Pre prints.org

Article Not peer-reviewed version

Knowledge Point Entity and
Relation Extraction based on Pre-
training Model in Education
Resources

Liu Cao , Chengwei Huang ~, Qihao Wang , Xiaoming Zhu
Posted Date: 30 October 2023
doi: 10.20944/preprints202310.1914.v1

Keywords: knowledge graph construction; knowledge point extraction; pre-trained language model;
relationship extraction

E E Preprints.org is a free multidiscipline platform providing preprint service that

2 is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of

E ar Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.



https://sciprofiles.com/profile/1918072

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 October 2023 doi:10.20944/preprints202310.1914.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article
Knowledge Point Entity and Relation Extraction

Based on Pre-training Model in Education Resources

Liu Cao, Chengwei Huang *, Qihao Wang and Xiaoming Zhu

Zhejiang Laboratory, Departement of Intelligent Education, Keji Avenue, Yuhang Zone, Hangzhou 310030,
China; ORCiD ID: Chengwei Huang https://orcid.org/0000-0001-9060-6361
* Correspondence: huangcwx@126.com

Abstract: Based on the teaching material of "Robotics" course, this paper studied the automatic knowledge graph
construction, including knowledge points extraction and knowledge point relation extraction. We proposed a
new method of extracting the first-level, second-level, and third-level knowledge points as well as their pre-
requisite relations of knowledge points in the textbook. For the problem of insufficient knowledge of the pre-
trained language model in the specific field, methods such as incremental pre-training and optimization of cost
functions are employed to integrate subject knowledge into the pre-trained language model, thus improving its
effectiveness. To overcome the problem that the traditional method of relationship extraction can not be applied
directly to the extraction of teaching materials, a new scheme for knowledge point relationship extraction based
on keyword relationship is proposed. The experimental data from textbooks shows that the F1 score of knowledge
point extraction reaches 93%, considerably improved compared to the traditional model. Consequently, the
knowledge point entity extraction and relationship extraction methods based on the pre-trained model can
effectively extract structured information and facilitate the automatic construction of knowledge graphs.

Keywords: knowledge graph construction; knowledge point extraction; pre-trained language model;
relationship extraction

1. Introduction

The United Nations Educational, Scientific Cultural Organization (UNESCO) released the report
"Artificial Intelligence in Education: Challenges and Opportunities for Sustainable Development" in
2019. According to the study, it is crucial to change the field of educational ecology with the use of
artificial intelligence technology. [23] However, in some countries, especially developing countries,
there needs to be more discussion on educational artificial intelligence.

In [29], Zhong et al. believes that in solving the problem of educational bottlenecks, innovative
education will bring an unprecedented large-scale revolution to the field of education. It is increasingly
urgent to use artificial intelligence to empower daily teaching activities, such as personalized learning,
intelligent teacher preparation, planning students’ learning paths, and recommend learning resources.
The intelligent application needs to be based on the knowledge graph of education resources. Therefore,
how to construct the knowledge graph and extract knowledge points and related relationships from
the total mass of teaching resource data has become a fundamental problem that needs to be solved
urgently.

Much research is dedicated to completing knowledge extraction tasks, and traditional relation
extraction methods are divided into pipeline methods and joint extraction methods. The joint extraction
method is an end-to-end model implemented through a neural network. It realizes entity recognition
and relation extraction at the same time and can well preserve the association between entities and
relationships. However, the complexity of the model is high, and it takes work to achieve better
performance. The pipeline method extracts relationships based on entity extraction results, which has
better flexibility but ignores the contextual information between entities. Both methods have their
advantages and disadvantages. Regarding education scenarios, we have proposed a new solution to
the problems encountered.

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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In this study, a novel method for creating knowledge graphs of professional disciplines using pre-
trained language models is proposed. In order to change the problem of map creation into the problem
of knowledge point entity extraction and relationship extraction, we establish triplets in subject areas,
which are formed of knowledge points in textbooks and precondition connections between knowledge
points. Furthermore, we define the subject keywords, the indivisible entities related to the subject in the
text part of the knowledge points in the education resources, representing the smallest knowledge unit
of a subject. The contributions of this paper are as follows:

- We solved the specific problems encountered in the construction of knowledge graphs in the field
of education and explored a complete solution covering knowledge point extraction and relation
extraction. Moreover, we proposed an innovative hierarchical relationship extraction method
based on knowledge graphs and pretrained models, which played an essential and fundamental
role in constructing subject knowledge graphs.

