ers (BERTs) was trained to accurately classify incoming queries. Furthermore, the general text embed-
ding-dense passage retrieval (GTE-DPR) model was employed to perform word embedding and vector
similarity retrieval, facilitating the alignment of query vectors with relevant entries in the knowledge
base to obtain initial responses. LLMs subsequently refined these initial results to produce accurate final
answers. Experimental evaluations confirm the effectiveness of the proposed approach. In particular,
when applied to ChatGLM2-6B, the RAG method increased the ROUGE-L score from 32.52% to 55.04%
and improved accuracy from 50.52% to 73.92%. Comparable improvements were also observed with
LLaMA2-7B, underscoring the RAG framework’s capability to significantly enhance the accuracy and rel-
evance of industrial question-answering (QA) systems.
© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

toward digitalization, interconnectivity, and intelligent automa-
tion. The fourth industrial revolution is anticipated to facilitate

Smart manufacturing has been established as a strategic
national priority aimed at strengthening the global competitive-
ness of the manufacturing sector. The rapid advancement of artifi-
cial intelligence technologies, driven by the proliferation of big
data, along with changes in research paradigms, such as the emer-
gence of cyber-physical systems and interdisciplinary knowledge
integration, has accelerated the transformation of manufacturing

* Corresponding authors.
E-mail addresses: renhao@ecust.edu.cn (H. Ren), aucuiwei@scut.edu.cn (W. Cui).

https://doi.org/10.1016/j.eng.2025.07.035

the automation and intelligent execution of knowledge-intensive
tasks in manufacturing [1,2]. Nevertheless, current technologies
remain inadequate in fully and efficiently exploiting industrial
knowledge, thereby hindering the realization of timely intelligent
analysis, accurate control, and autonomous decision-making capa-
bilities [3,4]. Consequently, the effective integration and applica-
tion of industrial knowledge have become essential to improving
the performance and competitiveness of industrial systems.
Industrial question-answering (QA) systems are designed to
retrieve targeted industrial knowledge and deliver precise
answers, rather than merely presenting a ranked list of documents.
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These systems play a vital role in the integration and practical uti-
lization of industrial knowledge [5]. Since the 1960s, a variety of
QA methodologies have developed, which can generally be
grouped into three main categories: corpus-based, knowledge
graph-based, and large language model (LLM)-based approaches
[6]. Corpus-based methods represent the earliest form of QA sys-
tems and typically rely on rule-based techniques or similarity vec-
tor computations to extract information from large text corpora.
For instance, Masood et al. [7] developed an expert system for
the selection of rapid prototyping technologies, incorporating data
from 39 commercially available systems produced by 21 different
manufacturers. Similarly, Ruiz et al. [8] introduced a system that
enables hands-free information retrieval for manufacturing per-
sonnel, utilizing processed and annotated PDF documents along
with similarity vector matching to ensure high classification accu-
racy and reliable responses. In another example, Liu et al. [9]
applied natural language processing (NLP) methods to construct
a decision-support system capable of accurately addressing techni-
cal queries in pressure vessel design. Although such traditional
approaches have demonstrated conceptual effectiveness, they limit
efficiency in semantic understanding, conceptual association, and
retrieval efficiency [10,11].

Recently, knowledge graph-based methods have emerged as a
structured and interpretable approach for industrial QA, facilitat-
ing reasoning over entities and their interrelationships [12]. For
instance, Han et al. [13] proposed a multi-hop fault diagnosis
framework that employs knowledge graph reasoning and
decision-making to support fault detection in hot rolling line
equipment. In the field of aviation assembly, Liu et al. [14] devel-
oped a joint reasoning framework that integrates a named entity
recognition model with subgraph embedding techniques, and their
findings include a comparative analysis between this approach and
LLM-based QA systems. In the chemistry domain, Zhou et al. [15]
introduced a novel knowledge graph QA system that utilizes
hybrid embeddings to support fact-based information retrieval
for chemistry-related research and industrial use cases. Similarly,
Lee et al. [16] presented a general-purpose QA model that combi-
nes a knowledge graph and QA methods to ensure consistency in
time and quality during the review of purchase order documents.
Zhou et al. [17] also applied an injection molding knowledge graph
in combination with fine-tuned bidirectional encoder representa-
tions from Transformers (BERT) model to interpret user intent
and retrieve semantically relevant knowledge. Over the past sev-
eral decades, knowledge graph-based methods have attracted con-
siderable interest due to their interpretability and well-structured
representation. Nonetheless, challenges persist, particularly in
managing large-scale datasets, adapting to dynamic environments,
handling incomplete or inaccurate information, and establishing
precise relationships among semantic entities [18,19].

LLMs have been trained on extensive text corpora comprising
billions of parameters to enhance natural and interactive commu-
nication between humans and machines [20-22]. Hostetter et al.
[23] employed advanced chatbot technologies to perform QA tasks
in the field of fire engineering, demonstrating the transformative
potential of LLMs within this domain. Similarly, Rivera et al. [24]
applied LLMs in the coal mining sector, achieving accurate and
contextually appropriate answers through the use of tailored
prompting strategies. Addressing QA tasks involving tabular data,
Mo et al. [25] introduced a novel few-shot table prompting method
to mitigate the generation of invalid Structured Query Language
(SQL) or Not only SQL (NoSQL) queries by LLMs, particularly in
cases involving complex questions and tables with numerous col-
umns. However, LLMs often exhibit limited comprehension of
highly specialized industrial knowledge, which can result in
responses that appear fluent yet contain factual inaccuracies or
fabricated content [26]. To address these limitations, retrieval-
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augmented generation (RAG) has emerged as a promising
approach that combines the generalization ability of pre-trained
LLMs with the retrieval of relevant domain-specific knowledge
[27-32]. For instance, Wang and Li [33] integrated LLMs with
industrial knowledge bases to overcome technical challenges aris-
ing from gaps in domain expertise in operations and maintenance.
Despite such progress, RAG methods based on LLMs continue to
encounter two major challenges: insufficient incorporation of spe-
cialized domain knowledge and the persistence of hallucinated
outputs in generated responses.

