International Journal on Semantic Web and Information Systems
Volume 19 « Issue 1

Research on the Construction and
Application of Knowledge Graph
in the Ceramic Field Based on
Natural Language Processing

Yu Nie, Jingdezhen Ceramic University, China*

https://orcid.org/0000-0001-6549-4660

Na Huang, Jingdezhen Vocational University of Art, China
Junjie Peng, Jingdezhen Ceramic University, China
Guanghua Song, Jingdezhen Ceramic University, China
Yilai Zhang, Jingdezhen Ceramic University, China
Yongkang Peng, Jingdezhen Ceramic University, China
Chenglin Ni, Guangdong Songfa Ceramics Co., Ltd., China

ABSTRACT

There are problems of knowledge deficiency and effective unified expression of knowledge in the
process of relevant knowledge data acquired by workers in the ceramic domain. In this study, the authors
designed relevant experiments to construct ceramic field knowledge graphs to solve these problems.
In the experiments of named entity recognition and relationship recognition, the authors compared
the performance of several models in OwnThink and ceramics field datasets. The experimental results
showed that the BiLSTM-CRF model is the best for named entity recognition and the TextCNN
model is the best for relationship recognition in ceramics field datasets. Therefore, the first used
the BILSTM-CRF model to complete the naming entity recognition and then combined with the
TextCNN model to complete the relationship recognition to construct the ceramic field knowledge
graph. Then, they applied the constructed graph to the ceramic knowledge Q&A service to provide
accurate data retrieval service for ceramic domain workers.
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INTRODUCTION

At present, the knowledge data obtained by most workers in the ceramic domain through the above
methods are not only time-consuming and labor-intensive, but also may have the problem of knowledge
loss. In addition, the acquired knowledge also lack of unified expression and effective organization,
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which is difficult to be directly used in machine learning of data in the ceramic field. On the other
hand, in the field of ceramic data, because the data are too scattered, there is a small sample problem,
which also brings challenges to machine learning.

How to collect, organize, and manage this scattered knowledge in the field of ceramics and how
to support the scientific research of ceramics are urgent problems to be solved.

It is well-known that, in 2012, Google proposed a new search function—knowledge graph-based
search—aiming to improve search performance; the concept of knowledge graph has gradually become
known to everyone. The knowledge graph explicitly precipitates and correlates domain knowledge,
which can well solve the characteristics of scattered, complex, and isolated data in the domain (Xu et
al.,2016). The question-answering system deals with natural language questions. The first thing to do
is to identify the named entity of the question, and then retrieve the knowledge from the knowledge
base and extract the corresponding answer. Knowledge graphs are used for knowledge retrieval and
answer extraction due to their knowledge reasoning capabilities, which provide Q&A systems with
a knowledge base that has a recommendation mechanism and higher accuracy. The two major links
provide a knowledge base with a recommendation mechanism and higher precision for the question-
answering system (Xia, 2016).

In recent years, knowledge graph technology has been applied in many fields and achieved
remarkable results (Wu et al., 2021), such as smart finance, smart medical care, smart education,
and smart e-commerce (Fu et al., 2021; Hang et al., 2019). However, in the ceramic field, the related
research of knowledge atlas is still in the initial stage (Cao, 2021; Katiyar & Cardie, 2017). Besides,
only a few researchers have carried out exploration on ceramic knowledge extraction (Li, 2020;
Zheng, Hao et al., 2017; Zheng, Wang et al.,2017), carried out the extraction research of general
type knowledge such as ceramic entity and relationship, rarely involved in the acquisition method
of knowledge with ceramic field characteristics such as process flow, and almost no research on
establishing ceramic knowledge atlas and applying it to ceramic machine learning.

The application of knowledge graph technology in the ceramic domain can effectively utilize the
advantages of knowledge graphs in domain knowledge learning, organization, and reasoning, which
is helpful to solve the challenging problems of machine learning in the ceramic domain.

