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Abstract With the escalating complexity in production
scenarios, vast amounts of production information are
retained within enterprises in the industrial domain. Probing
questions of how to meticulously excavate value from
complex document information and establish coherent
information links arise. In this work, we present a framework
for knowledge graph construction in the industrial domain,
predicated on knowledge-enhanced document-level entity
and relation extraction. This approach alleviates the shortage
of annotated data in the industrial domain and models the
interplay of industrial documents. To augment the accuracy
of named entity recognition, domain-specific knowledge is
incorporated into the initialization of the word embedding
matrix within the bidirectional long short-term memory
conditional random field (BiLSTM-CRF) framework. For
relation extraction, this paper introduces the knowledge-
enhanced graph inference (KEGI) network, a pioneering
method designed for long paragraphs in the industrial
domain. This method discerns intricate interactions among
entities by constructing a document graph and innovatively
integrates knowledge representation into both node
construction and path inference through TransR. On the
application stratum, BiILSTM-CRF and KEGI are utilized
to craft a knowledge graph from a knowledge representation
model and Chinese fault reports for a steel production line,
specifically SPOnto and SPFRDoc. The F1 value for
entity and relation extraction has been enhanced by 2% to
6%. The quality of the extracted knowledge graph
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complies with the requirements of real-world production
environment applications. The results demonstrate that
KEGI can profoundly delve into production reports,
extracting a wealth of knowledge and patterns, thereby
providing a comprehensive solution for production
management.
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inference

1 Introduction

With the development of intelligent manufacturing tech-
nologies such as the “industrial Internet” and artificial
intelligence, the traditional manufacturing industry is
placing emphasis on implementing the “industrial
upgrading” strategy. Intelligent manufacturing has thus
emerged as a major trend and central aspect of enterprise
development (Qi et al., 2017; Zhou et al., 2019).

Following years of industrialization and informatiza-
tion, industrial enterprises have laid the groundwork
necessary to foster enterprise data and digital transforma-
tion. Nonetheless, they confront substantial challenges
related to core technology bottlenecks, transformation,
and upgrading. The accumulation of information and
knowledge through long-term production processes has
led to an uneven level of enterprise informatization,
giving rise to several challenges, such as information
silos and dormant information (Kamble et al., 2018).
Addressing how to enhance the information structure of
enterprises, delve into high-density knowledge, and facil-
itate control and decision-making in complex environ-
ments constitutes the scientific inquiries to be approached
during the process of digitization (Wang et al., 2018;
2021).

The process of industrial upgrading has resulted in the
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extensive integration of intelligent devices, creating an
urgent requirement for efficient management of production
data. This encompasses various forms of textual informa-
tion, including equipment manuals, documentation, and
fault reports, which have become indispensable (Wan
et al.,, 2018). Human decision-making and control have
consequently become integral to the production process,
relying on prior knowledge in most situations. Therefore,
the effective handling and application of empirical
knowledge throughout the manufacturing process is
pivotal to the success of intelligent manufacturing.
However, the actual incorporation of knowledge within
the contemporary industrial sector faces obstacles. This is
partially due to a shortfall in focus on knowledge by
enterprises and challenges related to knowledge manage-
ment. Presently, industrial domain knowledge data
management mainly depends on traditional relational
databases, which display critical limitations such as frag-
mented distribution, increased redundancy, and restricted
storage capacity. Additionally, standard text representation
methods lack semantic connections and ordering between
textual data, thereby hindering the efficiency of informa-
tion and knowledge search and reasoning and significantly
obstructing the reutilization of industrial knowledge.

In 2012, Google initially introduced the concept of the
knowledge graph and its application in search engines,
offering a fresh outlook on text knowledge representation.
Unlike simple sequences of strings, the knowledge graph
represents text as a network composed of entities and
semantic links (Hu et al., 2020). By employing knowledge
extraction and semantic mining of industrial data, knowl-
edge graphs enable the deep mining of semantic informa-
tion from extensive industrial data, the creation of struc-
tured information networks, and the support of production
process control and decision-making (Zhang et al., 2021).
Moreover, compared to traditional keyword-based search,
the utilization of a knowledge graph in semantic searches
facilitates a more thorough understanding of engineering
problems, infers hidden relationships from existing
connections, and provides effective solutions for intelligent
applications. As a result, the incorporation of a knowledge
graph can act as a valuable instrument in improving
production efficiency and strengthening core competi-
tiveness within the industrial sector. However, the
deployment of natural language processing technology in
constructing knowledge graphs within the industrial
domain still faces specific challenges.

e Lack of industrial domain annotation data: The natural
language processing model for knowledge extraction
depends on large-scale corpus annotation. However, the
scale of industrial domain data is limited due to manual
annotation, and conventional algorithms fail to achieve
the desired computational performance and predictive
accuracy on such datasets. How to enhance the precision
of knowledge extraction in the industrial domain remains
an area for further research (Zhang et al., 2021).

* Insufficient depth of knowledge mining: Extraction
models that focus on interdependence within individual
sentences are inadequate for knowledge extraction in the
industrial sector. This is particularly true given that fault
reports in this domain are frequently archived in documents
that display complex logical connections between
sentences. Extracting these relationships requires a
comprehensive understanding of the content and logical
reasoning (Zhou et al., 2022).

To address the aforementioned challenges, this paper
introduces the knowledge-enhanced graph inference
(KEGI) network, a relation extraction method designed
for long paragraphs in the industrial domain. KEGI
constructs the document graph to capture the intricate
interactions among entities and mentions, and it innova-
tively incorporates knowledge representation into node
construction and path inference through TransR. On this
basis, a semi-automatic framework for constructing a
knowledge graph in the industrial domain has been
developed.

This framework for knowledge graph construction can
enhance the extraction efficiency of domain knowledge,
even with a limited domain corpus size, and exhibits
strong portability. Additionally, the study proposes the
creation of a domain-specific knowledge graph to validate
the effectiveness of the approach. The knowledge graph
is formed by mapping the extracted relationships between
entities and their attributes onto a graph structure. This
structure enables efficient querying and visualization of
the connections between entities, shedding light on the
underlying relationships within the industrial domain.