To address the limitations of conventional RAG frameworks,
particularly issues related to hallucination and insufficient integra-
tion of domain-specific knowledge, this study proposes several
enhancements tailored for industrial QA scenarios, such as manu-
facturing, equipment maintenance, and fault diagnosis. First, the
industrial knowledge base is divided into specialized sub-
knowledge bases to enable more accurate and efficient retrieval.
Second, a BERT-based industrial question classifier is introduced
to filter out non-industrial queries and direct relevant questions
to the corresponding sub-knowledge base. These improvements
aim to reduce hallucinations and bridge domain knowledge gaps,
thereby improving the precision and contextual relevance of the
responses. The main contributions of this work are as follows:

(1) A dedicated industrial knowledge base is constructed by col-
lecting five representative types of documents, including journal
articles, dissertations, books, patents, and other relevant materials.
These documents undergo preprocessing steps, such as recogni-
tion, cleansing, deduplication, and segmentation, to create a struc-
ture and focused knowledge base that supports efficient retrieval
and utilization.

(2) A BERT-based text classifier is developed and trained to filter
questions before retrieving information from LLMs. By screening
queries in advance, the classifier helps to ensure that generated
answers remain within the bounds of verifiable human knowledge,
thereby reducing the likelihood of hallucination outputs.

(3) A knowledge-enhanced LLM is implemented, which
retrieves relevant information by processing both user queries
and knowledge base content. This approach leverages the general
text embedding-dense passage retrieval (GTE-DPR) model for
word embedding and uses Facebook artificial intelligence similar-
ity search (FAISS) for vector similarity search, enabling the lan-
guage model to integrate retrieved domain-specific knowledge
into fluent and accurate answers.

(4) Extensive comparative experiments were conducted to eval-
uate the effectiveness of the proposed industrial RAG framework.
The results demonstrate notable improvements across modules,
including question classification, knowledge retrieval, and answer
generation. In addition, ablation studies highlight the contribu-
tions of each component, confirming that their integration signifi-
cantly enhances the quality and relevance of industrial question
answering.

The remainder of this paper is organized as follows: Section 2
reviews relevant literature on LLM, knowledge retrieval tech-
niques, and RAG. Section 3 introduces the proposed QA approach
that incorporates industrial knowledge to enhance the perfor-
mance of LLMs. Section 4 presents the experimental setup and
results. The conclusion and potential directions for future research
are provided in the final section.

2. Related work

This section reviews the existing literature relevant to the pre-
sent study, focusing on three primary areas: pre-trained LLMs
(Section 2.1), knowledge retrieval methods (Section 2.2), and
RAG (Section 2.3). Each of these areas contributes critically to
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enhancing the performance and accuracy of QA systems within
specialized industrial domains.

2.1. Pre-trained LLMs

Pre-trained LLMs refer to large-scale autoregressive models in
NLP that are trained on extensive text corpora and contain billions
or even trillions of parameters. These models are designed to pre-
dict the next token in a sequence based on preceding tokens, with
representative examples including PanGu-« [34] and ChatGPT [35].
Given a word sequence X = {X1,X,, ...,Xp} and its probability distri-
bution p(X), the training objective of LLMs involves maximizing the
log-likelihood, as defined in Eq. (1). These models support a wide
range of applications, such as machine translation, question
answering, and text generation [2,34]:

n
L= logp(xnlX1,....,Xn1; 0) (1)
i1
where p(X) = p(x[x1,X2,...,X,_1; 0) denotes the probability of the
nth token x, conditioned on the preceding tokens x;.,_1, and 0 rep-
resents the model parameters to be learned during training.

In 2022, OpenAl's release of ChatGPT drew widespread atten-
tion from the global research community and marked a significant
shift toward the era of general-purpose generative artificial intelli-
gence [35-38]. This development endowed LLMs with impressive
capabilities in general-domain question answering, primarily
enabled by the Transformer architecture, which comprises multi-
head attention (MHA) mechanisms and fully connected (FC) feed-
forward networks (FFN), as illustrated in Fig. 1. Fig. 1(a) illustrates
the encoding and propagation process of each token using the sen-
tence “The capital of China is Beijing” as an example, through the
stacked Transformer layers of the PanGu-o model to predict the
next word. Fig. 1(b) details a single Transformer layer, comprising
two key sub-modules: multi-head self-attention and the FFN, both
encapsulated with LayerNorm and residual connections.

MHAC(-): Each self-attention module within a Transformer
includes four projection matrices, as depicted in Fig. 1(a):
Wi, W WE Wit e RNn where d denotes the hidden dimension,
h is the index of the attention head, and Nj, is the total number
of heads. Given the output from the previous layer

Hi_; € R¥4(with N being the sequence length), the three key com-

T

The capital of China

(a)
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ponents (query Qy, key Kj, and value V;) are computed as shown in
Eq. (2).

Q= H . Wj
Ky = H_ Wk (2)
Vi =H W}

The attention output is then computed accordingly using Eq.
(3)-

Ay = QKT = H,WIW!HT

Attention, (H,_;) = softmax(A,/vd)V,

= softmax(A/Vd)H_ W/

3)

where Aj, is the attention score matrix for head h, Attentiony(-)
denotes the weighted output for each token, and softmax(-) normal-
izes scores across the sequence.

Finally, the output from all attention heads is aggregated and
computed using Eq. (4).

{

where H"™™ represents the residual-enhanced output of the multi-
head attention block at layer [, and LayerNorm(-) is the layer nor-
malization function.

FFN(-): It consists of two linear layers, represented by
W' e R*% b' e R W? € R%*4 b* ¢ RY, where dj denotes the
dimension of the inner layer, as shown in Fig. 1(b). The output of
MHA(+) is passed into FFN(-) to compute the corresponding output,
as given by Eq. (5).

{

where GeLU(:) denotes the Gaussian error linear unit activation
function.