In the process of knowledge graph construction, entity and relationship extraction is the
foundation, entity alignment is the guarantee of knowledge fusion, and knowledge graph completion is
the core to improve the quality of knowledge graph. In the process of entity and relationship extraction,
semantic analysis and understanding of content information cannot be separated from the support
of a semantic knowledge base (Li & Ji, 2014; Wang et al., 2016), and the machine can understand
human language through a semantic knowledge base, thus becoming more intelligent. However, most
of the traditional semantic knowledge bases are oriented to general fields, which cannot meet the
knowledge requirements of natural language processing systems in specific fields (Guo et al., 2018;
Zeng et al., 2018). Therefore, the authors will solve the related problems of ceramics by constructing
knowledge graphs of the ceramic domain.

Thus, in this study, the authors applied knowledge graph technology to ceramics by collecting
ceramics-related data on the Internet, effectively using the advantages of knowledge graph in domain
knowledge learning, organization, and inference, which can help solve the challenging problem of
machine learning in ceramics, and at the same time provide more accurate data retrieval services for
ceramics field workers.

RELATED WORK

The vigorous development of knowledge graphs has greatly promoted the practical application of
knowledge tests, and breakthrough progress has been made in this field (Liu et al. 2016; Xu et al.,
2016). From the perspective of analysis methods, the research methods based on knowledge graphs can
be divided into two types: The semantic-based method and the retrieval-based method. The semantic-
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based method mainly transforms the question into a more logical form and then uses structured query
statements to obtain appropriate answers in the knowledge graph. Zettlemoyer and Collins (2012) and
Kwiatkowski (2010) adopted the corpus with logical formal annotations and supervised training. Liang
et al. (2011) proposed to replace regular expressions with structured queries based on dependency
composition semantics. The latter is usually more focused on efficiently extracting the features of
questions or answers and the order of correct answers. In response to this problem, Zhang et al.
(2015) designed and implemented an aviation-oriented question answering system centered on the
ontology triplet. the expected effect. Yao and Durme (2014) used dependency analysis to characterize
the question sentence of the question to obtain a relationship graph and locate the relationship and
entity within a certain range. By comparing the resulting subject graph and the graph generated by
the question, all nodes are sorted and manipulated along the graph to obtain the correct answer.

Currently, two main ways are available to construct knowledge graphs. One is top-down, which
directly extracts ontology and schema information from external third-party databases to construct
a knowledge base, which is a simple and effective method to try to construct a knowledge graphs
rudiment, but the accuracy is insufficient. The second is a bottom-up method, which uses artificial
intelligence technology to realize the automatic acquisition and processing of knowledge to construct
a knowledge base according to mass data on the Internet. Because of the rapid development of
artificial intelligence technology in recent years, this kind of method has become the first choice for
constructing knowledge graphs.

For the bottom-up construction method, after data acquisition and preprocessing, according to
the acquisition logic, a series of construction techniques are used to realize the tasks of knowledge
extraction, knowledge fusion, and knowledge processing reasoning. The process is a continuous
iterative update process. Firstly, entities, attributes, and relationships among entities are found
in the given multisource data to form knowledge representation. Subsequently, because of the
multiheterogeneous sources of knowledge, it is necessary to use knowledge fusion technology to
eliminate the contradiction and redundancy of knowledge. Thirdly, reasoning the fused knowledge,
predicting the new knowledge, and expanding the existing knowledge to ensure the integrity of the
knowledge graph and expand its scale.

The entity extraction and the relationship extraction are used to obtain factual knowledge such as
entities and relationships thereof from multisource data, to form knowledge triples GE(E, R, S) required
by the knowledge graph, where E represents a set of entities in the knowledge base, R represents a set
of relationships in the knowledge base, and S EXRXE represents a set of triples in the knowledge base,
which specifies the number of entities, the number of types of relationships, and the number of triples
formed. Entity alignment is used to eliminate synonymous heterogeneous entities in the multisource
heterogeneous knowledge base and remove data redundancy to complete knowledge fusion. Knowledge
graph completion is to improve the quality of knowledge graph and expand the scale of knowledge graph
by using existing knowledge reasoning or data mining implicit fact knowledge.