- We proposed a data set in the field of education disciplines, including the education resources of
more than 30 courses such as "Advanced Mathematics", "Robotics", "Robot Programming, and
Application”. After careful labeling by the teachers and students of the college, a high-quality

original data set was obtained.
2. Related work

2.1. Entity Extraction

The recognition of named entities is one of the most fundamental tasks in natural language
process. It aims to identify entities with specific meanings within unstructured text sequences and label
them with names of persons, places, institutions, etc. There are many downstream tasks that utilize
these entities with special meanings, including relation extraction, coreference resolution and dialogue
question answering. Traditional methods of entity extraction include the use of LSTM [5], RNN [27],
CNN [9], and their improved models for feature extraction, combined with the use of CRF for sequential
modeling, training dependencies between labels, and then determining the optimal order of labels.

There have been a number of new NER schemes proposed in recent years. According to LIU there
are three layers of entity information extraction: character representation, text encoding, label decoding,
combined attention mechanism, and transfer learning [13]. In 2021, Li proposed a modularized
interaction network model referred to as MIN (Modularized Interaction Network) [11]. Thespan
information is combined with word-level dependencies at the same time, including the NER Module
(NER Module), the Boundary Module (Boundary Module), the Type Module (Type Module), and the
Interaction Mechanism (Interaction Mechanism). Through an interactive mechanism, joint training
allows information to be shared between the two subtasks of boundary detection and type prediction.
According to Asgari-Chenaghlu , images can be combined with text. In addition to providing stronger
robustness, combining text features with image features can provide more reliable recognition of named
entities [1].

Only a few studies have been conducted on the application of entity extraction methods to
education. It has been proposed by Hu Huiting et al to recognize named entities in educational
technology texts using a method that achieves high accuracy in a corpus of educational technology texts
[6]. The method, however, failed to fully utilize the massive vertical field corpus and failed to offer a
solution for labels that were truncated between text. Chen Xiaoling et al. developed a framework to
implement a semantic knowledge extraction method for a wide range of entities and relationships
between them [3]. Although this method optimized the loss function based on the specificity of the
subject entities, its universality needed to be enhanced.

Transfer learning has led to the development of pre-trained language models such as ELMo [20],
GPT [21], BERT [10], RoBERTa [14], and XLNet [26] which have achieved great success in NLP.
Unsupervised learning is used in these methods. In many NLP tasks, they have achieved state-of-the-
art results by learning semantic information from large amounts of text, creating vectorized
representations of text, and generating vectorized representations of texts. Among these, BERT uses a
bidirectional Transformer encoder to characterize textual features. By using this approach, it is possible
to obtain dynamic vector representations at the token level, which improves the ability to represent
vectors and is widely used. Thus, RoBERTa uses a greater number of data points, larger batches, and a
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longer training period. By utilizing dynamic masking and removing next-sentence-prediction tasks,
better performance can be achieved in the representation of text.

2.2. Relation Extraction

Relation extraction’ refers to the extraction of semantic relationships between entities from a text
source, which is an important component of information extraction, as well as a core technology and a
major challenge in knowledge graph construction [17]. The goal of this project is to weave together a
variety of entities and concepts identified by named entities to form a knowledge graph [7].

Currently, research methods focus primarily on the extraction of relations between entities
appearing in a single sentence, aiming to extract relations between two entities in a single sentence
[4,12,19]. As a result, many relationships will exist between multiple sentences or even in different
chapters, and it is difficult to resolve the extraction problem using sentence-level relationship extraction
alone. One of the objectives of the recent research work has been to achieve document-level relation
extraction as well as to solve the problem of relation extraction across sentences. Using a structured
attention mechanism, Nan proposed a latent structure optimization model (LSR) to generate task-
specific dependency structures [18]. Non-local interactions between entities are captured by it. A
labeled edge G CNN model has been proposed by Sahu, which captures local and nonlocal
dependencies between sentences [24]. To solve the class imbalance problem of document relation
extraction, Tan proposed an adaptive local loss [25]. In Zhang, semantic segmentation tasks were
applied to the extraction of document relations, and the global dependencies between the triples were
captured [28].