Despite the remarkable advancements of large models in lan-
guage understanding and generation, challenges persist, particu-
larly in domain-specific applications. LLMs often encounter
difficulties when handling specialized or knowledge-intensive
queries. In scenarios involving topics beyond their training data

Ny

MHA(H,_,) = S Attention, (Hy_)W"

4
H"™* = H,_; + MHA(LayerNorm(H,_;)) ?

FEN(HM™) = GeLUHM™ W' + b")W? + b

5
H, = H™* 4+ FFN(LayerNorm(H]"*)) ®)

Beijing
f Lager—norm
: Ca [k v ]
RoPE RoPE
Layer-norm
Transformer
layers BMM
( BMM ]
I
Projection
Token +
|
Position

Multi-head attention FESt Tanaar
network

(b)

Fig. 1. Architecture overview of large-scale LLMs: (a) Token-level processing workflow of the autoregressive PanGu-o model, where embeddings combined with positional
encodings are passed through stacked decoder blocks; (b) Inner structure of a Transformer layer, consisting of multi-head self-attention and feed-forward sub-layers, each
connected via residual pathways [34]. Q, K, and V represent the query, key, and value matrices, respectively; BMM denotes batch matrix multiplication used to compute
attention scores efficiently; FC-1 and FC-2 refer to the first and second fully connected layers within the feed-forward network, respectively.
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or requiring current information, these models may generate inac-
curate or fabricated outputs. Such limitations underscore the
necessity for enhancing the accuracy and reliability of LLMs, espe-
cially within specialized and rapidly evolving fields [39,40].

2.2. Knowledge retrieval

Traditional knowledge retrieval methods primarily rely on
sparse retrieval techniques, such as best match 25 (BM25) [41]
and term frequency-inverse document frequency (TF-IDF) [42].
These approaches build inverted indexes based on word frequency
statistics, enabling efficient retrieval and demonstrating strong
recall performance in practical applications, as shown in Eq. (6).

TF—IDF(t, d;, D) = TF(t, d;) x IDF(t, D)

N Jfyltdy)
TR d) = 50

IDF(t, D) = log

(6)
n
|d;jeD:ted;|+1

where TF(t,d;) represents the frequency of a given term t within a
specific document d;, while IDF(t, D) captures the rarity of the term
t across the entire document set D. The function f(t,d;) counts the
occurrences of term t in document d;, and 3=, f(t',d;) gives the
total number of terms (t') in d;. The variable n indicates the total
number of documents in D, and |d; € D:it € d;| denotes the number
of documents in which the term t appears. Despite their effective-
ness, traditional sparse retrieval methods primarily rely on term
frequency statistics and often overlook the semantic relationships
between words [43,44].

Pre-trained language models, such as BERT [45], have signifi-
cantly improved text understanding in recent years, effectively
addressing the limitations of traditional methods that overlook
semantic relationships between words. For instance, Karpukhin
et al. [46] proposed the dense passage retriever, a BERT-based
model that generates dense vector representations through sepa-
rate query and passage encoders, enabling relevance scoring
between query and document vectors. This approach demon-
strated notable gains over traditional retrieval models. Further-
more, Wang et al. [47] introduced a hybrid retriever framework
that integrates BM25 with dense retrieval models. By applying a
convex linear combination (Convex-fusion) to merge sparse and
dense retrieval scores, the hybrid retriever effectively compensates
for the limitations of each individual method and achieves
improved recall performance in document retrieval tasks.

2.3. RAG

RAG is a technique that enhances the performance of LLMs by
integrating information retrieval with generative capabilities
[48]. As described by Lewis et al. [49], this approach strengthens
the reasoning ability of LLMs, particularly in domains requiring
specialized knowledge. By combining indexing, retrieval, and gen-
eration modules, RAG significantly improves the accuracy and reli-
ability of responses, making it especially effective for knowledge-
intensive tasks [50,51].

With advancements in technology, RAG has developed into
more complex systems that have improvements in indexing tech-
niques, such as sliding windows, fine-grained text segmentation,
and metadata fusion [48,50]. For instance, Eibich et al. [52]
employed hypothesis document embeddings (HyDEs) combined
with LLM-based re-ranking to enhance retrieval accuracy. Simi-
larly, Zhou et al. [53] introduced meta-knowledge summaries to
personalize queries and increase retrieval depth. Despite its effec-
tiveness, RAG continues to face challenges, such as limited retrieval
efficiency and a lack of diversity in generated content.
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Recent studies have increasingly emphasized modular RAG
architectures, which offer improved flexibility and scalability by
refining individual components, such as integrating similarity
search modules and fine-tuning retrievers [54]. Common strategies
include reorganizing RAG modules [55] and reconfiguring retrieval
pipelines [56]. The adoption of modular RAG methods is growing,
enabling sequential processing and facilitating end-to-end integra-
tion. Representative examples include FlashRAG [57], Telco-RAG
[58], and AutoRAG [59]. Nonetheless, current RAG-based systems
continue to encounter limitations, primarily due to the inclusion
of irrelevant or conflicting information and difficulties in handling
complex query formulations [50].

To mitigate the impact of irrelevant or contradictory external
information, which can result in inaccurate or hallucinated
responses, Yan et al. [60] proposed the corrective RAG (CRAG)
framework. This method incorporates lightweight retrieval evalua-
tors to assess the quality of retrieved content and expands retrieval
coverage through large-scale web searches, thereby improving the
robustness and reliability of the generated responses. Despite
these advancements, RAG-based systems still face challenges in
addressing complex queries with high precision. To improve per-
formance in multi-hop question answering tasks, Chan et al. [61]
proposed refining queries through explicit rewriting, decomposi-
tion, and disambiguation. In addition, Hei et al. [62] tackle the issue
of dynamic relevance by improving document retrieval recall and
answer accuracy using a two-stage retrieval framework supported
by compact classifiers.