As a new knowledge representation method, a knowledge graph belongs to the category of
the Semantic Web, which is used to describe various entities existing in the real world and the
relationship between entities with abstract concepts (Wang et al., 2018; Zhu et al., 2019,). It can
be divided into two categories, according to the coverage. One is universal knowledge graph, and
the typical universal knowledge graphs include Open Cyc, Word Net, and YAGO. The other is the
domain knowledge graph. Typical domain knowledge graphs include Palantir, Plant Data, and Ace
KG. The general knowledge graph emphasizes entity quantity and domain coverage and does not
require very high accuracy. It is mainly used in search engines to recommend more retrieval results
for users in the form of visual graph association according to user input. Domain knowledge graphs
focus on the relationship between entities in specific fields or industries and require high accuracy.
The knowledge system constructed by the domain knowledge graphs is characterized by strong
domain pertinence and professionalism (Ruan et al., 2016); this knowledge system is mainly used
to assist complex analysis or decision support in industries. At present, it has been applied in patent
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information, venture capital enterprises, and other fields. In contrast, a domain knowledge graph has
more important significance for practical production and life, so the main research object of this topic
is the construction of a ceramic domain knowledge graphs.

DATA SOURCES

In this research, the authors used a variety of search engines (including Baidu, Bing, and Sogou),
and, after retrieving various search results, finally selected the data of the Liao Liao Ting Web site
as the ceramic field dataset. Liao Liao Ting, as the Jingdezhen ceramic art Web site, enjoys a high
reputation in the contemporary ceramic collection circle. The ceramic dataset the authors constructed
in this study includes three aspects: Ceramic technology, ceramic art, and ceramic history.

CONSTRUCTION OF KNOWLEDGE GRAPH IN THE FIELD OF CERAMICS
Figure 1 shows the construction process of knowledge graph and corpus.

Data Acquisition in the Field of Ceramics

In this project, the authors used a variety of search engines, and, after retrieving various search
results, they finally determined to select the data from the Liao Liao Ting Web site as the dataset in
the field of ceramics.

Development Environment

In this project, the authors used the Python language as the platform to realize the crawling of relevant
data in the ceramic field. Table 1 shows the development environment.

Data Acquisition

The system mainly acquires data from the three columns of ceramic craftsmanship, ceramic art, and
ceramic history. The system crawler uses Request, Beautiful Soup, and Pandas as platforms. After
completing data acquisition, the authors used Pandas to save the data in CSV format. Figure 2 shows
the schematic diagram of the data acquisition process.

Figure 1. Knowledge Graph and Corpus Building Process
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Table 1. Development environment

Operation system Windows 11 x64
IDE Visual Studio Code
Development language Python 3.6.5
Browser Chrome

Figure 2. Schematic diagram of the data acquisition process
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Data Processing

When crawling the data, the authors did not deal with the redundant information in the data information
in time, so the data contain a large number of illegal characters, which brings much disturbance to the
subsequent model training and prediction, and increases the uncertainty factors of the model. In this
section, the researchers mainly used Python language to remove this redundant and illegal interference,
s0 as not to cause trouble to the downstream related algorithm models due to the disordered data
source. Table 2 is an example of illegal character processing.

Workflow of Knowledge Graph Application in the Ceramic Field

The workflow of natural language processing-based knowledge graph application in the ceramic
field encompasses two main tasks: Entity recognition and relationship recognition. In this section,
the authors will focus on two algorithm models, namely BiLSTM-CRF and TextCNN, which are
used to implement entity recognition and relationship recognition, respectively.