The primary research content of this paper includes
1) named entity recognition (NER) based on bidirectional
long short-term memory conditional random field
(BiLSTM-CREF) and a knowledge dictionary; 2) document
graph construction coupled with node representations
fused with knowledge embedding; and 3) relation extrac-
tion and path inference utilizing knowledge augmenta-
tion.

The structure of this paper is organized as follows.
Section 2 reviews the related research progress of knowl-
edge graph construction, NER, and relation extraction.
Section 3 delineates the framework for knowledge graph
construction, and the KEGI approach is proposed and
explained in detail. Section 4 presents a case to evaluate
performance, and Section 5 provides the conclusion.

2 Related work

2.1 Knowledge management in the industrial domain

The significance of knowledge management has escalated
as data have become increasingly critical and distributed.
However, industrial production and services continue to
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face persistent challenges, including value chain instabil-
ity, risk prediction, and information extraction. As a
result, the knowledge and ontology generated may not
satisfy the requirements for standardization, customiza-
tion, and integration in particular manufacturing fields,
leading to substantial barriers in sharing and reusing
knowledge. To address these challenges, companies
strive to integrate a variety of resources (Gui et al., 2020).

During the product design phase, Huet et al. (2021)
advocated for the use of knowledge graphs to facilitate
the combination of complex engineering design rules and
computer-aided design software. This integration enables
the provision of design rule recommendations via the
knowledge graph, verification of design schemes, and
automated reasoning of the design program.

In the production phase, Xu et al. (2020) introduced a
clustering method to discover new insights about corrective
actions from historical quality problem-solving data. The
method involved a two-stage clustering approach based
on verb and noun clustering. The resulting clusters were
used to establish connections between historical problems
and corrective action groups, subsequently forming a
knowledge graph to organize corrective measure knowl-
edge. Similarly, Zheng et al. (2021) presented an embed-
ding algorithm founded on a graph neural network and a
multi-agent reinforcement learning technique that used an
industrial knowledge graph derived from the Self-X
cognitive manufacturing network. Liu et al. (2022)
offered a method for data representation in support of
cognitive manufacturing within the industrial Internet
using a knowledge graph-based framework created by
integrating production process data across various levels.

During the maintenance phase, Shi et al. (2021)
explored the use of a knowledge graph to assimilate
information throughout the entire life cycle of spacecraft,
applying this approach to the creation of a fault diagnosis
question-and-answer system. Deng et al. (2022) proposed
an event logic knowledge graph for diagnosing faults in
robot transmission systems, which included fault diagnosis
ontology and event parameters, and employed a bidirec-
tional long-term short-term memory network with a
conditional random field (CRF) for entity recognition.
Ren et al. (2021) implemented a multi-level knowledge
graph method for fault detection, amalgamating domain
knowledge and monitoring data to build a multi-level
graph with monitoring variables as nodes.

These cited research contributions present innovative
concepts and technological support for the continued
progression of the industrial sector. The role of knowledge
management in industrial production environments is
clearly demonstrated. Industrial knowledge graphs, with
their ability to execute cognitive integration, analysis, and
services, actively contribute to enhancing productivity,
sustaining production lines, and assisting in fault diagnosis
throughout the product life cycle. The establishment of
domain-specific knowledge graphs emerges as a feasible
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strategy to bolster manufacturing knowledge management
capabilities.

2.2 Named entity recognition (NER)

Named entities form the foundation of relation extraction
tasks, and the quality of their extraction significantly
influences the accuracy of subsequent operations (Li
et al., 2022). Early NER tasks relied on manually created
dictionaries, which were highly dependent on human
judgment and exhibited limited scalability. The advent of
machine learning transformed NER into a sequence label-
ing problem. Lin et al. (2004) introduced a dictionary-
assisted maximum entropy algorithm that overcame
domain restrictions but suffered from high training over-
head and a tendency to fall into local optimization.

Lafferty et al. (2001) proposed the CRF model to
calculate global probabilities, bypassing local normaliza-
tion and resolving the issue of label position offset. The
CRF model is regarded as a fundamental model for NER
tasks due to its excellent capacity to capture contextual
features. In recent years, end-to-end deep learning
approaches have emerged, substantially reducing the
manual labor involved in constructing features for NER
tasks.

Huang et al. (2015) developed the BiLSTM-CRF
model to recognize specific characters in sequences by
combining CRF with forward/backward transfer. By rely-
ing solely on word vectors, without the need for additional
feature engineering, the model can achieve high-precision
entity recognition. The inclusion of domain-specific
dictionaries further enhances the model’s results.
Currently, this model represents the most widely adopted
approach among deep learning-based NER methods.

Strubell et al. (2017) suggested that expanded convolu-
tion could supplement its long-sequence feature extraction
capability while benefiting from the parallel computing
advantage of convolutional neural network (CNN). This
was combined with CRF to determine the labeling
outcomes. Cao et al. (2018) presented a method for
Chinese NER based on adversarial transfer learning.
They integrated the Chinese word segmentation task and
concurrently trained it with two NER tasks, allowing for
effective long-distance relationships between sentences.
This method has proven effective in Chinese entity
extraction tasks.

This paper will concentrate on the construction of
knowledge graphs within the industrial domain for entity
extraction tasks. By employing the classic BILSTM-CRF
method and integrating domain ontology, it aims to
achieve high-precision recognition of named entities
within domain-specific texts.

2.3  Document-level relation extraction

Relation extraction is central to knowledge graph
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construction. Traditional relation extraction is primarily a
binary extraction process between two entities, and the
task of identifying a specific relationship is commonly
abstracted as a multi-categorization problem. However,
the complexities of application scenarios mean that
simple relationship extraction is often inadequate for
handling intricate real-world applications. In response
to this challenge, document-level relationship extraction
models have emerged, aiming to capture inter-sentence
relationships and address the problem of entity corefer-
ence. Such extraction can be classified into two main
categories: Sequence-based extraction models and docu-
ment-level entity graph-based extraction models (Zhou
etal., 2022).