Often, knowledge point relationship extraction in the education field is characterized by low co-
occurrence probabilities and cross text situations. The dependencies between different entities are
difficult to capture. To solve the problem of document-level relationship extraction in the education
field, we consider using a supervised text classification method. On the basis of domain expert
knowledge data, we employ a supervised text classification method. As a result, it achieved better
results when combined with the keyword entities derived by entity extraction to assist knowledge point
entities in the classification learning process as a result of the powerful long-text semantic classification
ability of Sentence Bert [22]. Finally, we are able to develop a better model for extracting
relationshipsineducation.

3. Method

At the specific implementation level, there are unique problems in the field of education. It is not
easy to achieve the optimal effect by simply using the pre-trained language model so that some points
can be further optimized. It mainly includes three aspects. One is optimization oriented at the specific
business level, such as integrating subject knowledge information into the pre-training model,
performing loss scaling on labels that are difficult to identify in textbooks, and studying the
optimization of label truncation problems. The second creatively proposes an extraction scheme that
integrates keyword knowledge graphs in the relation extraction task of knowledge points. The third is
deep learning training optimization, including data enhancement, FGM, and mixed precision training
[15,16].

3.1. Entity extraction

Our entity extraction model adopts the main model structure of RoBERTa-Pointer-Network. First,
each character in the input sentence is input into Roberta to obtain the feature vector representation of
each character. Then the obtained word vector is input into BiLSTM, and the bidirectional expression
of the text sequence containing context information is obtained through the input gate, the forget gate,
and the output gate. Finally, the output of the BILSTM layer is used as the input of the pointer network
layer. Each character’s label score in the sequence text is calculated and compared with the standard
label, and the optimal label sequence is obtained using the dynamic optimization algorithm. We
combine the practice in the field of education to make the following optimization plan.
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3.1.1. Incremental Pre-training

Incremental pre-training makes the model more suitable for downstream tasks during the pre-
training process by adding task-oriented data. The implementation ideas of incremental pre-training
can be roughly divided into data preparation, data processing, model import, training, Etc. In order to
improve the performance of the algorithm in downstream tasks, this paper adopts the method of the
masked language model. It uses the corpus of robotics to carry out incremental pre-training so that the
model can learn the knowledge of the subject domain in advance, which is more suitable for the data
of this paper and downstream tasks.

oramental Pre-training

BiLST™M
RoBERTs

Sicdng Window =

Lt B Onagner . 1 Cragen, O

 [US{Tobee Tekard =Py

Figure 1. The main architecture of the entity extraction model.

Many experiments have proved that whole word masking is better than random masking because
some masking in random masking is predicted based on lexical information, not based on the overall
semantics, and we prefer the model to learn semantic information. Therefore, we built a professional
vocabulary library in the field of education and used whole word masking for incremental pretraining.

Table 1. An example of the whole word masking.

Explanation Sample
EHINLE8 AKiBLA—E
sentence HNkFH REE
EITEEIADIR
S‘:gﬂéu MBBA Fkig LA —
Y E
participle () SN iR BEE WL B
5 YK
. [Mask] 28 ARiRLA—E
random [Mask]iF/] 1REEEHIT
masking [Mask|ZHA
EHEINBEARIRIA—EN
ggggnword [Mask] [Mask] [Mask|iZEEEEN
5 ISR

3.1.2. Focus Loss For education resources

Due to the label extraction process of education resources, some labels are easier to extract, while
others are more difficult to extract. For example, in teaching materials, the label of the chapter category
is easier to extract, while the labels of sections and subsections are more challenging to identify.
According to the difference in recognition difficulty, this paper designs a new type of loss function
Focus Loss For education resources(FLFer). It makes the model pay more attention to difficult-to-
classify samples during the training process, gives them higher weights, and reduces the impact of easy-
to-classify samples on the total loss. The formula is as follows:
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Among them, alpha is the loss of weight of each label. According to the difficulty of label learning,
we set different weights for different labels and calculate the probability corresponding to each
weighted label according to the Loss formula. This smoothly adjusts the weight ratio of easy-to-classify
samples, balances the weights of difficult-to-classify samples, and reduces the weight of easy-to-classify
samples. The model pays more attention to difficult-to-classify samples during training, and the more
difficult to learn "specific" labels, the more significant the contribution to the loss value. This loss
function can improve the practical effect of sections and subsections. See the ablation experiment
section.