When users enter a question, they must first segment the word and then match the dictionary
entity. Then, the two models are processed, and, finally, the system queries the answer required by
the user, according to the result of the model processing. Figure 3 shows the specific process.

BiLSTM-CRF Named Entity Recognition Algorithm

e BiLSTM Module: The long short-term memory (LSTM) network can handle the gradient
explosion phenomenon that occurs in recurrent neural networks. Three structures are added to
LSTM: Memory gate, forget gate, and output gate; the memory gate determines whether the
information is stored, the forget gate determines whether the information is forgotten, and the
output gate is used to judge the current state.

The LSTM model is a one-way structure, and cannot encode information from right to left or from back
to front in the process of sentence modeling, so it is not ideal for contextual and semantic information
processing. BILSTM is a bidirectional long-term and short-term memory network, which can better
capture bidirectional dependencies, and uses forward LSTM and backward LSTM to process each
word sequence, so that each moment feature has forward and backward dependencies. Figure 4 shows
the BiLSTM network structure.

e CREF Conditional Random Field Module: A conditional random field (CRF) can obtain the best
prediction sequence through the relationship between adjacent labels. As for the BILSTM-CRF
algorithm model, the function of the CRF is to predict the output sequence through BiLSTM to
optimize the objective function.

For the input sequence X=(X,, X,...X)), the predicted output sequence is Y=(Y, Y,...Y ). The
score can be expressed as Equation 1, that is, the transition probability is added to the state probability:

Table 2. Example of illegal character handle

Original characters Processing
Spaces Auto
Tabs Auto
Chinese characters Manual
Garbled character Auto
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Figure 3. Workflow diagram for the application of knowledge graphs in the field of ceramics
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A is used to represent the transition matrix, and P is used to represent the output score matrix of
BiLSTM. The probability value of the label sequence Y is obtained by SoftMax:
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Each node of the CRF network represents the predicted value, respectively. According to the
predicted sequence output by BiLSTM, the path with the highest probability in the network is searched,
and the output named entity is labeled and identified to complete the named entity identification.
Therefore, the training aims at maximizing the probability P(ylX). This training aims at maximizing
the probability, which can be achieved by the log-likelihood as shown below:
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Figure 4. Structure diagram of the BiLSTM network
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The optimal path of the solution is obtained by predictive decoding through the Viterbi algorithm:

y* = arg max score (:1:, Y ') (@)

TextCNN Relation Recognition Algorithm

After the named entity recognition is completed, the relationship recognition is a matching and
recognition operation between the relationship attributes associated with each entity and the
corresponding relationship attributes on the knowledge graph. For example, the researcher asks a
question: “What is the alias of blue and white porcelain?” After determining the entity label “blue
and white porcelain,” they find the related attributes of the entity from the knowledge graph, such
as “introduction,” and “alias”. In this study, the authors applied the TextCNN algorithm model to
relation recognition. Unlike recurrent neural network and other sequence models, TextCNN has a
simple network structure, but the introduction of trained word vectors can still achieve very good
results and has a very fast training speed. First, the sentence context features are extracted, then they
are sent to the TextCNN network for convolution operation to obtain the semantic vector of both the
question sequence and the candidate relationship attribute, and, after this, the similarity calculation
can be used to obtain the relationship recognition result. The structure of TextCNN is relatively simple
and the training volume is faster. Figure 5 shows the network structure of TextCNN.

The input to the above image is the embedding layer obtained using the pretrained word vector
(Word2Vector or glove) method. Each word vector is trained in an unsupervised manner.

In the past, CNN was generally regarded as a work in the Computer Vision(CV) field and applied in
the direction of computer vision, but Yoon Kim partially deformed the CNN input layer and proposed a
text classification model TextCNN. Compared with the traditional image CNN, the network structure of
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Figure 5. Structure diagram of the TextCNN network
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the TextCNN has not changed much. As Figure 6 shows that TextCNN actually only needs one layer of
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After the above analysis, the authors used the cosine similarity to calculate the similarity of the
semantic vector between the question and the relation attribute. Equation 5 shows the calculation method:
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In Equation 5, x, and y, are the i element of the semantic vector of the question sentence, and the
j element of the semantic vector of the attribute candidate set. The reason why the cosine similarity
is selected for calculation is that it is mainly affected by the direction. The smaller the included angle,
the smaller the cosine distance and the vector length does not interfere much with its calculation.