The sequence-based approach has evolved from recur-
rent neural network (RNN) architectures to transformer
architectures, implicitly addressing long-distance depen-
dencies (Wang et al., 2019; Xiao et al., 2020; Han et al.,
2020). For example, Zhou et al. (2021) developed a
method to tackle the multi-label and multi-entity problem
using adaptive thresholding and local context pooling
techniques. This approach applies learnable entity-related
thresholds to replace non-sensible global thresholds in
multi-label classification, thus addressing the issue of
using the same entity embedding across multiple entities.
Furthermore, the structured self-attention network
(SSAN), proposed by Xu et al. (2021), integrates the
structural dependencies of entities and mentions into the
self-attention mechanism, synthesizing the structure
through an encoding network to achieve a fusion of
contextual reasoning and structural reasoning.

In contrast to sequence-based models, document graph-
based models introduce a graph structure, with graph
convolutional networks (GCNs) being the dominant
approach in this field (Sahu et al., 2019; Christopoulou
et al., 2019; Nan et al., 2020). The GCN model by Sahu
et al. (2019) learns the representation of each node in the
document graph, aggregating entity mentions and classi-
fying relationships through multi-instance learning.
However, this approach does not consider the structural
information of the document graph during reasoning.
Christopoulou et al. (2019) employed a heuristic method,
Edge-oriented Graph (EoG), to construct a document
graph and ascertain the information flow between nodes
through different types of edges, achieving a fitting of
heterogeneous interaction relationships among docu-
ments. Building on the EoG model, Zeng et al. (2020)
introduced the GAIN (graph aggregation-and-inference
network) model, which weights the nodes of the mention-
level graph, compresses it into an entity-level graph, and
classifies the relationships through a multilayer perceptron
(MLP) network. Despite these advancements, a recurrent
limitation in current research is the lack of incorporation
of graph structure information among nodes, particularly
in the context of attention mechanisms in path inference.
This shortcoming highlights an area for further exploration

and innovation within the field, paving the way for more
comprehensive and nuanced relation extraction models
that can more effectively navigate the complexities of
modern application scenarios.

The effectiveness of the aforementioned relation
extraction models has indeed been validated; however,
their application typically requires a substantial and well-
curated corpus for training. Within the industrial domain,
the scarcity of such corpora imposes certain restrictions
on their utilization in specialized fields. To circumvent
this obstacle, various research efforts have investigated
the incorporation of external knowledge bases — includ-
ing domain ontology, concepts, and attributes — to
bolster the learning capabilities of these models. A graph-
embedded representation model may facilitate resolving
the external knowledge base representation issue.

Zhang et al. (2019) advanced language representation
by regarding entities in the knowledge atlas as external
knowledge, thereby training the enhanced language
representation model ERNIE (Enhanced language Repre-
sentatioN with Informative Entities). However, this
method overlooked the relationships within the knowledge
graph. Liu et al. (2020) introduced Knowledge-enabled
Bidirectional Encoder Representation from Transformers
(K-BERT), which addresses the limitation of the traditional
BERT model’s ability to handle only sequence structures,
not graph structures. Through soft position encoding,
they achieved the fusion of a knowledge graph and BERT
encoding. More recently, Lyu et al. (2023) proposed
utilizing enhanced semantic embedding techniques to
construct the initial user relationship within a recommen-
dation system, incorporating external knowledge bases,
and subsequently learning the user behavior graph via the
graph model.

From the above research, it is clear that the primary
focus of document-level relation extraction lies in the
confluence of document graphs and graph models.
However, due to the reliance on large-scale corpora, there
is an evident need to more effectively integrate external
knowledge bases into these models. Present knowledge
enhancement models can merely overlay domain ontology
onto text-embedded representations and fail to meld
seamlessly with the document graph. This shortfall
hampers the guidance provided by external knowledge
bases and impairs the reasoning performance of models,
especially when dealing with small-scale corpora.

Building on this body of research, the current study
aims to delve deeper into knowledge extraction method-
ologies tailored to the characteristics of industrial domain
knowledge. By addressing these limitations and infusing
both domain ontology structure information and mention-
level document graph structure information into the path
inference mechanism, this work presents an innovative
approach for relation extraction within the industrial
domain. The proposed methodology demonstrates
enhanced accuracy in relation extraction, and the
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development of a domain-specific knowledge graph
serves as a potent tool for the effective querying and anal-
ysis of relationships within the industrial sphere. The
findings of this investigation carry significant implications
for future research in industrial domain relation extraction
and lay the groundwork for ongoing enhancement and
refinement of techniques within this ever-evolving field.

3 Methodology

3.1 Framework

The construction of a knowledge graph necessitates the
melding of an existing ontology model with the process
of knowledge extraction. The architecture of this integra-
tion is illustrated in Fig. 1, and the input for this process
is bifurcated into two components: 1) enterprise production
data, encompassing three primary facets — expert experi-
ence, production system information, and product infor-
mation; and 2) existing ontology models within the
industrial domain, represented as dictionary participant
word embeddings in NER and forming part of the node
information within the composition document graph for
relation extraction. These ontology models also serve a
pivotal function in the path inference mechanism.

The initial phase of the knowledge extraction process
entails the identification of entities within a document via
a BILSTM-CRF model. To heighten the model’s accu-
racy, domain-specific knowledge from the industrial
sector is integrated into the initialization of the word
embedding matrix. Subsequent to this step, a document
graph is formulated to mirror the interactions among enti-
ties, and these entities are embedded utilizing the BERT
model. Furthermore, the portrayal of industrial domain
knowledge is innovatively amalgamated into the node
representation. The document graph undergoes processing
by a GCN to amalgamate the entity nodes. The concluding
stage features the proposal of a knowledge-enhanced path
inference mechanism, which entails the synthesis of the
extant knowledge representation model with the path
information.