3.1.3. Sliding Window

When extracting knowledge points from education resources, there is a problem in that some
labels cannot be extracted. Our analysis found that the data cut some entity nodes into two parts, and
no data containing complete entities was passed into the model.

Figure 2. Model structure for sliding window.

We use the sliding window method in which the window length exceeds the step size, and model
training is performed after data processing. The algorithm divides the original data set into a window
of 512 characters with a step size of 384 to ensure that all entity characters can be completely present in
the model input data. At the same time, it ensures a certain degree of semantic integrity and provides
more comprehensive information for the model.

3.2. Relation Extraction

3.2.1. Prerequisite relation Extraction Method

We extract the prerequisite relations of the keywords based on obtaining the keywords. In the
catalog of subject textbooks, the order of knowledge structure is defined as the title order of Chapter,
Section, and Subsection. When keyword A appears in the title, if key- word A appears in the body
of the subsequent title, and at the same time, the subsequent title also has the keyword B.
According to the rules, the keyword A is considered the pre-keyword of the keyword B.
According to this method, the front and rear maps of the key- words in the book can be obtained
and expressed in the form of triples (head,relation, tail).


https://doi.org/10.20944/preprints202310.1914.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 October 2023 doi:10.20944/preprints202310.1914.v1

3.2.2. Model Architecture

As illustrated in Figure 3, the model consists of three parts: Knowl- edge point encoding layers
(T-Encoder), prerequisite knowledge en- coding layers (K-Encoder), and classification layers. The
Knowledge point encoding model (T-Encoder) captures the lexical and syntactic information in the
knowledge point. The prerequisite knowledge en- coding model (K-Encoder) obtains the
prerequisite relations of key- words in different knowledge points. The K-Encoder and T-encoder
results are fused for classification in the final layer.

Given the dataset of knowledge point D, we randomly select two knowledge point P = {w1
,w2,w3,...,wn} and Q = {w1l,w2,w3,...,wn}. The sequence of keyword Kp = {k1, k2,k3,...,
ki }and Kq = {k1, k2, k3,..., kj }Jcan be extracted from P and Q by the keyword extraction
algorithm.

First, we encode the sentence-level contextual information for each knowledge point with T-
encoder. For knowledge point P={w1, w2, w3,...,wn}, the textual encode firstly sums the token
em- bedding, segment embedding, positional embedding for each token to compute its input
embedding, and the computs lexical and syntac- tic feature of knowledge point as follows:

SEP = T-encoder(w1,w2,w3,...,wn) (5)

Do the same with Q:
SEq = T-encoder(w1l,w2,w3,..., wm) (6)

Where T-encoder is a multi-layer bidirectional Transformer en- coder. As T-encoder is
identical to its implementation is RoBERTa and RoBERTa is prevalent, we exclude a
comprehensive description of this module and refer reader to [14] .

After encoding the knowledge point, our model adopts a knowl- edgeable encoder K-
Encoder to inject the knowledge information into the representation of knowledge
point.Given a sequence of key- words Kp = {k1, k2, k3,..., ki },we represent each keyword
ki as

eki = K-encoder(T) (7)

Where the K-encoder is based on the effective knowledge embed- ding model GCN. We train

the GCN model [8] based on the sets of prerequisite relation triplets (h,1,t), where h € Kp and

t € Kq . A relationshaopl €L (the set of relationships). So the sequence of Kp and Kq can be
represented as

EKp = {ek1,ek2,ek3, ,eki}(8)

EKq = {ek1,ek2,ek3, ,ekj}(9)
To better integrate the different information fo relationshape,we aggregates the
representation of knowledge point and the representa- tion of keyword. For knowledge point P
and Q, we can get the final the representation:

SKp= SEp+ EK» (10)

SKo= SEo+ EKq (1)
Then, we use a FENN with sigmoid function to calculate the probability of each relation:

I 1
SK,
SK,

Where W;, b. are the weight matrix and bias for the linear transformation.