In industrial QA systems, the objective is not to rely on LLMs for
generating conversationally fluent responses. Instead, these sys-
tems prioritize the retrieval of highly accurate and reliable answers
by leveraging human-validated external cognitive knowledge
bases. This involves the comprehension, application, and transfor-
mation of factual data, along with structured summarization and
interpretation through LLMs. Therefore, industrial applications
necessitate access to specialized and domain-specific knowledge
that may not be present in the pre-training data of LLMs. It is also
crucial to prevent hallucinated or fabricated outputs commonly
associated with generative models.

3. Methodology

This section first presents an overview of the proposed frame-
work. It then provides a detailed description of the industrial
knowledge base. Subsequently, query analysis is presented, fol-
lowed by the design of the classification module. The final subsec-
tion describes the knowledge retrieval and ranking mechanism
designed to support industrial QA.

3.1. Framework overview

Inspired by the interactive response capabilities of LLMs and the
flexibility of integrating domain-specific external knowledge, this
work proposes an industrial QA method. This method enhances
LLMs by utilizing industrial knowledge to enable accurate, effi-
cient, and automated knowledge retrieval. As illustrated in Fig. 2,
the framework consists of four main components: industrial
knowledge base construction; industrial question classifier and
retrieval interface; industrial knowledge retrieval; and response
generation using LLMs.

Construction of industrial knowledge base (Fig. 2(a)): Industrial
queries often span domains, such as electrical engineering, materi-
als science, chemistry, construction, and related fields. This type of
knowledge reflects human understanding, utilization, and adapta-
tion of the natural environment. To support efficient retrieval and
QA, relevant information from these five core domains is systemat-
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Fig. 2. Architecture of the proposed industrial QA system incorporating knowledge-enhanced LLMs. The system includes four main components: (a) industrial knowledge
base construction, (b) industrial question classifier and knowledge retrieval interface, (¢) industrial knowledge retrieval, and (d) response generation using improved LLMs.

ically summarized and organized. The knowledge base is devel-
oped by cleaning, tokenizing, and segmenting content from journal
articles, dissertations, and production-related data, thereby refin-
ing the scope of retrieval and improving access to relevant
information.

Industrial question classifier (Fig. 2(b)): This component classi-
fies incoming industrial questions to define the response scope of
the system and further refine the knowledge retrieval process. A
BERT-based text filter is used to screen and categorize questions,
evaluating their relevance to the industrial domain. It also aligns
the questions with the appropriate sub-knowledge base.

Industrial knowledge retrieval (Fig. 2(c)): This module employs
dense retrieval methods to identify the most relevant information
fragments from the knowledge base, ensuring both accuracy and
relevance. Initially, related texts are extracted from a broad corpus,
which is then used to enhance the ranking performance during
retrieval.

LLM prompted responses (Fig. 2(d)): This component converts
retrieved knowledge chunks into coherent and accurate responses
suited to human comprehension. The knowledge fragments are
combined with user questions to form a prompt template, which
is input into LLMs using prompt engineering techniques. The gen-
erated responses are then delivered to the user.

3.2. Industrial knowledge base construction

A precise and domain-specific knowledge base is crucial for
effective industrial QA. The construction process begins by con-
verting documents into editable text, followed by the use of regular
expressions to remove elements, such as tables of contents,
images, annotations, and blank spaces. Subsequent steps include
data cleaning and the removal of redundant content to ensure
the textual material is complete and coherent. A predefined
stop-word list is employed to eliminate special symbols and non-
informative words, such as “some” and “many.” After this, tok-
enization is applied to divide the text into individual words while
maintaining sentence-level meaning. Text chunking is then carried
out to group semantically related content, using newline charac-
ters, specifically “\n” and “\n\n”, to segment the text accordingly.

Given that industrial texts are rich in technical terminology and
generally composed of short sentences, the maximum chunk
length is limited to 256 characters, with a maximum overlap of
32 characters between chunks. This overlapping technique ensures
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Ey denote the token embeddings; Ty, T,,..., Ty are the corresponding token representations; and TRM refers to a transformer block used for contextual encoding.

semantic continuity between segments. The final knowledge base
is stored in an editable format using the structure “Title: Chunk.”
Furthermore, based on the source content, the knowledge base is
divided into five sub-domains corresponding to major industrial
sectors: chemical engineering (K¢), petroleum (Kp), metallurgy
(Kwm), electricity (Kg), and building materials (Kg), as shown in Eq.
(7).

K =f,((Kc,Kp,Km,Ke, Kz),L,0) (7)

where K represents the industrial knowledge base, L is the chunk
length, O is the character overlap between chunks, and f,(-) denotes
the processing function applied to the industrial corpus. The param-
eter L = 256 specifies the maximum chunk length, while O = 32
indicates the maximum character overlap between chunks.

3.3. Question classifier for narrowing retrieval scope

LLMs, such as ChatGPT [35], often generate inaccurate or mis-
leading responses when addressing queries from specialized or
interdisciplinary domains. Let Q, denote the complete set of input
questions, R represent the subset of questions that fall within a
specific domain’s scope, and C indicate the subset of questions
for which the model can provide professional and accurate
answers. It follows that C <R < Q,. To constrain queries within
the domain-relevant subset R, a question text filter is employed
to map the broader set Q, into R, thereby increasing the proportion
of relevant and answerable queries. This process is formalized in
Eq. (8).

R=2%(Q.) )

where N;(-) denotes the question text filter, which determines
whether a given user query is relevant to the industrial domain.
Questions identified as irrelevant are excluded from further pro-
cessing to prevent ambiguity and hallucinations commonly associ-
ated with LLMs. If a query is deemed relevant, it is further classified
to determine its corresponding industrial subdomain, such as
chemical, petroleum, metallurgy, electricity, or building materials,
and is then mapped to the appropriate sub-knowledge base Ki.
The process of industrial question classification is further defined
by Eq. (9).

{KT =fas(Fre(Q)) = {k € K|Ctg(k) = fas(R)}

9
R={Q € Q.[fn(Q) =1} ®)
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where K; denotes the sub-knowledge base associated with the rel-
evant query category, k € K represents an individual knowledge
item within the industrial knowledge base, and Ctg(k) denotes its
assigned category label, and the function fy is responsible for filter-
ing questions based on industrial relevance, while f classifies the
filtered questions into their corresponding industrial subdomains.
Let Q represent a user-submitted query, and the transition Q, — R
indicates the mapping of all input questions to the subset that per-
tains to the industrial domain. The label T identifies the specific cat-
egory to which the question belongs, namely, metallurgy,
petroleum, chemical, electricity, or building materials.