In summation, the knowledge graph stands as a robust
instrument that enables the systematic organization and
depiction of information, especially within the industrial
domain. The fusion of the existing ontology model with
the knowledge extraction procedure furnishes a holistic
framework for the fabrication of a knowledge graph that
embeds domain-specific knowledge and augments the
model’s accuracy. The proposed knowledge-enhanced
path inference mechanism represents an avant-garde
approach that further amplifies the applicability and
efficacy of the knowledge graph within the industrial
context.

3.2 Named entity recognition module

The procedure for constructing a document graph is initi-
ated with the identification of named entities and
mentions within the document. The manner in which text
is represented in industrial domains is conditioned by
particular attributes, which may be harnessed to enhance
the learning of entity labels via the inclusion of
antecedent knowledge. To bolster the accuracy of NER
within this sector, the conventional BILSTM-CRF model
is supplemented with an industrial domain dictionary.
This enrichment amplifies the word features that are
utilized in the recognition process. A schematic represen-
tation of the model framework is depicted in Fig. 2.

During the data preprocessing phase, each character of
a Chinese sentence is ascribed a corresponding type label,
and these character types are categorized into the set {O,
B-TYPE, I-TYPE, ...}, in line with the BIO annotation
method. These classifications correspond to untyped
characters, characters that mark the beginning of an entity,
and characters that mark the end of an entity, respectively.
The domain dictionary is replete with specialized vocabu-
lary drawn from an existing knowledge ontology model.
This dictionary is input into the Word2Vec tool, which
yields a fixed-dimension word vector dictionary. This
output is subsequently employed to initialize the character
embedding matrix via unsupervised learning. As illustrated
in Fig. 2, the model framework can be dissected into
three discrete layers:

e The first layer is the lookup layer, which solely
engages in transmuting each character representation
from a one-hot vector to character embedding. A regular
embedding matrix is spawned for random initialization,
and to refine the embedding representation, words from
the dictionary are tagged, and pretrained word embeddings
are deployed. Character embeddings are enhanced using
the associated tagged word embeddings (Li et al., 2020).

* The second layer is the BILSTM layer, endowed with
the capability to efficiently extract the forward and back-
ward information features of the character embedding.

* The third layer is the CRF layer, which is tasked with
ascertaining the label of each character within a sentence.
When contrasted with the Soft-Max layer, the CRF layer
can leverage sentence-level label information and model
the transformative behavior between every two disparate
labels. This process averts the independent tagging of
character positions and the inadvertent disregard of the
dependencies between labels.

For a given input sequence X = (x|, x,, ..., X,), the
output matrix of BILSTM is P, and P,; is the score of
word vector i on label j. Then, for the predicted sequence
y=i, Y2, ..., V), the score is:

s(X,y) = ZA,V“}M +2 Py, (M
i=0 i=1
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where 4 is the state transfer matrix score. Maximizing the
likelihood probability of a correctly labeled sequence is:

log[pOIX)] = P(X, y)—log( L ™), ()

Ye¥x

y" = argmax;.y, s(X, ), A3)

where x;, x,, ..., X, is the set of possible labels of the
input sequence X. The model parameters are searched by
the Adam optimizer to minimize the loss, and the loss
function is:

lossyer = —log [P (Y|X)] . “4)

3.3 Document graph construction module

Upon the completion of entity extraction, the next phase
involves the extraction of inter-entity relations within the
document, a task accomplished by KEGI, as illustrated in
Fig. 3. Document-level relation extraction is a process
that necessitates the inference of inter-sentence entity
relations, aiming to bolster the effectiveness of single-
sentence extraction. To this end, entities that share identical
names and classes are recognized as co-referential entities
or mentions, a determination made based on both character
features and precedence knowledge.

In this particular context, co-referential entities allude
to entities utilized to reference the same real-world object
within the document. The discernment of these co-refer-
ential entities constitutes a vital juncture in document-
level relation extraction, since it sets the stage for the
generation of accurate and semantically rich relationships
between entities. Such information becomes the founda-
tional bedrock for the construction of a graph-based
representation of the relationships that exist among the

entities, thereby paving the way for knowledge graph
formulation.

KEGI’s method for document-level relation extraction
hinges on the detection of co-referential entities coupled
with the inference of inter-sentence entity relations. This
strategy facilitates a faithful representation of the rela-
tionships that interconnect entities within a document and
underpins the creation of a knowledge graph mirroring
the structural architecture and thematic content of the
document. Such a knowledge graph can subsequently be
employed to enhance various industrial applications,
encompassing areas such as information retrieval and
question answering.

In sum, the extraction of inter-entity relations emerges
as an indispensable constituent of knowledge graph
construction. KEGI’s innovative approach, rooted in the
pinpointing of co-referential entities and the derivation of
inter-sentence entity relations, equips the process with the
means to render a precise depiction of the relationships
among entities. This approach culminates in the creation
of a knowledge graph that authentically reproduces the
intricate structure and substance of the document, thus
contributing significantly to the field of knowledge
extraction and representation.

The n Chinese characters in document D ={w;}_
are vectorized, and there are corresponding entities
{E,\, E,, ..., E,} in the existing knowledge base in the
domain and relation R. In its triplet (4, r, 1), h, t € R",
r € RY, there is a mapping matrix M, € R*“ for relation r,
which is then projected by the TransR model (Lin et al.,
2017). Then, the vector representation can be obtained:

n

h, = hM,, )

t,=tM,. (©)
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However, in the case of different vector representations
of the same entity in the knowledge base (Dong et al.,
2021), the average sum of num vector representations that
the ith entity has is taken; then, the vector representation
is{n, ny, ..., n,}:

()

According to the encoder idea of Yao et al. (2019),
each Chinese character w; in the document is spliced into
character embedding E,, (w;), entity type embedding E, (;)
and coreference embedding E. (c;). The ith Chinese char-
acter can be represented as:

x=[E,(w); E(t); E.(c)], (3

where #; is the entity type and c; is the entity ID.