(12)

P(rIP, Q) = sigmoid(W; +by)
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Figure 3. The main architecture of the relation extraction model.

3.3. Data Augmentation

Due to the high cost of manual annotation, the training datasetislimited. Under the labeled positive
sample data, we use the method of data augmentation to construct complex negative samples, enhance
the model ability, and reduce false recall. Each segment has labeled entity data after segmentation, and
the negative sample is constructed by entity replacement. One is to replace the entity words with
random words of equal length by randomly replacing tokens and constructing a negative sample
without entity labels. The second is to use other entity words to replace and replace the correct entity
words with other entity words in the label data to construct a negative sample that is difficult to
recognize.

Each positive sample data corresponds to two negative samples, significantly enhancing the
model’s semantic discrimination ability and reducing false recall.

3.4. FGM

In order to enhance the dynamic representation ability of the pretrained model for text word
embedding, this paper adds adversarial training in the process of word vector generation and model
weight parameter training. The process of adding anti-disturbance in the Embedding layer is as follows:

Let the input sequence be X = {x1, X2, X3, X4,..., X} , Where n is the sequence length of the input X.
Input the input sequence into the RoBERTa model. The model performs vectorized calculation
processing on the input X and inputs its word embedding calculation into the Transformer structure.
This paper uses confrontation training when the pre-trained model is used for Embedding calculation.
The formula is as follows:

radv=e-g/llg 12 (13)
g=VxL(0, x+radv, y) (14)

Where r.4,is the disturbance value, € is the hyperparameter to control the disturbance size,g is the
gradient of the solution, | Ig | | »is the second norm of g, L is the loss function, Ais the partial derivative
for L, y is the label, O is the model parameter. The generationofx; is centered on x;and bounded by the
L,norm. The calculation steps are as follows:

1. For each x, calculate the forward loss and backpropagation of x to obtain the gradient
Calculate 1.4 according to the gradient of the embedding matrix and add it to the current
embedding, which is equivalent to x + r.. to generate an adversarial sample

3. Calculate the forward loss of x + r, backpropagate to get the gradient of the confrontation, and add
it to the gradient of the first step

4. Restore embedding to the value in the first step

5. Update the parameters according to the gradient of the third step

The adversarial training can improve the model’s defense ability against the adversarial samples
and the generalization ability of the original samples. See the results of the ablation experiment.
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4. Experimental Data

There are no publicly labeled textbook datasets in the education field. Since the field of education
involves many subject areas, it is difficult to collect a total amount of data. We used the textbook data
of more than 30 courses under the "Robotics" major, such as "Robotics," "Robot Operating Systems,"
"Robot Programming and Application,” "Advanced Mathematics," Probability Theory and
Mathematical Statistics, Etc. After careful labeling by the teachers and students of the college, a high-
quality original data set was obtained. The data set includes more than 300 textbooks with 42,067,967
characters.

The original textbook data is in PDF format. We first convert the PDF format document into
pictures page by page according to the page number. Then the picture is processed by cutting the
header, and the header information on the top is removed to obtain a new picture. Finally, use the OCR
engine to convert the image into text and generate text format data for data labeling and algorithm
model training.

4.1. Label Definition

Text structure in the textbook can be reflected in the table of contents or the title of the main text.
For example, most textbooks have first-level, second-level, and third-level titles, that is, chapters,
sections, and subsections. Except for the table of contents and the beginning of textbooks, most
textbooks will start with "Chapter One" as the beginning of the text, and then "Section One" will often
appear according to the hierarchical structure. Below the first section level, there will be a "first
subsection.” For example, 1.1 and 1.1.1 usually represent the first section of the first chapter and the first
subsection under the first section of the first chapter.

Keywords refer to the inseparable entities related to the subject in the textbook’s text part of the
subsection, representing the smallest knowledge unit of a subject. Since subsections are composed of
text and contain a series of keywords, a set of keywords can characterize the characteristics of
subsections.

4.2. Ontology Construction

Constructing the ontology layer of the subject map is mainly to sort out concepts in the field of
education and define relationships, attributes, and related constraints. The core is the definition of
schema, which requires a deep understanding of domain business. Therefore, this part is currently
mainly sorted out by domain experts.