Fig. 3 illustrates the process involving the industrial question
filter f, and the classifier f ., which determine whether a question
is relevant to the industrial domain and identify its corresponding
category. The industrial text filter fy, is built on a BERT-based
model, which assesses the necessity of a response and assists the
language model in generating suitable answers. Within this frame-
work, the BERT network functions either as a filter (upper path) or
as a classifier (lower path), enabling text vectorization of the input
questions. The primary distinction between the two lies in their
classification objectives: the filter performs binary classification,
whereas the classifier addresses a multi-class classification task.
Final classification outcomes are derived by feeding the question
embeddings into an FC layer, as defined in Eq. (10).

P(G|H) = softmax(W - H) = FC(H) (10)

where W denote the parameter matrix of the classification network
(an FC network), which is fine-tuned by maximizing the log-
likelihood of the correct label. G is the predicted category label, H
denotes the hidden representation from the “[CLS]” token, and
“[CLS]” is a special token in BERT used to summarize the input
sequence for classification. The classification output is derived from
the “[CLS]” token representation, based on two contributing ele-
ments that enhance the model’s interpretability. The classifier dis-
tinguishes among six categories: non-relevant, metallurgy,
petroleum, chemistry, building materials, and electricity. During
training, only the parameters of the FC layer are updated. Although
the filter and classifier can be unified into a single multi-class clas-
sification model, they are discussed separately in this work to
improve clarity and interpretability.

In this study, the dimension of the BERT-based question text
embedding is set to 768. The FC network comprises two hidden
layers with dimensions of 384 and 768. The output layer has a
dimension of 6, corresponding to the industrial categories, along
with an additional class for non-relevance. The non-relevance class
serves to constrain responses within the boundaries of human-
validated cognitive knowledge bases, focused on the understand-
ing, utilization, and transformation of nature, rather than enabling
unrestricted, human-like interactive responses.
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Fig. 3. Process of filtering and classifying industrial questions to enable precise
knowledge retrieval.
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3.4. Industrial knowledge retrieval

Knowledge retrieval is a key component of the proposed indus-
trial QA framework. This process involves mapping both user
queries and knowledge base content into a continuous vector
space using a pre-trained LLM. The similarity between the query
and individual knowledge fragments is then computed to identify
initial candidate segments. These candidates are subsequently
ranked based on their similarity scores, as defined in Eq. (11).

Kq = {K}, j := argjmax(sim(q. K;))} (11)

where sim(-) denotes the similarity function, such as FAISS or cosine
similarity. The variable q € Q, represents a question within the set
of answerable queries Q,, and K; € K refers to the jth knowledge
chunk identified as relevant to g, where j is the index of the chunk.
arg;max(-) denotes the index j at which the maximum value is
attained. K, denotes the final set of knowledge fragments retrieved
from the corresponding sub-knowledge base Ky that matches the
query domain. This retrieval process aims to maximize recall of rel-
evant information and extract the top-K most informative context
segments.

DPR is employed using a dual-encoder architecture to support
industrial knowledge retrieval [46], as shown in Fig. 4. This archi-
tecture enables efficient retrieval of large volumes of text chunks
by replacing the traditional BERT model with the general text
embedding (GTE-large-zh) model, which generates 1024-
dimensional word embeddings [63]. GTE-large-zh demonstrates
enhanced capability in capturing complex semantic information
and accurately representing word relationships. To improve simi-
larity matching across high-dimensional text vectors, a similarity
matrix s € R™ is computed between the DPR-based query embed-
dings and the embeddings of knowledge chunks using the FAISS
library, based on L, distance [64]. A smaller L, distance corre-
sponds to a higher degree of similarity.

Given the varying precision levels of different retrieval engines,
the quality of the retrieved results can be inconsistent. Therefore,
as expressed in Eq. (12), it is essential to perform an additional
ranking step to accurately filter and organize the final set of rele-
vant contextual information.

Kb = {K%,i := arg;sort(Scores(q, K;))} (12)

where Kj, denotes the rankedd set of knowledge chunks K"Q that are
most relevant to the query g, obtained through a sorting function
Sort(). K; denotes the ith knowledge fragment in the retrieved set,

[0.3, 0.2, 0.1,0.1, 0.2, 0.5, 0.6, ...,0.9]

A

Scores

| |
Question text

Knowledge chunks

Fig. 4. Architecture of the DPR-based retrieval framework for computing relevance
scores between questions and knowledge chunks. m is the total number of
knowledge chunks; S;,S,,...,S, denote the similarity scores between the question
and each chunk; E; and E; are the embeddings of the question and knowledge
chunks, respectively.
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and arg;sort() denotes the index i corresponding to the sorted order
of values. In this study, the BGE-reranker-large model is employed
for this purpose. It is trained on a multilingual dataset and based
on the XLM-RoBERTa architecture, offering robust performance
across both Chinese and English language scenarios.

3.5. Industrial QA and evaluation

After retrieving the relevant contextual knowledge, each knowl-
edge chunk is combined with the user’s original question and
sequentially input into the LLM. The model integrates the provided
knowledge to generate accurate and controlled responses aligned
with the query. Consequently, the answers are grounded in vali-
dated cognitive knowledge bases rather than relying on generic,
conversational outputs that imitate human expression. This pro-
cess is formally described in Eq. (13).

Ay =LLMs(M - K ), M o Scores (13)

where A denotes the final answer generated by the LLM. The term
M represents virtual weight matrices used to emphasize shared or
overlapping knowledge across the ranked knowledge chunks Kj,.

The variable Scores refers to the sorted relevance scores between
the query and the retrieved knowledge chunks. « denotes
element-wise proportionality between vectors.