The above two sets of vector representations
{n,, ny, ..., n,} and {x,, x,, ..., x,} are superimposed
through the Aggregator (Zhang et al., 2019):

{x}, x5, ..., )}

9
b nm})? ( )

where the Aggregator integrates the two separately for
multi-headed attention with Egs. (10) and (11):

= Aggregator({x,, X5, ..., X,}, {n;, n, ...

o X}=MH-ATT ({x,, x5, ..., X,}), (10)

{x, X, ..

LAY =MH=-ATT ({ny, na, ..., n,}). (11

Equation (12) integrates the above two sets of vectors:

{m,, a5, ..

(12)

where W,, W,, and b, are parameters to be trained, and o
is the activation function.

Thus far, the embedding vectors {v|, v}, ..., v/} have
integrated {n,, n,, ..., n,,} and {x, x,, ..., x,} by
Eq. (12), which contains rich semantic knowledge. In

v, = o (Wo (W% + Wi, +b)+b)),

the following, referred to as

&, &2 -5 &b

Using existing character representations, a document
graph can be constructed with entity mentions and docu-
ments serving as nodes to model the documents. In this
architecture, each document graph connects all entity
mentions with the document node at the center. The
remaining characters are not added to the document graph,
while the context information of the mentions is integrated
into the vector representation through the encoder. Addi-
tionally, to facilitate the subsequent compression of the
document graph, mentions referring to the same entity are
connected. To ensure the efficacy of triplet extraction
within a sentence, connections are established between
different entities that appear in the same sentence.

In summary, the document graph comprises three types
of edges: Document—-mention, mention—mention, and
entity—entity.

After that, the document graph is aggregated by GCN
(Kipf and Welling, 2016). The convolution operation on
node u is:

, v} s

{vi, vi, ...

ot =a(% X Wipl+bl),

keK veN,(u)

(13)

where K denotes different types of edges, and N, () is the
neighboring nodes connected at node u through edge k.
Similar to the GCN aggregation method for multi-relational
graphs, here the weights are aggregated for different
types of edges.

The final representation of node u needs to cover the
features of all layers of the GCN and should consist of
hidden state connections of the different layers:

v P s P (14)

where the initialization of the entity mention node is

m, =

expressed as p’ = >-,&;» Which represents a

mention node from the sth to the sth word of the docu-
ment, and the initial representation of a document node is
the encoder output document representation.
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3.4 Path inference and relation extraction module

As shown in Fig. 3, this module will extract the relation
between entities based on the existing document graph
and node representation and construct the entity interaction
graph by compressing the coreference mention nodes into
a single entity node. The entity node representation e; is
the average value of the N mentioned node representations
of the entity:

M=

m;
1

-
Since there may be multiple connections between
multiple mentions of different entities, these connections

are compressed into edges between entities, and the edges
between entities e; and e; are represented as:

e =

(15)

e; =0 (W,le; ¢]+b,). (16)

After obtaining the representation of edges between
entities, the inter-entity relations must be inferred. In this
paper, we guide the path inference with domain knowl-
edge, simultaneously combining the entity graph structure
to optimize the inference ability.

The path representation of the head and tail entities is
based on the common entity e, through which they pass.
The existing knowledge ontology of the industrial
domain is utilized to identify the corresponding class of
entity (e, e,, e,) and to extract the class, relationship, and
related instance subgraph as external knowledge in the
form of class-relationship-class. This can be expressed as
a collection of (C), R, C,) triples.

This module employs TransR as a knowledge embedding
model. TransR can discern the differences between entities
with various relations when embedding triples. When
embedding word vectors, TransR will model both the
entity space and the entity correspondence space so that
the final entity vector contains the relation features
between entities.

First, external knowledge is encoded. For the class-
relationship-class triplet (C,, R, C,), there is a mapping
matrix M, € R™ for the path between classes. The vector
representations of C,, C, are:

ry = ChMr’ (17)

r,=CM,. (18)

The domain knowledge class {C;, C,, ..., C,} is repre-
sented by the vector obtained after TransR mapping as
{ri, r, ..., rn}, where m denotes the number of knowledge
class vector representations after embedding. Since the
same knowledge class can obtain different vector repre-
sentations in various relationships, m is slightly greater
than n. Therefore, for the ith path between the head and
the tail entities ¢, e, of the relationship to be predicted,

with the entity passing e,, the set of representations of
edges is {€,,, €, €w, €,}. The path between e, and e, is
then represented as follows:

(19)

Afterwards, the information about the different paths
between the head and tail entities is fused into an attention
mechanism (Bahdanau et al., 2014):

ph,r_ [ehas €ots €05 Cons Ty Fay oves rm]'

eu’([eh; L’I]Wlplh.r)

Phe = )pﬁ;.,. (20)

J

Through the process of path inference, an entity can be
effectively represented by merging its node vectors with
domain knowledge ontology. This representation mani-
fests as informative entity interaction details across
sentences within documents.

The ultimate stage in the process of relation classification
can be conceptualized as a multi-label classification task
(Han et al., 2020). This task entails the incorporation of
information about entity pairs (e, e¢;) acquired from
preceding stages, ultimately deriving the category label
through employment of a classifier. The input to this
classifier encompasses the representations of both the
head and tail entities, the representation of the document
node within the document graph, and the path informa-
tion. These three distinct types of vector representations
are concatenated, culminating in the formation of the
input for the multi-label classification layer:

U (rleha et) = SlngId(Wﬁa-(Wr [eh; er; ednc; ph,t]+b(1)+bﬁ) ’
@n

where e, is the representation of the document node.
The loss function is:

lossge, = — 3 2 2 I(r; = 1) log U(rley, e,)

DeS h#trieR

+1(r;=0) log(1 - U(riles, ), (22)

where S is the set of triplets, R is the set of relationships,
and I (+) is the indicator function.

The utilization of multi-label classification within the
context of the relation classification task facilitates the
depiction of numerous relationships between entities
within a single document. This approach holds significant
importance for the precise representation of relationships
within the knowledge graph, as it permits the encompass-
ment of multiple connections between entities present in
a solitary document. The holistic training of the classifi-
cation model guarantees the acquisition of knowledge
concerning the interrelation between entities and their
corresponding labels in a cohesive manner, thereby
further enhancing the accuracy of the -classification
process.