In the disciplinary knowledge graph in the field of education, the relationship between knowledge
points includes the following three types: The superordinate relationship refers to the parent-child
relationship, such as the containment relationship. In the textbook, chapters contain sections, sections
contain subsections, and subsections contain several keywords. The prerequisite relation is the
sequence of learning knowledge points, which can be used to plan and design the learning path in the
learning process. The similarity relationship is the similarity between knowledge points, and the
knowledge fusion of knowledge graphs can be carried out according to the similarity between
knowledge points.

4.3. Data Annotation

After performing OCR processing on the original PDF teaching materials, we obtain a large
amount of text. There was data cleaning performed,including line break removal, keyword
deduplication, sequence number removal, stop words removal, full-width and half-width
conversion, as well as English lowercase conversion.

Data labeling is performed by three labelers to ensure quality, and the following points should
be taken into consideration: First, the labeling of entities should avoid the problem of nested entities.
Efforts should be made to subdivide the labeling granularity as much as possible, and fine-grained
entities should be labeled with priority. Second, some entities appear frequently, similar to stop
words in general dictionaries. They may not be treated as entities in order to ensure that entities are


https://doi.org/10.20944/preprints202310.1914.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 30 October 2023 doi:10.20944/preprints202310.1914.v1

distinguished. Third, single Chinese characters may have different meanings when combined with
different words, so they must be verified by experts before they are used as entities.

5. Experimental Results Analysis

5.1. Knowledge Point Extraction

The knowledge points in the education resources include the first-level, second-level, and third-
level titles of the teaching materials. This article uses the experimental data set and the entity
extraction model to extract entities from knowledge points.

The NER ablation experiments are as follows. Based on the original model, we incorporated
incremental pre-training in the education field, optimized the loss function, and added a sliding
window to make the model more capable of learning the education field’s knowledge characteristics
and enhance the model’s generalization ability.

Table 2. Ontology Design of Educational Knowledge Graph.

Type Category Name Abbreviation Example
Entity  First-level knowledge point ~ Chapter CHP Chapter Four Sensors
Entity ~Second-level knowledge point  Section SET 4.1Classification of sensors
Entity = Third-level knowledge point Subsection SST 4.1.1Built-in sensors
Finest-grained knowled
Entity nes gral;sint nowledge KeyWord KEW Amount of displacement, Linearity
h F 4.1Classification of
Relation Hypernym relationship Contain COT <Chapter Four Sensors, 4. 1Classification o
Sensors >
Relation Prerequisite relationship Preprositon PPS <4.1Classification of sensors,5.2Vision
system >
Relation Similar relationship similarity SML <9-1Control technology,9.3 Feedback
Control>
Table 3. The details of education resources dataset.
Label Train Val Test
Chapter 35980 10280 5140
Section 33858 9674 4837
Subsection 22998 6571 3286
Keyword 313969 89541 44770
Prerequisite relation 171256 48930 24465

In order to reflect the advantages of adding modules to the method in this paper, six ablation
experiments are set up:

Ablation focus loss for education resources;
Ablation incremental pre-training;
Ablation sliding window;

Ablation data augmentation;

Ablation FGM;

Ablation mixed precision training;

SRR N
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Figure 4. The ablation experiment of KP extraction.

It can be seen that the algorithm model proposed in this paper is more effective than the
experimental ablation model on the knowledge point data set, with a maximum increase of 2.7%,
0.9%, and 0.81%, which proves the effectiveness of the algorithm module proposed in this paper. The
loss function optimization has achieved good results. The reason for the analysis is that the
characteristics of chapters are more pronounced than the other labels, which have general
significance and are easy to identify. However, the section and subsection data are long and scattered,
and different sections may have similar meanings, which are relatively difficult to identify. Therefore,
good results have been achieved using the loss function proposed in this paper.

5.2. Relation Extraction

The goal of subject knowledge map construction is the front and back maps of knowledge points,
and the front and back maps of knowledge points can be derived from the skeleton of keywords.
Specifically, it is assumed that there are knowledge points KP1 and KP2, the relationship between
KP1 and KP2, it can be obtained by incorporating the relationship between keywords.