As shown in Table 1, the effectiveness and reliability of the pro-
posed method are evaluated using several standard metrics. For
the question classification module, precision (P), recall (R), and
F; score are adopted as evaluation indicators [8,11,16,26]. The per-
formance of the knowledge retrieval module is assessed using
mean reciprocal rank (MRR) [65]. Finally, for the answer genera-
tion module, recall-oriented understudy for gisting evaluation-
longest common subsequence (ROUGE-L) and accuracy (ACC) are
used to evaluate the quality and correctness of the generated
responses [66].

4. Experimental study

Industrial QA emphasizes the retrieval of validated cognitive
knowledge, as opposed to generating conversational, human-like
responses. Accordingly, the experimental study is designed to eval-
uate key components of the proposed method, including knowl-
edge base construction, question classification, knowledge
retrieval, and answer generation performance. An ablation study
is also conducted to verify the effectiveness of each module within
the framework.
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4.1. Description and setup

The industrial knowledge base comprises approximately 12410
documents accumulated over the past two decades. These include
3462 journal articles, 1689 theses, 210 books, 5477 patents, and
various other materials related to industrial production. All docu-
ments were converted into editable text, with elements, such as
tables of contents, images, annotations, blank spaces, and redun-
dant content removed. Special characters and non-informative
words were processed using a stopword list. To preserve sentence
integrity, the texts were tokenized into individual words, and new-
line characters (“\n” and “\n\n”) were identified to ensure continu-
ity of content. The knowledge base was structured using a
chunking method with a maximum chunk length of 256 characters
and an overlap of 32 characters between chunks. Texts were stored
in a “Title: Chunk” format, resulting in a total of 107 045 retriev-
able segments.

Industrial QA datasets were derived from the constructed
knowledge base. In this process, questions were generated by LLMs
based on corresponding answers and subsequently reviewed and
refined by domain experts to ensure their ACC. To support the eval-
uation of industrial question classification, five sub-domain cor-
pora were compiled, encompassing metallurgy, petroleum,
chemicals, electricity, and building materials.

In the question classification experiment, the design adhered to
the principle of controlling computational complexity without
compromising the validity of the experimental conclusions. The
classification model was configured with a maximum chunk length
of 128, a batch size of 16, a dropout rate of 0.1 to mitigate overfit-
ting, cross-entropy as the loss function, and the Adam optimizer

with an initial learning rate of 1 x 107>, The model was trained
for 3 epochs using a batch size of 16. For performance comparison
and validation, four baseline models were employed: FastText [67],
TextCNN [68], TextRNN [69], and TextRCNN [70], using the param-
eter configurations specified in their respective original studies.

For knowledge retrieval and re-ranking, the parameter k is set
to five or ten, and three models are used for the corresponding
experiments: General DPR [46], Domain DPR [63], and Domain +
GTE-DPR.

For the industrial QA task, two publicly available LLMs,
ChatGLM2-6B and LLaMA2-7B, are selected as the base models.
The generation parameters are configured with a temperature of
0.7 and a maximum output length of 500 tokens. All experiments
are conducted on the same hardware setup, which includes two
NVIDIA GeForce RTX 3090 GPUs (Peng Cheng Laboratory, China)
and a 104-core Intel(R) Xeon(R) Gold 6230R CPU (Peng Cheng Lab-
oratory) running at 2.10 GHz.

Table 1
Evaluation metrics employed to measure the performance of the proposed industrial QA approach.
Items Metrics Description Equation
Question classification Precision (P) Proportion of correctly predicted for all predicted positives TP
TP + FP
Recall (R) Proportion of actual positive samples correctly identified TP
TP + FN
F; score Harmonic mean of precision and recall for balance 2PR
P+R
Knowledge retrieval MRR Correct answer position in ranked retrieval results i Q 1
|Q| “&=i=1 rank;
QA ROUGE-L Matching similarity between the generated and ground-truth (1 + B?)RaPa
Ra + p*Pa
ACC Experts-based ACC of the LLMs-generated answers CR
Num

where TP and FP represent the numbers of true positives and false positives, respectively, while FN denote false negatives. |Q| indicates the total number of queries, and rank;

LCS(

refers to the rank position of the first correct answer for the ith query. The ROUGE-L R and P are defined as Ry = "5 and P =), respectively, where X and Y denote the
ground-truth and generated texts, respectively; Ly, and L, are their corresponding lengths; and LCS(X, Y) is the longest common subsequence between X and Y. The parameter
B is a hyperparameter that adjusts the balance between P and R. CR indicates the number of correct responses, while Num represents the total number of evaluated instances.
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4.2. Results of question classification

Question classification is an essential function in industrial QA
systems, as it determines the appropriate handling of user queries.
As previously noted, the classification model is implemented using
BERT. A classification dataset was constructed by randomly select-
ing 7800 question samples from the full dataset, with equal repre-
sentation across six categories: metallurgy, petroleum, chemicals,
electricity, building materials, and non-industrial. The datasets
were divided into three parts: 6000 samples for training, 1200
for testing, and 600 for validation.

Fig. 5 presents the performance of the proposed industrial ques-
tion classification system. In Fig. 5(a), the classification results on
the validation set are shown. The confusion matrix reveals three
misclassifications of petroleum as chemical and three misclassifi-
cations of chemicals as petroleum. Overall, the validation set
achieves over 95 correct predictions out of 100 samples for each
category. Fig. 5(b) illustrates the results on the test set, where con-
fusion is again observed between petroleum and chemical cate-
gories, with 11 petroleum questions misclassified as chemicals
and 8 chemicals questions misclassified as petroleum. This mis-
classification suggests a degree of similarity between content in
these two domains. On the test set, the classification model
achieves more than 185 correct predictions out of 200 samples
per category, with particularly strong performance in the metal-
lurgy and electricity categories. These results confirm that the
BERT-based classification model performs effectively for industrial
classification.