Consequently, the ultimate step in the process of relation
classification bears paramount significance in ensuring
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the meticulous representation of relationships among
entities within the knowledge graph. The incorporation of
multi-label classification and the comprehensive training
of the classification model work in tandem to secure a
precise portrayal of relationships within the knowledge
graph. This approach supports the creation of an all-
encompassing and meaningful representation of the
document’s content.

4 Case study

4.1 Problem description

The steel industry stands as a quintessential example of a
traditional manufacturing sector, presently undergoing a
transition toward intelligent manufacturing.

The ensuing inquiries are rooted in a thorough investi-
gation of a steel company’s continuous rolling line. The
company’s continuous rolling line exhibits intricate
processes and a myriad of diverse production equipment
types, encompassing both hot and cold rolling operations.
The data generated during the production process
comprise production plans, equipment data, production
logs, and team member records. The management of
these data predominantly relies on paper file archiving
and information system storage, exhibiting a weak corre-
lation between datasets. Production decisions often hinge
on singular knowledge sources, resulting in a lack of
synergy. The specific manifestations include inadequate
supply chain coordination and obscured product manage-
ment and statistics, culminating in inventory backlogs.
Insufficient means to effectively manage production line
equipment impedes efficient equipment maintenance.
Dilemmas emerge with storing significant documents
such as production plans and logs directly into databases;
typically, they are saved as text files, thereby failing to
achieve information sharing. The semantic information
embedded within these documents remains underutilized.
These challenges mirror the authentic needs of traditional
industrial enterprises. Therefore, this paper adopts this
enterprise as its focal point of research, employing
BiLSTM-CRF and KEGI methodologies to extract
knowledge from production reports originating from the
hot-rolling production line. The objective is to construct a
structured knowledge network. The experimental results
show that the knowledge graph formulated in this study
aligns with the precision requisites of domain knowledge.
It successfully accomplishes the ensuing objectives:
Thorough exploration of semantic knowledge within
enterprise documents to foster enhanced knowledge
utilization. An effective approach for enterprise data
management has been provided, wherein the knowledge
graph facilitates the management of production line
equipment. This, in turn, enables equipment diagnosis

and supports production decision-making through the
graph’s structural framework.

4.2 SPFRDoc dataset

To validate the method’s efficacy within an industrial
context, this paper establishes the SPFRDoc dataset for
the fault diagnosis scenario in the steel manufacturing
industry. This dataset encompasses 763 reports of equip-
ment fault diagnosis, amounting to a total of 13158
triples. Among these triples, 2370 are deduced through
inference from multiple sentences. Additionally, an ontol-
ogy model, denoted as SPOnto, is formulated to delineate
the categories of instances within the steel manufacturing
sector and the attributes suitable for describing these
instances. SPOnto comprises 1561 axioms, 352 class
concepts, and 407 data attributes. It is constructed upon
dependable and standardized knowledge, grounded in
real-world manufacturing production scenarios of steel
enterprises.

Following the relevant standards of the iron and steel
manufacturing industry and drawing insights from the
literature on hot-rolling production lines, the SPFRDoc
dataset categorizes entities into eight distinct classes
(Table 1) and relationships into six categories (Table 2).
These categories of relationships encompass fault modes,
reasons, operations, equipment, and more, including
contextual relationships within the temporal, procedural,
and spatial domains. Taking the iron and steel manufac-
turing industry as an illustrative case, SPFRDoc effectively

Table 1 Entity category information of SPFRDoc

1D Label Examples

1 Fault name “The Al probe hits the roll during the flaw detection of

the 1# grinding machine of the comprehensive group”

2 Fault mode “Short circuit”, “Oil leakage”

3 Fault “Coil burnout”, “Broken hinges”
phenomenon

4 Reason “Qil pollution”, “Load anomaly”

5 Operation “Fasten”, “Replace”

6 Equipment “Motor”, “Cylinder”

7 Fittings “Bolt”, “Bearing”, “Wiring”

8 Person “Wang Fei”, “Peng Caihai”

Table 2 Relation category information of SPFRDoc

ID Label Examples of entity type pairs

1 Failure mode  (Fault name, Fault mode), (Equipment, Fault mode)
2 Failure position (Equipment, Fittings)

3 Failure reason  (Fault name, Reason), (Fault phenomenon, Reason)
4 Solution (Operation, Fittings)

5 Responsible person (Fault name, Person), (Operation, Person)

6  Operation object (Operation, Fittings)
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encapsulates the relations intrinsic to production activities
within the manufacturing sector. Consequently, the train-
ing set, validation set, and test set are randomly partitioned
at a ratio of 8:1:1.

4.3 Baselines and evaluation metrics

In the comparative experiment, the following models
were selected as baselines: The BERT-based model
BERT-RE (relation extraction), SSAN, as well as the
graph-based models like attention guided graph convolu-
tional network (AGGCN), latent structure refinement
(LSR), and GAIN.

BERT-RE (Wangetal.,2019) initially derives embedded
representations through BERT and subsequently predicts
the presence of a relationship between two entities. It
then proceeds to predict the specific target relationship.

SSAN (Xu et al., 2021) employs hard-coded indicators
to determine whether mentions exist within the same
sentence and share the same entity. This approach inte-
grates biaffine mechanisms into the scoring calculation
segment of the transformer encoder.

AGGCN (Guo et al., 2019) harnesses an attention-
guided GCN. This network inherently learns to selectively
focus on pertinent substructures within dependency trees,
which prove valuable for relation extraction tasks.

LSR (Nan et al., 2020) establishes graphs based on
dependency trees and conducts relationship prediction
through latent structure induction and GCN.

GAIN (Zeng et al., 2020) represents distant relations
within documents through the creation of mention-level
and entity-level graphs. It captures information interactions
between diverse mentions via GCN.