Table 4. The details of the hyperparameters of the Textbook-Net.

Hyperparameters Textbook-NER Textbook-KP-RE
Training epoch 5 8
Batch size 32 32
Learning rate 5e-5 5e-5
Loss function FLFer Binary Cross Entropy Loss
achapter 0.8 /
asection 1.1 /
asubsection 1.2 /
Y 0.9 /
Max length 512 512
Dropout 0.1 0.15
Mixed Precision FP16&FP32 FP32

Keywords can represent knowledge points, and several keywords of the subject will appear in
the text of specific knowledge points. We serialize the keywords and obtain the keyword graph. The
keyword graph ontology structure is keyword A and keyword B and the prerequisite relation, which
can be obtained through prior rules. In the catalog of subject textbooks, the order of the knowledge
structure is defined, that is, the title order of chapters, sections, and subsections. When keyword A
appears in a certain knowledge point, if the keyword appears in the text of a subsequent knowledge
point, at the same time, keyword B also exists in the knowledge point, so keyword A is considered
the pre-keyword of keyword B.

We use this priority rule to get more than 5,000,000 triple groups of keywords. Then we fuse the
keyword graph with the extracted chapters, sections, and subsections and use the related model of
knowledge graph embedding to train the embedding of keywords. For example, we used the TransE
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[2]and GCN [8] models to train the relationship model between keywords and obtained the
embedding after integrating the relationship.

We compares the effect experiments of different depth models and text fields as semantic labels.
It verifies them on the expert annotation data set in robotics. We use the following knowledge graph
embedding model for experimental comparison:

We order the optimal ROBERTa+GCN model as the Textbook-KP-RE model, which is uniformly
used for semantic label comparison experiments. We use different corpora as semantic labels of
knowledge points for experimental comparison. Among them, the name represents the name text of
the knowledge point, the description represents the full description text of the subsection, and the
keyword represents the keyword text extracted from the description text.

The results of semantic label experiments show that using the domain-optimized extraction
model Textbook-KP-RE combined with knowledge point names and text keywords can achieve the
best results, which is higher than other commonly used relationship extraction models.

Table 5. The experimental results (%) of KP relation extraction.

T-Encoder K-Encoder Precision Recall F1 score
BiLSTM / 84.41 82.14 83.26
BiLSTM TransE 86.43 85.15 85.78

BERT-base-chinese / 89.53 88.89 89.2
BERT-base-chinese TransE 89.23 89.01 89.12
BERT-base-chinese GCN 91.32 91.1 91.2
ROBERTa-chinese / 90.2 90.34 90.27
ROBERTa-chinese TransE 92.58 91.89 92.23
ROBERTa-chinese GCN 92.68 92.01 92.34

Table 6. The experimental results (%) of semantic label.

Semantic Label Precision Recall F1 score
Description 84.17 82.22 83.18
KP-Nameé&Description 83.51 83.03 83.27
Keyword 89.44 91.19 90.31
KP-Name&Keyword 92.68 91.67 92.34

6. Conclusions

Aiming to solve the problems encountered in constructing the subject knowledge map, this
paper, guided by the characteristics of the subject knowledge points and by the need to construct the
subject knowledge map, investigated methods for knowledge extraction and relationship extraction
represented by "Robotics," and proposed a Textbook-NER model as well as a Textbook-KP-RE model.
According to the results of the experiments, the proposed method outperforms other models in terms
of extraction accuracy and performance. In summary, the following conclusions can be drawn:

The first is the ontology layer construction of the subject knowledge graph, by which the
conceptual architecture of the subject knowledge domain is defined. The second involves optimizing
the loss function of the Textbook-NER model, as well as using extensive training and improvement
programs. The third is that Textbook-KPRE model combines keyword extraction with relationship
extraction and uses keyword granularity to extract prerequisite relations.

This paper intended to promote the construction of subject knowledge maps and contribute to
subject development within the educational system. Thus, while we will continue to improve the
subject knowledge graph, we will also continue to develop upper-level applications such as
knowledge search, intelligent questions and answers, and intelligent recommendations based on the
subject knowledge graph. By providing reference and service value to schools, teachers, and students,
this will benefit the field of education in a number of ways.
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