To further assess the performance of the BERT-based question
classification model, comparative experiments were conducted
against four baseline models: FastText [67], TextCNN [68],
TextRNN [69], and TextRCNN [70]. Each experiment was executed
ten times to ensure the consistency and reliability of the classifica-
tion outcomes. Table 2 presents the comparison results in terms of
precision, recall, and F1-score. On the test set, the proposed model
consistently outperformed all baseline models. In particular, it
achieved a mean F1-score of 97.79%, which is approximately
20.17% higher than the next best-performing model, TextRCNN.
Furthermore, across ten independent runs, the BERT classifier
exhibited a standard deviation of only 0.23% in F1-score, whereas
all neural baseline models showed standard deviations of at least
0.8%. This low variance demonstrates the model’s robustness to
random initialization and data shuffling, an important attribute
for industrial environments where frequent retraining may be
required.

Metallurgy 100 0 0 0 0 0

Petroleum | g 96 3 0 1 0
Chemicals 0 3 96 0 1 0
Electricity 0 1 1 98 0 0
Building materials 0 1 1 0 98 0
Non-industrial 0 0 0 0 0 100
N < N ) N &
/b\\og() O\Q}) (Q\db <§G R Q‘\'Z’ \}6}5\
@e,\ PA C}\@ @ & 0;\(\6
@\(\ Y

(a)
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4.3. Results of knowledge retrieval

The knowledge retrieval dataset was divided into 100000
queries for training and 7045 queries for testing. To evaluate the
effectiveness of the proposed retrieval strategy, performance was
assessed using top-k retrieval metrics with k = 5 and k = 10. Three
models were considered for comparison: General DPR [46],
Domain DPR [63], and the proposed Domain + GTE-DPR model.
Each experiment was conducted five times to ensure the consis-
tency and reliability of the results.

Table 3 summarizes the comparative performance of the mod-
els based on MRR@5 and MRR@10. The proposed Domain + GTE-
DPR model outperformed both baselines across all metrics. Specif-
ically, it achieved a mean MRR@5 of 90.12% and a mean MRR@10 of
90.28%, surpassing the retrieval accuracy of the other approaches.
Moreover, the model exhibited the lowest deviations among all
methods, indicating excellent stability and robustness. The find-
ings underscore the effectiveness of domain-specific training, as
evident from the performance improvements of the domain DPR
model over the Domain DPR baseline.

Further enhancement was achieved by replacing the BERT-
base-Chinese encoder with the GTE-base-zh embedding model,
which improved both the accuracy and consistency of retrieval in
the Domain + GTE-DPR configuration. This result highlights the
importance of domain adaptation and the use of semantic embed-
dings in optimizing industrial knowledge retrieval. In addition, the
near-zero variance (standard deviation = 0) observed for the pro-
posed model reflects its exceptional consistency across repeated
trials. By contrast, although the Domain DPR model achieved rela-
tively strong results, it displayed minor performance variability,
whereas the General DPR baseline showed lower retrieval accuracy
and higher consistency. These observations confirm that general-
purpose models are inadequate for handling domain-specific
knowledge tasks in industrial settings without appropriate domain
adaptation.

4.4. Industrial QA generation performance

Due to limitations in computational resources, the QA genera-
tion experiments were performed using two LLMs: ChatGLM2-6B
and LLaMA2-7B. The dataset used for these experiments was con-
sistent with that of the knowledge retrieval task and comprised the
same set of queries and documents. From this dataset, a subset of
1000 QA pairs was randomly selected for evaluation. To ensure the

Metallurgy RSN 1 | 2 | o | 0 | 0

Petroleum = o 187 11 0 1 1
Chemicals 1 8 191 1 0 0
Electricity 1 1 0 198 0 0
Building materials 0 1 1 0 198 0
Non-industrial 0 0 0 0 0 200
N N D N Ca
,3\0& @\e'\) (k-‘\db 0\‘\0\ y Q}{b b\){}(\
&8 & & ¢® Rl &
& o
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@
(b)

Fig. 5. Confusion matrix of classification accuracy for (a) the validation set with 600 samples and (b) the test set with 1200 samples from a single experiment.
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Table 2

Comparison of the proposed model and four baseline models for question classification on the test set over ten experimental runs.
Models Precision (%) Recall (%) F1-score (%)

Mean Max Min Std Mean Max Min Std Mean Max Min Std

FastText [67] 65.12 66.61 63.88 0.75 65.13 66.65 64.2 0.71 64.87 66.52 63.67 0.80
TextCNN [68] 7717 78.67 75.63 0.83 77.44 78.83 75.92 0.84 77.23 78.71 75.74 0.83
TextRNN [69] 75.73 79.08 74.50 1.34 76.33 78.75 75.50 0.98 75.74 78.49 74.76 113
TextRCNN [70] 75.45 76.96 72.81 1.10 76.27 77.58 7417 0.92 77.62 78.11 74.92 113
BERT-based 97.81 98.16 97.42 0.23 97.79 98.16 97.41 0.23 97.79 98.16 97.41 0.23

Max: maximum; Min: minimum; Std: standard deviation.

Table 3

Comparison of the proposed model and three baseline models for knowledge retrieval on the test set across five experimental runs.

Models MRR@5 (%) MRR@10 (%)

Mean Max Min Std Mean Max Min Std
General DPR [46] 4.66 4.66 4.65 0.01 4.99 4.99 498 0
Domain DPR [63] 88.13 88.17 88.10 0.03 88.39 88.39 88.38 0
Domain + GTE-DPR 90.12 90.13 90.12 0 90.28 90.28 90.28 0

reliability of the results, each experiment was conducted five
times.

The objective of this experiment was to compare the answer
generation performance of the LLMs under two different settings:
without and with the integration of the RAG framework. The first
approach, referred to as the LLM-based method, involved directly
inputting questions into the LLM without any supporting retrieved
content, thereby serving as the baseline. The second approach, ter-
med the RAG-based method, provided the LLMs with additional
contextual information in the form of relevant documents, which
were obtained through the proposed classification and retrieval
modules. This setup was designed to evaluate the extent to which
the incorporation of retrieved knowledge improves the accuracy
and quality of generated answers in industrial domains.