The experiment utilizes widely accepted classification
task evaluation metrics to assess model performance. The
specific calculation formulas are as:

Precision = —=<=, (23)
Nall
NCO!TCC
Recall = === (24)
marked
2 % Precision * Recall
F1l = , (25)

Precision + Recall

where N .. 1S the number of labels that are predicted to
be correct, N, is the total number of predicted labels, and
Nparkea 18 the total number of marked labels. In addition,
the comparison experiment uses the index N, to quanti-
tatively compare the knowledge mining ability of the
model on document information, in which N, represents
the number of relationships inferred by the model exclud-
ing the common relation facts in the training and dev/test
sets.

4.4 Experiments

Comparative experiment

The experiments detailed in this paper were conducted
within a computational environment featuring 4 Tesla T4
GPUs, 256 GB of RAM, and an Intel Xeon 5238
CPU@?2.1 Hz x 2.

To gauge the effectiveness of the entity extraction
method, the paper evaluates the performance of two
models: A standalone BiLSTM-CRF model and a
BiLSTM-CRF model integrated with a domain-specific
dictionary. These models are applied to the task of NER
within the steel manufacturing domain. Prior to utiliza-
tion, the text annotations in the dataset were transformed
into BIO annotations. Here, B denotes the initiation of an
entity, I indicates the continuation of an entity, and O
signifies non-entities.

The outcomes of the entity recognition task are pres-
ented in Table 3, and the progression of loss in relation
to iterations during model parameter learning is illustrated
in Fig. 4(a). The findings suggest that the incorporation
of a domain knowledge dictionary had a limited impact
on tasks involving the prediction of labels within datasets
boasting a considerable number of samples, such as “fault
mode” and “fault name”. This is attributed to the capacity
of deep learning models to glean features from abundant
samples. Nonetheless, the enhanced method that amalga-
mated the domain knowledge dictionary displayed
marked improvements in tasks associated with label
prediction and was characterized by smaller sample sizes,
such as “equipment” and “fittings”. These outcomes
underscore the potential benefits of integrating domain
knowledge dictionaries in scenarios constrained by
limited training data.

Subsequent to the completion of the entity recognition
phase, entity coreferences are consolidated based on the
similarity of entity labels and textual expressions. Sub-
sequent relationship extraction is carried out on the
SPFRDoc dataset. Given the dataset’s Chinese documen-
tation, the BERT Chinese pre-training model is employed
for character encoding.

Table 3 The results of the entity recognition task

Label BiLSTM-CRF BiLSTIM-CRF + dictionary
Precision Recall F1  Precision Recall F1
Fault name 89.77 76.70 82.72  87.11 86.90 87.00
Fault mode 83.57 88.63 86.02  82.99 89.05 85.92
Fault phenomenon 89.89 77.67 83.33 85.29 84.67 84.98
Reason 7792 74.18 7590  81.82 69.23 75.00
Equipment 74.44 83.15 78.55  85.11 87.59 86.33
Fittings 74.77 70.34 72.49  70.34 78.46 74.18
Operation 85.29 86.67 83.57  86.92 81.67 84.21
Person 83.80 86.86 85.30  81.58 90.85 85.96
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Fig. 4 Model loss curves during training.

The experimental results for each method within the
SPFRDoc dataset are shown in Table 4. Among the
models utilizing various BERT versions or document
graphs, KEGI consistently outperforms all robust baselines
by a significant F'1 score of 52.54 on the test set. Within
the BERT-based models, KEGI exhibits notable F1
improvements of 4.80 and 3.53 for BERT-RE and SSAN,
respectively. Further analysis of Table 4 indicates that
in comparison with graph-based models, KEGI also
achieves F1 score enhancements ranging from 0.99 to
5.19 on the test set. Additionally, KEGI ranks second
best in the Nifr index, falling short only of the LSR
model. Furthermore, compared to other graph-based
models, KEGI showcases improvements of 62 and 13
for AGGCN and GAIN, respectively.

These results indicate that KEGI elevates prediction
accuracy while preserving effective inferential capability.
Moreover, it demonstrates superior effectiveness in docu-
ment-level relation extraction tasks within the manufac-
turing domain.

To delve deeper into the classification efficacy of the
analytical model across various relationships, representa-
tive BERT-RE and GAIN models were selected for
comprehensive analysis of diverse relationship classifica-
tion indicators. The resulting experimental outcomes are
presented in Table 5 and Fig. 4(b).

Despite the dataset’s robust domain characteristics,
both the BERT-RE and GAIN models exhibit relatively
lower accuracy in relation extraction tasks, primarily due
to the scarcity of extensively annotated training datasets.
Nonetheless, the incorporation of external knowledge
guidance during the graph reasoning phase yields accuracy
improvements. The graph reasoning model consistently
exhibits superior performance, as evidenced by its higher
F1 score.

Figure 5 provides a specific illustration of the capabilities
of the BERT-RE model and the KEGI model, evaluating
their respective competencies in recognizing and catego-
rizing relationships, as well as accurately predicting failure
reasons. This comparative analysis sheds light on the

Table 4 The results of the comparative experiment

Model Precision Recall Fl Ninfer
BERT-RE 46.27 49.24 47.74 12
SSAN 4791 50.06 49.01 59
AGGCN 45.72 49.10 47.35 31
LSR 47.95 52.93 50.32 104
GAIN 47.87 55.84 51.55 86
KEGI 48.04 57.97 52.54 93

strengths and limitations of each model, thus guiding the
development of future models aimed at enhancing rela-
tional reasoning capabilities. The figure highlights that
the BERT-RE model adeptly identifies and categorizes
three distinct relationship groups. Additionally, the KEGI
model accurately predicts the “failure reason” of the
“hydraulic servo valve” as “inadequate fastening”.
Notably, in a concise sentence containing only one entity,
“oil leakage”, the KEGI model adeptly incorporates this
information into its relational reasoning by treating it as a
mention. This underscores the model’s capacity for logical
reasoning that extends across sentences.

To validate the efficacy of fusing concept and attribute
information, this paper conducts ablation experiments on
the SPFRDoc dataset. Training and prediction processes
are executed after removing the TransR and path inference
module, respectively. The outcomes are illustrated in
Table 6.