EXPERIMENTAL AND EVALUATION

Experimental Environment and Evaluation Indicators

In this research, the authors used TensorFlow to build the experimental model. Table 3 shows the
configuration of the experimental hardware and software environment.

The authors used the precision rate, recall rate, and F1 value as indicators to judge the accuracy
of the model. The calculation formula is as follows:

p—_— TP ioo% 6)
TP + FP
R=—"P 100% 7
TP + FN
Fl1= 2PR x 100% (8)
P+R

Among them, TP represents the number of correctly identified samples; FP represents the number
of wrongly recognized samples, FN represents the number of samples that were not identified, P is
the precision rate, and R is the recall rate.

In entity recognition, the commonly used annotation modes are BIO mode, BIOE mode, and
BIOES mode. In the experiment in this study, the authors adopted the BIO mode, which has three
tags: “O,” “B,” and “I,” where O is a nonnamed entity, B is the first word of a named entity, and I is
a nonfirst word of a named entity.

Entity Recognition Experiment

This experiment is mainly divided into two parts. To prove the generality of the model in this research,
the authors verified it on the Own Think dataset and the ceramic field dataset they had previously
constructed. Table 4 shows the pseudocode of the construction process of the ceramic field dataset.

The Own Think dataset is issued by the Thinking team and is the largest 140 million Chinese
knowledge graph dataset publicly available in China. The Own Think dataset contains a total of
seven kinds of labels in three categories: Locations name, Organization name, and Person name. The
training and test sets of both datasets are split 10:1.

According to Figure 7, different experimental parameters have a greater impact on the F1 value.
Therefore, according to the test results in Figure 7, the experimental parameter with the largest F1
value is selected as the parameter setting of the experiment (Tables 5 and 6).

Table 3. Experimental environment configuration

Memory DDR4 20G
GPU RTX 3060
Development language Python 3.6.5
TensorFlow 1.14.0
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Table 4. Algorithm for constructing an annotated set of entity recognition data in the ceramic field

Input: Q&A training set, knowledge graph.

Output: Question entity annotation set.

Process:

1. Find triple data in the knowledge graph according to the standard answer of the question.

2. Determine the relevant entity name in the question according to the found triple.

3. Mark “1” for the word sequence that coincides with the entity name in the question sequence, and mark “0” for the
rest, and output the marked question sequence for saving.

Figure 7. The effect of different parameter settings on the F1 value in two datasets
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Table 5. Experimental parameters of the own think dataset

Parameters Value
max_seq_length 128
batch_size 16
learning_rate 5e-5
drop_out_rate 0.5

Table 6. Experimental parameters of the ceramic field dataset

Parameters Value
max_seq_length 40
batch_size 32
learning_rate 2e-5
drop_out_rate 0.3

10
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In this study, the authors used the BILSTM-CRF algorithm model for entity recognition operation.
To prove the effectiveness of the model, they compared it with models such as LSTM-CRF. Table
7, Table 8, and Figure 8 show the specific experimental results.