Table 4 presents a comparative analysis of the industrial QA
performance of two LLMs, ChatGLM2-6B and LLaMA2-7B, under
LLM-based and RAG-based configurations. The results clearly
demonstrate that the integration of the RAG framework signifi-
cantly enhances both the quality and accuracy of the generated
responses. Specifically, for ChatGLM2-6B, the average ROUGE-L
score increased from 32.52% to 55.04%, while the average ACC
improved from 50.52% to 73.92%. Similarly, for LLaMA2-7B, the
ROUGE-L score rose from 29.54% to 54.00%, and average ACC
increased from 42.92% to 70.60%. These improvements indicate
that incorporating relevant retrieved documents into the prompt
context enables the models to generate more accurate and contex-
tually appropriate responses. Furthermore, the reduction in stan-
dard deviation across metrics suggests enhanced stability and
consistency in output quality.

The RAG framework yields considerable absolute gains, exceed-
ing 22% in ROUGE-L and between 23% and 28% in ACC across both
models, underscoring its effectiveness in improving factual ACC.
The marked reduction in standard deviation, particularly in

ROUGE-L (from 1.45% to 0.41% for ChatGLM2-6B), further validates
that RAG not only enhances average performance but also ensures
more consistent and dependable answer generation.

4.5. Ablation study

To assess the individual contributions of the question classifica-
tion and knowledge retrieval modules within the proposed RAG
framework for industrial knowledge integration, an ablation study
was conducted. Three configurations were evaluated: the baseline
ChatGLM2-6B model without any auxiliary modules; ChatGLM2-
6B augmented with the question classification module;
ChatGLM2-6B enhanced with both the question classification and
knowledge retrieval modules.

The results of this study are summarized in Table 5. The base-
line configuration achieved a mean ROUGE-L score of 32.52% and
a mean ACC of 50.52%. Introducing the question classification mod-
ule led to marked improvements, raising the ROUGE-L and ACC
scores to 46.40% and 66.06%, respectively. These gains are attribu-
ted to the classifier’s ability to filter out irrelevant queries and
direct appropriate inputs to the retrieval process. When both the
question classification and knowledge retrieval modules were
applied, the model achieved a further increase in performance,
with the ROUGE-L mean score reaching 55.04% and ACC improving
to 73.92%.

These results demonstrate that each module contributes incre-
mentally and significantly to overall system performance. The clas-
sifier alone enhanced ACC by over 15 percentage points,
highlighting its role in refining input relevance. The addition of
the retrieval module further improved factual consistency and
completeness. Moreover, the standard deviation of the ROUGE-L
score decreased from 1.45% in the baseline model to 0.41% in the
full configuration, indicating increased output stability. This pro-

Table 4
Comparison of industrial QA performance of two LLMs with and without RAG using 1000 QA pairs.
Models Frameworks ROUGE-L (%) ACC (%)
Mean Max Min Std Mean Max Min Std
ChatGLM2-6B LLM-based 32.52 35.12 31.75 1.45 50.52 51.3 49.7 0.58
RAG-based 55.04 55.32 54.32 0.41 73.92 74.7 73.0 0.72
LLaMA2-7B LLM-based 29.54 29.69 29.38 0.18 42.92 44 423 0.72
RAG-based 54.00 54.71 53.09 0.69 70.60 71.50 69.10 0.98
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Table 5
Comparison of industrial QA performance of two LLMs with and without RAG using 1000 QA pairs.
Configurations ROUGE-L (%) ACC (%)
Mean Max Min Std Mean Max Min Std
ChatGLM2-6B 32.52 35.12 31.75 1.45 50.52 513 49.7 0.58
ChatGLM2-6B + Classifier 46.40 46.97 45.81 0.49 66.06 66.7 65.2 0.59
ChatGLM2-6B + Classifier + Retrieval 55.04 55.32 54.32 0.41 73.92 74.7 73.0 0.72

gressive improvement underscores the value of modular architec-
ture in developing robust industrial and accurate industrial QA
systems.

5. Conclusion

This study presents a comprehensive approach to integrating
domain-specific industrial knowledge into a robust and accurate
QA system, with the goal of reducing hallucination and enhancing
answer reliability in industrial contexts. The proposed framework
combines a structured domain knowledge base with modules for
question classification, knowledge retrieval, and response genera-
tion powered by LLMs. A BERT-based classifier was developed to
accurately identify industrial queries, achieving a high F;-score of
97.79%, thereby demonstrating its effectiveness in filtering rele-
vant questions. For knowledge retrieval, the system incorporates
the Domain + GTE-DPR model, which achieved strong performance
metrics, with MRR@5 and MRR@10 values of 90.12% and 90.28%,
respectively, underscoring the benefit of domain-specific
adaptation.

Furthermore, the integration of the RAG method significantly
improved the quality and relevance of the generated answers.
Notably, the ChatGLM2-6B model exhibited a rise in the mean
ROUGE-L score from 32.52% to 55.04%, and in ACC from 50.52%
to 73.92%. Similarly, the LLaMA2-7B model showed an increase
in the ROUGE-L score from 29.54% to 54.00% and in ACC from
42.92% to 70.60%. The effectiveness of the proposed framework
was further validated through ablation studies, which confirmed
the complementary contributions of the question classification
and knowledge retrieval components. Overall, the results indicate
that the proposed method offers a reliable and efficient solution
for intelligent question answering in industrial applications, estab-
lishing a strong foundation for further advancements in this field.

Despite its effectiveness, the current framework has certain lim-
itations. Although the industrial knowledge base covers multiple
domains, the processes of segmentation and preprocessing may
not capture all domain-specific nuances. In addition, conventional
evaluation metrics may fall short in accurately reflecting the con-
sistency between Al-generated answers and expert assessments.
Future work will focus on expanding and regularly updating the
knowledge base to improve its comprehensiveness. It will also
explore the integration of evaluation tools, such as quality assess-
ment of machine-generated answers (QAMAI) [71], to better assess
the alignment of model outputs with expert-level responses.
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