Ablation experiment

Initially, the domain knowledge base is excluded
from the embedded representation module by removing
TransR!. Node vectors are directly initialized using
Eq. (8). This action results in a decline of 2.22 in the F1
score on the test set, underscoring the pivotal role played
by the injection of the knowledge base in the embedding
of node features.

Subsequently, TransR2, which is responsible for repre-
senting the domain knowledge base in the path inference
module, is removed. This entails eliminating {r, r,, ...,
r,} from Eq. (19). A marginal reduction in the F1 score
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Table 5 The results of the relation extraction task

Label BERT-RE GAIN KEGI
Precision Recall Fl1 Precision Recall Fl1 Precision Recall Fl1

Failure mode 52.68 40.14 45.56 49.79 54.94 52.24 47.83 68.75 56.41
Failure position 49.31 41.03 44.79 47.90 55.59 51.45 49.61 51.10 50.34
Failure reason 44.92 57.74 50.53 46.18 58.55 51.64 49.00 54.90 51.79
Solution 43.30 56.03 48.85 43.92 58.01 50.00 45.80 58.87 51.52
Responsible person 40.91 56.25 47.37 49.05 55.43 52.04 44.15 60.45 51.03
Operation object 46.52 44.22 4534 50.39 52.53 51.44 51.83 53.75 52.77
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Fig. 5 Comparison of the BERT-RE model and the KEGI model in a specific case.

Table 6 The results of the ablation experiment

Model Precision Recall Fl1

KEGI 48.04 57.97 52.54
—TransR! 46.96 57.33 50.32
—TransR2 47.30 55.86 51.22
—Inference 47.85 52.59 50.11

by 1.32 is observed, suggesting that the domain knowledge
base contributes to path inference to a certain extent.

Following this, the entire path inference module is
eliminated. The model then directly predicts relations
based on entity representations, e, and e,. This omission
leads to a noteworthy decline in the F1 score, notably a
drop of 2.43 on the test dataset. This highlights the signif-
icance of the path inference module in capturing potential
pathways for relation inference. Its presence effectively
enhances the performance of document-level relation
extraction tasks.

To ensure efficient querying and facilitate the imple-
mentation of advanced applications such as knowledge
reasoning and computing, the establishment of an efficient
knowledge graph storage mechanism holds paramount
importance. In this context, graph databases, which are

non-relational databases founded on graph theory princi-
ples, offer an apt solution. Graph databases enable the
storage of entities and their inter-entity relationships,
utilizing nodes, relationships, and attributes as their
fundamental components. Among the well-regarded
options, Neo4j stands as a commonly employed graph
database. Within this study, the triplets were stored using
Neo4j. The process involved transforming the mapped
file into RDF (resource description framework) format
using the open-source toolkit RDF2RDF, followed by
importing it into the Neo4j graph database through
utilization of the Neosemantics function plug-in. This
approach seamlessly achieved the storage of the knowledge
graph. Ultimately, the resultant triples find their place
within the Neo4j graph database. Approximately 200
nodes were chosen for visualization, as depicted in Fig. 6.

5 Conclusions

The primary objective of this research is to tackle the
knowledge management challenges encountered in the
industrial domain and propose an innovative solution for
extracting knowledge from lengthy paragraphs of text.
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Fig. 6 The fault diagnosis knowledge graph of the Chinese steel manufacturing industry.

This goal is achieved through the development of KEGI,
a relation extraction approach that amalgamates the
capacity for constructing a document graph with the inte-
gration of knowledge representation into node formulation
and path inference, all facilitated by the TransR model.

The framework introduced in this paper is semi-auto-
matic in nature and designed to recognize named entities
by leveraging the synergy between BiLSTM-CRF and a
domain-specific dictionary. The integration of domain
knowledge plays a pivotal role in guiding the processes
of entity recognition and relation extraction. Furthermore,
the optimization of the graph inference mechanism
allows for the capture of intricate semantic details embed-
ded within the text.

The proposed framework was practically applied to a
real-world context, specifically the steel hot-rolling
production line, resulting in the creation of the SPFRDoc
and SPOnto datasets. Through this framework, triples
were extracted, ultimately leading to the construction of a
knowledge graph that embodies the semantic intricacies
of the steel industry. This knowledge graph holds potential
for diverse applications, including fault diagnosis and
intelligent question answering within production
processes.

This paper introduces two noteworthy contributions to
the realm of relation extraction within the industrial
domain:

* First, the KEGI model seamlessly integrates domain
knowledge embeddings from the TransR model into the
representation of document graph nodes. This integration,
combined with the utilization of ontology models,
enriches the reasoning mechanism between entities. This
combined approach empowers node and path representa-
tions to not only encompass context information from the
document but also incorporate structural insights from the
domain ontology. This effectively addresses the limitations
of manual annotation and entity interaction modeling
within existing domain corpora.

* Second, the paper demonstrates the practical applica-
bility of the KEGI framework by constructing a knowledge
graph for the steel hot-rolling production line, leveraging
the SPFRDoc and SPOnto datasets. The resulting knowl-
edge graph encapsulates substantial semantic information
and holds potential for tasks such as fault diagnosis and
intelligent question answering in real-world production
scenarios. Consequently, the KEGI model proficiently
extracts information from enterprise documents and
offers a robust solution for knowledge management
within the industrial domain.

The trajectory of smart factories is poised to be influ-
enced by knowledge-driven and collaborative operations,
fostering the evolution of more sophisticated and intelligent
decision-making systems. To advance this goal, future
research should center around relational reasoning and
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knowledge fusion within the framework of production
knowledge graphs. This approach would facilitate the
exploration of knowledge-driven methodologies in deci-
sion-making and attribution contexts, thereby aiding busi-
nesses in addressing the challenges presented by ever-
changing production environments. Such efforts are
anticipated to propel the transformation of production
management and control toward a more knowledge-
driven paradigm, ultimately leading to heightened opera-
tional efficiency and effectiveness.
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