As Table 7, Table 8, and Figure 8 above show, the BILSTM-CRF algorithm model has achieved
good results on both the ceramic field dataset and the OwnThink dataset, which proves that the
model has certain versatility and effectiveness; especially in this study, the BILSTM-CRF algorithm

Table 7. Experimental results of the ceramic field dataset

Model Evaluation Indicators
Precision Recall F1
LSTM-CRF (Original Mask Policy) 7243 69.75 71.06
LSTM-CRF (Whole word Mask Policy) 75.37 74.36 74.86
BiLSTM-CRF 84.78 85.03 84.90
Table 8. Experiment results of the own think dataset
Model Evaluation Indicators
Precision Recall F1
LSTM-CREF (Original Mask Policy) 83.44 80.75 82.07
LSTM-CRF (Whole word Mask Policy) 86.75 84.50 85.61
BiLSTM-CRF 94.89 95.10 94.99
Figure 8. Experimental results of the ceramic field dataset and the own think dataset
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model can significantly improve the effect of entity recognition. At the same time, the application of
the LSTM-CRF model based on the whole-word MASK strategy and the document-level attention
mechanism has improved the performance of the model to varying degrees. In the ceramic field
dataset, all models have to go through many iterations in the initial stage to obtain a relatively stable
level, which is also related to the excessive number of specific entity names in the ceramic field.
This experiment also allowed to compare the performance of the model the authors used in this study
with other existing deep learning models on the OwnThink and ceramic field datasets (Tables 9 and 10).

Table 9. Comparison of existing models on the own think dataset

Model Result
Precision Recall F1
DC-LSTM-CRF (Liu et al., 2020) 92.14 90.96 91.55
Lattice-LSTM-CRF (Zhang & Yang, 2019) 93.57 92.79 93.18
BiLSTM-CRF 94.89 95.10 95.00

Table 10. Comparison of existing models on the ceramic domain dataset

Model Result
Precision Recall F1
DC-LSTM-CREF (Liu et al., 2020) 81.46 80.87 81.16
Lattice-LSTM-CRF (Zhang & Yang, 2019) 83.17 81.09 82.12
BiLSTM-CRF 92.73 91.35 92.04

Figure 9. Experimental results of the ceramic field dataset and the own think dataset
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As Table 9, Table 10, and Figure 9 above show, compared with other existing models, the model
of this study achieves the best results in accuracy, recall, and F1 value on the Own Think dataset,
and the accuracy, recall, and F1 value on the ceramic field dataset. The rate and F1 value are also
significant. It is evident that the BILSTM-CRF model is more versatile and effective.

Relation Recognition Experiment

The authors used the TextCNN algorithm for relationship recognition. First, they used the Text model
as the word embedding to extract the contextual features of the sentence. Differently from the entity
recognition model, the researchers input the feature information output by Text into the CNN, do the
convolution operation on the question sentence and the relationship vector respectively, and finally,
calculate the cosine similarity of the semantic vectors of both of them, which is used to complete the
recognition of the entity relationship.

According to Figure 10, different experimental parameters have a greater impact on the F1 value.
Therefore, according to the test results in Figure 10, the authors selected the experimental parameter
with the largest F1 value as the experimental parameter setting (Table 11).

The dataset the authors used in this experiment is the self-built ceramic field dataset of this
study. Table 12 presents the algorithm pseudocode constructed by the ceramic field relationship
identification data label set.

Figure 10. The Influence of different parameter settings on the f1 value in the ceramic domain dataset
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Table 11. Experimental parameters of relationship recognition

Parameters Value
max_seq_length 30
batch_size 32
learning_rate 2e-5
drop_out_rate 0.5

13
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Table 13 shows the experimental results.

Table 13 and Figure 11 above show that the model in this study has achieved better results than the
original Text model without the whole-word MASK strategy. This further proves that, for Chinese data,
it is feasible and effective to adopt the whole-word MASK strategy adapted to Chinese. At the same time,
the model also achieved the best results in this experiment, with F1 reaching 83.90%. On the ceramic

Table 12. Algorithm for constructing an annotated set of data for relationship recognition in the ceramic field

Input: Q&A training set, knowledge graph.

Output: Question entity data annotation set.

Process:

1. Find triple data in the knowledge graph according to the standard answer of the question.

2. Determine the relevant relationship attribute of the question according to the found triple data and the entity name
determined in the entity recognition.

3. Label the relational attributes in the question sequence.

Table 13. Experimental results of relationship recognition

Model Result
Precision Recall F1
LSTM 72.51 64.53 68.29
BERT-LSTM 78.59 76.44 77.50
BERT-CNN 82.55 80.12 81.32
TextCNN 84.51 83.29 83.90

Figure 11. Experimental results of relationship recognition of different algorithm models in the dataset of ceramics
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field dataset, the model is not only stable, but also has the highest accuracy, compared with other models.
However, all models, including the model in this paper, can only get a relatively stable level after many
iterations, which is related to the relative complexity of the relationship in the ceramic field. The performance
of the authors’ algorithm model in the ceramic field dataset also has much room for improvement.

Evaluation

This section mainly introduces two algorithm models, namely the entity recognition algorithm
BiLSTM-CREF and the related recognition algorithm TextCNN. In entity recognition, the authors used
a combination of algorithm and dictionary matching and validated its effectiveness on two datasets.
They also compared the BILSTM-CRF with other existing models. After comparing the two datasets,
the BILSTM-CRF algorithm performs relatively well in the general field, but not in the ceramic
field. The research following this study will provide directions to adapt the algorithmic model to the
characteristics of the ceramic field. In relation to recognition, in this paper the author proposed the
TextCNNT algorithm model. The difference is that the features extracted from Text are input into
the CNN for convolution operation to extract corpus features. The experimental results show that the
generality and effectiveness of the authors’ algorithm model have achieved good experimental results.

APPLICATION OF KNOWLEDGE GRAPH IN THE CERAMIC FIELD

Architecture Design of Ceramic Knowledge Question Answering System

Figure 12 shows the architecture diagram of the ceramic knowledge question and answer system.

Ceramic Knowledge Question Answering System

The authors built a simple system page and completed the questioning operation through the input
box in the dialog interface. After the system finds the answer, it will directly return the answer and
display it on the page. Due to the connection with the speech synthesis module, the system will present
the answer in both text and voice (Figure 13).

CONCLUSION

In this paper, the authors preferred to obtain relevant unstructured data in the ceramics field through
crawler technology in the Internet. They constructed and validated an algorithm model suitable for
nomenclature recognition and relationship recognition in the ceramics field through experiments,

Figure 12. Architecture design of the ceramic knowledge quiz system
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Figure 13. Example of a ceramic knowledge question-and-answer system
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and implemented a Q&A system based on the knowledge graph in the ceramics field. In brief, the
authors’ work was as follows:

1. They carried out the acquisition of relevant data and the construction of datasets according to
the needs of ceramics domain workers.

2. They conducted the relationship recognition and attribute recognition experiments by combining
the OwnThink dataset and the self-constructed ceramic field dataset, and then selected the relevant
algorithm models for the construction of the ceramic field knowledge graph.

3. By using the constructed ceramic field knowledge graph, they completed the development of an
intelligent Q&A service for ceramic knowledge.

The researchers made a bold attempt in the construction and application of the knowledge graph
in ceramics field. This paper offers the following innovative points:

1. Scale-up acquisition of unstructured data in the ceramics field. The authors used the Beautiful
Soup framework in Python language to crawl the ceramic data of relevant sites in a large scale,
and obtained the ideal plain text data after data preprocessing.

2. Semiautomatic construction of a knowledge graph in the ceramics domain. The authors used
deep learning to extract association triples and construct the knowledge graph semiautomatically,
which saves the cost of knowledge graph construction, improves the efficiency of knowledge
graph, and fills the gap of knowledge graph in ceramics field.

3. The developed ceramic knowledge intelligent question-and-answer service can accomplish more
accurate ceramic knowledge data retrieval.

Finally, through this research, the authors found that most of the commonly used entity recognition
and relationship recognition algorithm models require high computing power of equipment and large
computational workload. In their future work, they will further optimize and improve the rate and
quality of knowledge graph construction in ceramics field.
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